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Abstract

Water Quality (WQ) modelling is important not just to the conservation of ecosystems,
but also to the welfare of modern human society. However, collecting enough high-quality
data to use for training WQ prediction models is difficult. Unlike hydrology, current WQ
collecting methods are constrained by cost, spatial coverage, and temporal sparsity.

This thesis explores using Domain Adaptation (DA) to overcome the data scarcity
problem. By treating the different WQ measuring locations as different domains, high-
resolution data from other locations can be used to better model a target location that has
sparse data. The chosen DA method is inspired by domain-invariant (DI) representation
learning. The model itself consists of (1) an f submodel representing the DI portion, and
(2) one g submodel per domain representing the domain-variant portion.

Within the context of this thesis, the main findings are as follows:

1. DA can be successfully applied in the context of WQ modeling

2. The optimal model sizes are different between the full DA method and just the
pretraining.

3. Using a station’s basin was not a good measure of similarity.

4. At a high number of domains, further increasing the number of domains did not
increase model performance.

5. Simply adding the outputs of f and g (i.e. f(x) + g(x)) did not perform as well as
passing the output of f through g (i.e. g(f(x))).

These findings support the effectiveness of using DA in WQ modelling as well as present
various considerations that affect the final performance. Furthermore, these findings are
relevant to not only this particular DA method but also to DA in general.
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Chapter 1

Introduction

1.1 Water Quality Modelling

WQ is defined as the physical, chemical, thermal, and biological properties of water [53].
For example, nitrogen concentration is considered a WQ parameter but the flow rate of
water is not. Studying WQ is an essential task in the conservation of bodies of water. Not
only is this important to the conservation of wildlife [18], but it also has a direct impact
on human society, through the public water supply [34], agriculture [32], fishery [63], and
manufacturing industry [58].

One notable area where studying WQ is important is eutrophication, the excessive plant
and algal growth due to the availability of various growth factors, notably nitrogen and
phosphorous [9]. Eutrophication causes great harm to the aquatic ecosystem by decreasing
the oxygen supply in the water. Annually, nitrogen and phosphorus pollution in freshwater
costs at least $2.4 billion in the U.S. alone [70]. Modelling WQ well allows people to
better understand ecologically harmful events such as eutrophication. With this knowledge,
scientists, politicians, and other relevant stakeholders can use these models to better predict
and prevent these events through well-informed decisions and policies.

However, modelling WQ is difficult partly because the processes behind its regulation
are complex. Using process-based models is especially difficult because the processes must
be sufficiently comprehensive and well-understood to be accurately modelled [75]. As a
result, processed-based models are currently computationally expensive, especially on large
spatio-temporal scales, and require parameter re-calibration even when the spatio-temporal
setting is varied slightly.
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An alternative to process-based models is Deep Learning (DL) models. Without re-
lying on feature engineering, these models can extract hidden relationships within data.
Currently, given equal computation power, these models achieve similar or even better per-
formance than purely process-based ones [75]. However, DL models require significantly
more data and do not address the issue of the differences among WQ measuring sites.

1.2 Data Scarcity

The high-quality data required to train DL models is not always available, which is a
significant issue in WQ modelling using DL [3]. Compared to hydrology, WQ measurements
are often lower resolution and the number of measurement sites is less since WQ-specialized
equipment is required [75]. In addition, not all stations measure WQ to a consistent
degree of comprehensiveness. To illustrate, 83% of global data for Total Suspended Solids
(TSS) (one of the most common WQ variables) comes from only 17% of all the sampled
rivers in the world, predominantly in North America. Newer sites will have made even
fewer measurements. Finally, some WQ variables are measured much more frequently
than others. For example, globally, there are more than 50% more data points for TSS
compared to the second most measured WQ variable Dissolved Oxygen (DO).

One approach to surmount the data scarcity challenge is to use DA to borrow data
from similar domains, in this case, other WQ measuring stations. The challenge of how to
incorporate the additional data effectively is explored in the next section, section 1.3.

1.3 Domain Adaptation

DA is the technique of training a model with source domain data to perform the same task
in a target domain. It is a subcategory of transfer learning. A model trained in the source
domain may have trouble when predicting in the target domain because of dataset shift.

Dataset shift refers to changes in the input-output joint distributions between different
datasets. Dataset shift can be divided into 3 components:

1. Covariate shift, where the distribution of X is different

2. Prior probability shift, where the distribution of Y is different

3. Concept drift, where the relation of X and Y is different
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Often, dataset shift refers to the difference between training and test datasets. However,
when the domain is explicitly changed, the effects of the drift become even more significant.
Consider the case of WQ. Not only will different sites have different climates, terrains,
biodiversities, etc., but the stations themselves could also capture different WQ parameters,
at differing frequencies, using various devices.

In modelling WQ, each WQ-measuring station is considered a single domain. The source
domains must be similar enough to the target domain or else learning domain-invariant
features can increase error [5]. However, the source domains should also be varied enough
so that as a whole, they capture most of the target domain’s characteristics. With multiple
source domains, the DA method also needs to balance the weighting of each domain and
extract the transferable correlations.

One framework for understanding DA is to divide the data distribution into two parts:
the domain-invariant part, which is the shared underlying behaviour of all domains of
interest, and the domain-variant part. In this thesis, the proposed DA model is composed
of (1) an invariant submodel f and (2) separate variant submodels g for each of the source
and target domains. To make a prediction for a domain, f and that domain’s g will be
used.

The model is first pretrained with the source domain data. Then, the pretrained in-
variant submodel and the target domain’s variant submodel are used when fine-tuning the
model in the target domain.

1.4 Gap and Thesis Objective

Although there are many studies on different DA techniques, there is a gap in empirical
studies focusing on specific configurations of a DA method. One such area is the sizes
between the different submodels within a model(e.g. feature extractor and classifier). The
optimal model sizes and what sizes lead to overfitting have not been deeply investigated.
Another area is the way different submodels are utilized. This area is concerned with the
relationship between the invariant and variant portions.

Furthermore, although there are some theoretical frameworks and empirical studies on
the choice of source domains, there is a limited number of studies concerning the choice
of source domains for WQ modelling. For example, the characteristics that make a set
of source stations desirable are unknown. After all, applying DA to WQ modelling with
limited data is a relatively new field.

3



In summary, this thesis investigates the use of an invariant-variant-based DA method to
improve the prediction of temporally sparse WQ data. Specifically, this thesis will address
the three gaps: the sizes of the submodels, the choice of source domains, and the way to
utilize the different submodels. To fully capture the effects of these three aspects, they are
investigated under varying temporal sparsities of data.
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Chapter 2

Literature Review

2.1 Water Quality

Different WQ parameters may be measured depending on the specific use case. When
studying eutrophication, nitrogen and phosphorous are measured since they are factors
that cause algae growth, and DO is measured to assess the degree of eutrophication [27].
When studying pollution, WQ parameters measured include various types of heavy metals,
petroleum compounds, organic compounds, biological toxins, fluoride, and chloride [50].

As opposed to hydrology, where technology has enabled high-frequency wide-area mea-
surements to be made with satellites and drones [38], only the fraction of WQ parameters
that affect water appearance can be measured through remote sensing [2]. These param-
eters include TSS, CDOM, and Chlorophyll-a. However, other parameters which are not
easily detectable are measured with sensors or through lab analysis of water samples. Tra-
ditionally, WQ is measured by collecting water samples according to a schedule, and then
sending them to a lab to be analyzed. However, this is expensive, labour-intensive [2],
and leads to a low temporal resolution [39]. Low-cost WQ sensors (normally costing under
US$200) only measure basic WQ parameters and suffer from durability and accuracy is-
sues [12]. Furthermore, many of these low-cost sensors lack information on their accuracy,
durability, and reliability for specific applications [12]. However, organizations cannot af-
ford more expensive ones for every body of water. This forces organizations to deal with
reduced spatial resolution for their WQ measurements.

Because of the lack of high-quality and affordable solutions to measure WQ, many WQ
datasets lack temporal resolution for many sites. For example, in a typical WQ dataset,
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such as the Provincial (Stream) Water Quality Monitoring Network (PWQMN) [45], typical
values for WQ data resolution range from once per year to once per month, depending on
the WQ feature and at what period of time the measurements were taken.

2.2 Water Quality Modeling

Statistical and process-based models have often been used for WQ modelling. Two well-
known ones are the LOADEST [55] and the WRTDS [24]. These are regression-based
programs that estimate various constituent loads using the time series of streamflow, initial
constituent concentration, and additional data variables.

However, because it is challenging to include all the relevant factors, DL has been often
used instead to capture the complex temporal trends. To handle the time-series nature of
the data, Long Short-Term Memory (LSTM)s [25] are ubiquitously used [56, 76, 28, 49,
68, 15].

The LSTM equations are defined as follows:

it = σ(Wiixt + bii +Whiht−1 + bhi),

ft = σ(Wifxt + bif +Whfht−1 + bhf ),

gt = tanh(Wigxt + big +Whght−1 + bhg),

ot = σ(Wioxt + bio +Whoht−1 + bho),

ct = ft ⊙ ct−1 + it ⊙ gt,

ht = ot ⊙ tanh(ct)

(2.1)

where

• xt is the input,

• ht is the hidden state,

• ct is the cell state,

• ft is the forget gate,

• it is the input gate,

• ot is the output gate,

6



• σ is the sigmoid activation function, and

• ⊙ is the hadamard product

Figure 2.1 depicts a visualization of the LSTM.

Figure 2.1: Depiction of an LSTM cell. At time t, the input xt is fed into the LSTM. The
previous hidden state ht−1 and previous cell state ct−1 are updated to ht and ct respectively.
ht is used as the LSTM output.

There are various metrics to measure the performance of a WQ model. Apart from
measuring the absolute error with Mean Squared Error (MSE), the two main metrics for
WQ models are Nash–Sutcliffe Efficiency (NSE) [41] and Kling–Gupta Efficiency (KGE)
[21].

The equation for NSE is

NSE = 1−
∑n

i=1 (ŷi − yi)
2∑n

i=1 (ȳi − yi)
2 (2.2)

where

7



• yt is the output and time t,

• n is the number of timesteps,

• ˆ means the variable is approximated

In essence, NSE is the mean normalized version of MSE. However, if the MSE is less
than σ, then the NSE would become negative. At one extreme, if the actual observations
are constant, then the NSE would become −∞ [23]. Furthermore, it is possible for the
model whose predictions are only off by a constant to perform worse than the mean of the
observed values.

An alternative to address these issues is KGE, whose equation is

KGE = 1−
√

(PCC − 1)2 + (α− 1)2 + (β − 1)2 (2.3a)

α =
µŷ

µy

(2.3b)

β =
σŷ

σy

(2.3c)

PCC =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(2.3d)

where

• x is the input,

• µ is the mean,

• σ is the standard deviation,

• ¯means the mean of the variable

KGE separates terms for the correlation, variability bias and mean bias.

Multiple WQ metrics are used because having good performance when using one metric
does not guarantee good performance with the other metrics [37].
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2.3 Domain Adaptation

There are several approaches to the DA problem. One approach is to use DI representation
learning. The source and target data are mapped into a common DI feature space and then
a submodel that operates in this space performs the desired task. By reducing the difference
in the distribution of the domains in this new latent feature space while optimizing for the
main task, the model finds what remains invariant between the domains.

Phung et al. provide a theoretical framework for learning DI representations with
multiple sources [47]. They suggest two types of representations: the general DI represen-
tation [5] and the compressed DI representation [33, 35]. The following notations are only
applicable within this section 2.3.

In their setting, they consider a multi-class classification problem where the goal is to
map x ∈ X to the correct class y ∈ Y where Y = [C] and C is the number of classes. The
mapping function of interest is f : X 7→ Y∆ where Y∆ := {α ∈ RC : ∥α∥1 = 1 ∧ α ≥= 0}.
Specifically, f(x) is a vector representing the probability of x corresponding to each class.
Next, let’s define a domain D := (P , f), where x ∼ P . In other words, each domain is
the pair of (1) the distribution of x and (2) the true mapping function that maps x to the
corresponding y. There are K source domains DS,i, 1 ≤ i ≤ K and one target domain DT .
Let’s define a mixture of source domains Dπ =

∑K
i=1 πiDS,i, where the mixing coefficient

is πi =
Ni∑K

j=1 Nj
. Essentially, this treats all the source domains as one big source domain.

Finally, let’s define L(f̂ , f,P) = L(f̂ ,D) := Ex∼P [ℓ(f̂(x), f(x))] where ℓ is a loss between
function between elements of Y∆.

The DA method of learning DI representations would then be to divide f into g : X 7→ Z
and h : Z 7→ Y where Z is the DI space. Let Dg = (Pg, h), where Pg is the distribution in
Z space after it has been mapped by g.

Now, for both general and compressed DI feature maps g∗, the quantity that is opti-
mized is the following:

min
g

min
ĥ

K∑
i=1

πiL(ĥ,DS,i
g ) (2.4)

However, PT
g∗ = Pπ

g∗ for general DI features and PS,1
g∗ = PS,2

g∗ = ...PS,K
g∗ for DI features.

Essentially, general DI features match the target and the mixture of source domain distri-
butions while compressed DI features match the distributions of each source domain.

Finally, if general and compressed DI representations are used, the upper bounds of the
loss are
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L
(
f̂ ,DT

)
≤

K∑
i=1

πiL(f̂ ,DS,i) + Lmax
i∈[K]

EPS,i

[
∥∆pi(y|x)∥1

]
+ L

√
2d1/2(PT

g ,Pπ
g ) (2.5a)

L
(
f̂ ,DT

)
≤

K∑
i=1

πiL(f̂ ,DS,i) + Lmax
i∈[K]

EPS,i

[
∥∆pi(y|x)∥1

]
+

K∑
i=1

K∑
j=1

L
√
2πj

K
d1/2(PS,j

g ,PS,i
g ) +

K∑
i=1

K∑
j=1

L
√
2πj

K
d1/2(PT

g ,PS,i
g ) (2.5b)

respectively, where D1/2(P1,P2) = 2
∫ (√

p1(x)−
√

p2(x)
)2

dx and d1/2 =
√
D1/2, ∆pi(y|x) :=[

|fT (x, y)− fS,i(x, y)|
]C
y=1

and L is a positive constant.

Importantly, there are three terms that determine the loss of classifying the target
domain data:

1. the representation discrepancy d1/2
(
PT

g ,Pπ
g

)
for general representations and∑K

i=1

∑K
j=1

L
√

2πj

K
d1/2(PS,j

g ,PS,i
g )+

∑K
i=1

∑K
j=1

L
√

2πj

K
d1/2(PT

g ,PS,i
g ) for compressed rep-

resentations,

2. the label shift, maxi∈[K] EPS,i [∥∆pi(y|x)∥1], and

3. the general source loss,
∑K

i=1 πiL(f̂ ,DS,i).

Label shift is harder to tackle because it is intrinsic to the domains, so the other two are
minimized.

Practically speaking, considering both types of DI representations, the training can be
done adversarially with the objective being the following:

min
g

(
min
ĥ

Lgen ++λs−smin
ĥs−s

Ls−s
disc + λs−tmin

ĥs−t
Ls−t

disc

)
(2.6)

where the λs represent the weighting between the two types of representation; ĥs−s and ĥs−t

are discriminators which differentiate the domains; ĥs−s differentiates among the source
domains while ĥs−t differentiates between the sources and the target domain.
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There are various domain adversarial similarity losses one could use to align different
distributions, essentially replacing the discriminators in the expression 2.6. These include
MMD [20, 77], CORAL [59, 60], confusion loss [16, 65], perplexity [72], and moment
distance [46]. Many of these DA techniques also use similar ideas, such as having a classifier
per domain and using their aggregate as the final result [46, 77, 72].

Without hand-crafted adversarial similarity losses, another way to perform DA is to
pair the main task with a secondary task. DRCNs use the task of reconstruction of target
domain data as the secondary task [19]. The reasoning is that DI features should have
enough information for a model to both reconstruct data from any domain and make useful
predictions. Other methods use a generative and a discriminative model. The generative
submodel uses source and target domain data to generate outputs in the DI space, and the
discriminative submodel attempts to discriminate between the domains [26, 8, 47, 17, 69].

2.4 Domain Adaptation for Water Quality Modeling

Applying DA to WQ modelling is a relatively new field. Wang et al. propose the M2M
framework [67]. They use MSE for regression and propose the DSD loss as the adversarial
similarity loss. Finally, after pretraining, they also fine-tune the model not just on the
target domain but also on stations within the same basin. They use these additional
stations to prevent the model from overfitting on the target domain while ensuring all the
stations have similar hydrological characteristics.
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Chapter 3

Methodology

On a high level, the experiments were designed to investigate ways of using high-resolution
source domain data to improve the modelling of a target domain that only has temporally
sparse data. In this thesis, WQ data was used and the different WQ stations were framed
as the various domains. Because all the WQ quality stations had high-resolution data, the
sparse target domain was simulated by artificially down-sampling the WQ data.

This thesis’ general DA method is depicted in figure 3.1. The prediction model consists
of a single invariant submodel f and one variant submodel g per domain. The model
prediction for a domain is the combination of the output of f and the output of that
particular domain’s g. To obtain the final model, the model is first pretrained with the
data from the low-sparsity domains. Then, during fine-tuning on the sparse target domain,
f is frozen and g is randomly initialized. Unlike strict DI representation learning, there is
no explicit regularization for domain differences in the feature space. This thesis focuses
on other aspects of the DA so unneeded independent variables were minimized.

This DA method explicitly splits the input-output relationship into its invariant and
variant parts. Practically speaking, this method reduces overall computation in two ways.
Firstly, the model does not need to be constantly retrained with all the source domains
every time there is a new target domain of interest. Secondly, for every new target domain,
only g is trained rather than the entire model.
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Figure 3.1: The general DA method. First, the f and multiple gsources are pretrained with
source domain data. With the frozen weights of f , gtarget is fine-tuned on the target domain
data.

3.1 Data

The dataset used was the Heidelberg Tributary Loading Program (HTLP) dataset [42].
It consists of 25 WQ measuring stations throughout Ohio and Michigan. Each station
provides 9 WQ parameters (TSS, Total Phosphorus (TP), Soluble Reactive Phosphorus
(SRP), Nitrite + Nitrate (NO23), Total Kjeldahl Nitrogen (TKN), Chloride (CL), Sulfate
(SO4), Total Silica (SI), Conductivity (COND)), flow rate (not a WQ parameter), as well as
the time the measurement was taken. The WQ data was supposedly gathered 3 times a day
using automatic water samplers and the samples were sent back to the National Center for
Water Quality Research (NCWQR) laboratories for analysis at weekly intervals. However,
though the collection method implies that the samples were evenly sampled, in reality,
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they are not. The unevenness in sampling is to the extent that some days have no samples
while others have four samples. The stations’ details are listed in table 3.1.

Station Name Basin Length (days) Data Availability
Average

Data Availability
STD among features

Lost Maumee 5761 0.89 0.013
Wolf Maumee 1903 0.74 0.03
Shallow Run Maumee 1695 0.72 0.04
Maumee Maumee 17645 0.74 0.199
Tiffin River Maumee 5775 0.62 0.013
Blanchard River Maumee 5776 0.91 0.07
S. Turkeyfoot Maumee 1954 0.83 0.035
Potato Run Maumee 1287 0.87 0.056
West Maumee 1946 0.82 0.034
Sandusky River Sandusky 17744 0.70 0.201
Rock Creek Sandusky 14826 0.82 0.203
Honey Creek Sandusky 17275 0.77 0.222
Scioto River @
Piketon

Scioto 587 0.61 0.004

Scioto River @
Chillicothe

Scioto 9793 0.75 0.004

Grand River N/A 6751 0.68 0.235
Vermillion River N/A 2850 0.94 0.005
Huron River Huron 1923 0.90 0.031
Muskingum Muskingum 10626 0.95 0.006
Chickasaw Chickasaw 5348 0.88 0.012
Raisin Raisin 15031 0.59 0.162
Portage Portage 4628 0.92 0.014
Beaver Beaver 3513 0.40 0.003
Coldwater Coldwater 4571 0.80 0.015
Great Miami Great Miami 9884 0.90 0.007
Cuyahoga Cuyahoga 15153 0.76 0.179

Table 3.1: Data availability for various rivers. Data availability is the fraction of days that
have at least one measurement. Only two stations exhibit a data availability below 0.7.

The data preparation consists of several steps. First, to ensure evenly temporally-spaced
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samples, the timestep size was set to be 1 day by taking the mean of the measurements
made that day. Next, to reduce skewness in the data, the non-temporal features were
transformed using equation 3.1:

v∗ = log10(
√
v −min(v) + 0.1) (3.1)

This transformation was inspired by other papers that used equation 3.2 to transform
streamflow and precipitation. In those papers, the authors used that equation because
they found that those variables exhibited gamma distributions and it hindered training.
[15, 76].

v∗ = log10(
√
v + 0.01) (3.2)

Reducing data skewness was necessary for the model to be trained well enough for the
experiments of this thesis to be conducted. The non-temporal features were then normal-
ized by subtracting the global mean and dividing by the global standard deviation. Here,
a global statistic means calculating the statistic of each feature separately but across all
(25) domains. Finally, missing data was imputed by linear interpolation (figure 3.2) and
an additional feature indicating whether it was linearly interpolated was added for each
existing non-temporal feature.
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(a) Original (b) Made Sparser

(c) Linearly Interpolated (d) Loss Calculation

Figure 3.2: Example of how sparsity is handled. The red dots are actual measurements;
the blue dots are imputed measurements; and the green dots are the model predictions.
3.2a is the original data, with 7 measurements in 15 days. In 3.2b, the data happens to
need to be made sparser, so 3 points are sampled. In 3.2c, the missing measurements are
linearly interpolated. Finally, when calculating the loss of the model in 3.2d, the loss is
only calculated on non-interpolated dates.

Regarding the model’s usage of time information, the date was embedded into 3 tempo-
ral features (equation 3.3). The first two, tsin and tcos, account for seasonality. The third
one, trelative is the measurement time relative to the global minimum and maximum times.

tsin = sin(2π
tday of year

365
)

tcos = cos(2π
tday of year

365
)

trelative =
t− tglobalmin

tglobalmax − tglobalmin

(3.3)

In total, the input has 23 features: 10 pairs of non-temporal features and 3 temporal
features.
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The time series data was split into samples of 128-day windows. For each window, the
first 64 days of WQ data and 128 days of flow data were used to predict the latter 64 days
of WQ data (figure 3.3 and 3.4). To simulate sparseness in other datsets, the target domain
WQ features were made sparser. However, when validating, the latter 64 days were not
made sparser to ensure there are as many measured data points as possible to validate the
model.

Figure 3.3: Visualization of how the time series data was split to obtain training samples.
Which parts are the input and output of the model as well as which parts are made sparser
are also illustrated.

3.2 Model Training

As shown in 3.4, both f and g consisted of two LSTMs. LSTMs were chosen as the model
architecture because as mentioned in section 2.2, they have been widely and successfully
used for WQ modelling.

The two size hyperparameters relevant to LSTMs are the hidden dimension and the
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Figure 3.4: General structure of f and g. The first LSTM was fed data from the first 64
days to update the hidden state of the second LSTM. Then the second LSTM was fed the
temporal and flow data to predict the next 64 days of WQ data.

number of hidden layers. The notation used is the following: fa,b gc,d, where a is the
hidden dimension of f , b is the number of layers of f , c is the hidden dimension of g, and
d is the number of layers of g. For example, f32,2 g8,1 means the 2 LSTMs used in f have
a hidden dimension of 32 and 2 hidden layers and the LSTMs in each g have a hidden
dimension of 8 and 1 hidden layer. In addition, any of the size parameters can be replaced
by an underscore (e.g. f_,2 g32,2) to indicate that that size parameter is varied.

During training, the loss was calculated between the true and predicted WQ features
only at the non-interpolated times so that the model does not try to fit imputed data. The
losses from each domain were added together and backpropagated in every training step.
Training was done until no new lowest validation loss was found within the following 30
epochs. MSE loss and the ADAM optimizer [29] were used. One batch contained 32 data
windows per domain. Finally, for every training configuration, three runs were performed,
each with different seeds to initialize the pseudo-random number generators. This was to
reduce uncertainty in the results and ensure replicability.
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3.3 Experimental Design

The three aspects of the DA method that were explored were model size, choice of source
domains, and method to combine f and g. To investigate these aspects separately, other
parameters were fixed to a default training method. The default model sizes are the
following 7:

1. f32,2 g8,2

2. f8,2 g8,2

3. f128,2 g8,2

4. f32,1 g8,2

5. f32,2 g32,2

6. f32,2 g128,2

7. f32,2 g8,1

Essentially, these sizes are f32,2 g8,2 but with one of the size hyperparameters changed.
During the target domain fitting, for every period of 64 days where the data was made
sparse, the tested number of measured points were 1, 3, 6, 12, and 25. Again, this reduced
number of measured data points does not apply to the second half of the validation win-
dows. As explained in section 2.1, a typical sparseness ranges from one measurement every
month to one measurement every year, so 1 data point every 64 days is a typical sparseness.
This range of sparsities can test the extent to which the proposed DA technique is still
useful. Furthermore, for all experiments, the performance of freezing and not freezing f
were compared with validation loss difference graphs. Not freezing f was used as a baseline
to assess the benefits of the DA method.

3.3.1 Model Size

Model size is hypothesized to affect the final model performance in several ways. Firstly,
in the pretraining, f needs to be just large enough to capture the true invariance. If f is
too small, it will only be a rough approximation of the true invariance. If f is too large, it
will capture unwanted correlations that only help in the prediction of the source domains.
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Secondly, the size of the model must also be appropriate for training in the target domain,
whose temporal sparsity and amount of data are less.

Four size hyperparameters were explored: the hidden dimension and the number of
layers for the f and g portions. While varying one of the hyperparameters, the others were
fixed to their default values. The hidden dimensions explored were 2, 4, 8, 16, 32, 64, and
128, and the number of hidden layers explored were 1, 2, and 4. For the other experiments
where size is not the central focus, models with only 1 or 2 layers, and 8, 32, or 128 hidden
dimensions were used.

3.3.2 Choice of Source Domains

A key question is what characteristics of a set of source domains are desirable for Multi-
source Domain Adaptation (MDA). One hypothesis is that domains whose distributions
are more "similar" to the target domain are better source domains. This hypothesis is
reasonable since if the source domains have no relation to the target domain, then the
label shift will be high and pretraining will be useless or even detrimental. However, if the
set of domains is not "diverse" enough, the model may learn an f that includes unwanted
correlations.

For this thesis, the idea of approximating similarity using the station’s basin was tested.
The rationale is that stations with the same basins would be affected by similar weather
patterns, geology, and hydrology, thus, the inter-parameter relationships within a station
will be similar to those of another. Wang et al. also uses the concept of using the stations
from the same basin, but for fine-tuning only [67].

Apart from similarity, another possibility is that just the raw number of domains.
Perhaps the origin is not important because the model will be able to precisely extract the
useful correlations if there are any.

Table 3.2 summarizes the sets of source domains that were tested. Figure 3.5 shows a
map of the 3 sets with multiple domains
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Domain Set
Name

Description Why the Set was
Chosen

Stations

Various 7 random sites Default set Maumee, Portage, Raisin, Rock
Creek, S. Turkeyfoot, Sandusky
River, Wolf

Maumee
Basin

All 8 sites from
Maumee Basin

Investigate using
many stations from
the same basin as the
target station

Maumee, S. Turkeyfoot, Blanchard
River, Potato Run, Shallow Run,
Wolf, Tiffin River, West

Pretrain 14 All 8 sites of
Maumee Basin
plus 6 random
sites

Investigate the effect
of further increasing
the number of source
domains

Chickasaw, Honey Creek, Maumee,
Raisin, Scioto River @ Chillicothe,
Potato Run, Muskingum, Beaver,
S. Turkeyfoot, Wolf, West, Tif-
fin River, Shallow Run, Blanchard
River

Just Maumee Just the Maumee
site

Test using a single
source from the same
basin as the target do-
main

Maumee

Just Cuya-
hoga

Just the Cuya-
hoga site

Test using a single
source from a different
basin as the target do-
main

Cuyahoga

Table 3.2: Experimented sets of source domains with their description, rationale, and
stations makeup.
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(a) Various (b) Maumee Basin

(c) Pretrain 14

Figure 3.5: Maps of the sets of source domains with multiple domains [42]. Shaded regions
are the different basins. For example, all stations from the Maumee Basin set (figure 3.5b)
come from the Maumee Basin, which is turquoise shaded.
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3.3.3 Method to Utilize f and g

The relationship between the invariant and variant is of interest. As mentioned previously,
the default method to utilize f and g is to feed the output of f into g (figure 3.6). This
method is commonly used in transfer learning. For example, in transfer learning for image
classification [62], after pretraining, only the top few layers of the model are retrained for
a new task, and the rest of the model is frozen.

Figure 3.6: The default method to utilize f and g. Data is fed into f and the output of f
is then fed into g.

The default method of utilizing f and g may not be optimal or necessary. Another
method is first to feed the data into f and g, then sum the results to obtain the WQ
prediction (figure 3.7). Although it is simpler and requires less computation, it may not
be flexible enough because it assumes the relationship between the invariant and variant
is additive.
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Figure 3.7: The alternative method to utilize f and g. Data is fed into each portion
separately and the outputs are added together to obtain the prediction of the model.
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Chapter 4

Results and Analysis

4.1 Validity of the DA Method

The validity of the DA method was first verified. The default DA method was compared to
not pretraining. Specifically, in one case, the model was trained with only the temporally
sparse data of the target domain. In the other case, the model was trained with both the
data of the target and source domains. As shown in figure 4.1, the default method is always
better at all temporal sparsities up to 25 measurements for 64 days. This observation also
holds with any equivalent model sizes (figure B.1 in appendix B). Figure 4.2 plots the three
models’ outputs for one of the WQ features (TSS). From the graph, the default method
does indeed fit the actual WQ data better.
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Figure 4.1: Comparing the validation loss of the default DA method versus both no pre-
training baselines, at various sparsities, for the default model size of f32,2 g8,2.
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(a) Default (b) No Pretraining, Target Domain Only

(c) No Pretraining, Target Domain Only

Figure 4.2: Sample WQ predictions from a random validation sample. Figure 4.2a is for
the default DA method, figure 4.2b is for training only with target domain data, and figure
4.2c is for training with source and target domain data. The y-axis is the true TSS values,
obtained by reversing the data processing transformations on the model outputs. The
x-axis shows the timesteps in this particular window’s latter 64 days. The model size was
f32,2 g8,2 and the number of measured timesteps in the first 64 days is 3.

4.2 Effect of Decreasing Temporal Sparsity

In general, not just in terms of DA, the validation loss was expected to monotonically
decrease as the temporal sparsity of WQ data decreased. This was expected because the

27



model will have more measured WQ data points not just for the input but also for the
measured target values. However, in almost all cases (figure 4.1, 4.6, 4.9, 4.11, 4.13)
that depict validation loss as temporal sparsity decreases, the validation loss does not
monotonically decrease. Instead, as the temporal sparsity decreased, there were three
stages to the loss’ behaviour. First, the loss decreased as expected. Then, it increased. In
the final stage, the loss’ behaviour was different among runs. This phenomenon occurred
no matter the size of the model, the set of source domains used, and whether the model
was pretrained or not.

Furthermore, this occurred even if the target domain was switched to Maumee station
and the model was not pretrained (figure 4.3a). This eliminates the possibility of pretrain-
ing or the lack of data being reasons for the phenomenon. The only case where this effect
was not present occurred when the training and validation set were not separated tempo-
rally (figure 4.3b). This suggests that increasing temporal sparsity decreases the model’s
ability to fit the training data but not necessarily its ability to generalize to other validation
examples that are separated temporally. Therefore, when analyzing the results, the model
cannot necessarily be assumed to perform better if temporal sparsity is decreased. The
fact that reducing temporal sparsity does not necessarily decrease validation loss must be
taken into account when performing analysis of the results.

(a) (b)

Figure 4.3: Figure 4.3a depicts the validation loss of a model trained on Maumee. Figure
4.3b depicts the validation loss when training and validation data were mixed temporally.
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Figure 4.4: Scaled pretraining validation loss (color) with respect to number of parameters
of f and g. The validation losses were divided by the maximum validation loss of all the
runs.

4.3 Model Sizes

4.3.1 Source Domain Pretraining

The pretraining validation loss with respect to model size was explored to see if it helps
predict the model’s performance in the target domain. The first figure, figure 4.4, plots
the validation losses with respect to the number of parameters of f and of g. The only
conclusion that can be drawn is that the model won’t fit well if g is too small.

The next figure, figure 4.5, visualizes the variation of the size parameters separately.
These graphs indicate that there are optimal values for the size parameters. For f , 16 or
32 hidden dimensions and 2 layers resulted in the lowest validation loss. For g, it was 32
hidden dimensions and 1 layer.
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(a) f_,2 g8,2 (b) f32,_ g8,2

(c) f32,2 g_,2 (d) f32,2 g8,_

Figure 4.5: Source domain validation loss of models where only one of the size parameters
was varied at a time.

4.3.2 Target Domain Fine-tuning

Figure 4.6 depicts the validation loss in the target domain when varying each size parame-
ter. For the most part, the relative performance between the different sizes did not change
as temporal sparsity varied. For f and g, using 8 and 128 hidden dimensions performed
the best respectively. For both f and g, using one layer performed the best.
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Model Size Paramater Source Domain Pretraining Target Domain Fine-tuning
f hidden dimension 16 or 32 8
f number of layers 2 1
g hidden dimension 32 128
g number of layers 1 1

Table 4.1: Optimal model size parameters between source domain pretraining and target
domain fine-tuning. Compared to the pretraining, the optimal f for the fine-tuning was
smaller and the g hidden dimension was larger

The optimal sizes for the pretraining were different from the ones for the target domain
(table 4.1). Specifically, the optimal model had a comparatively smaller f and a larger
hidden dimension for g. This means that when f has a smaller capacity and captures fewer
correlations, the model performs better when fitting the target domain. This suggests that
source domains have correlations among themselves that are not shared with the target
domain. When f is larger, e.g. f32,2, it captured correlations that existed only among the
source domains. If so, that would explain why a hidden dimension for g would perform
better. g’s extra capacity would allow the model to offset the wrong f by training on the
sparse target domain data.
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(a) f_, 2 g8,2 (b) f32, _ g8,2

(c) f32, 2 g_,2 (d) f32, 2 g8,_

Figure 4.6: Validation loss of various sizes of models at different sparsities. The results of
3 runs with different seeds were averaged and the envelope represents the maximum and
minimum validation loss. Figure 4.6a and 4.6c only show a portion of the model sizes for
readability. See B.2 in appendix B for full graphs.

Figure 4.7 shows the difference in validation loss between freezing and not freezing f .
Firstly, all runs except for f32,2 g128,2 and f2,2 g8,2 have negative differences, meaning
freezing is indeed better in most cases. Note that this also includes the runs where the
number of layers was varied (figure B.2 in appendix B).

From figure 4.7a, models with a hidden dimension greater than 4 all have lower valida-
tion loss differences than those without. This indicates that at small hidden dimensions for
f , increasing the hidden dimension increases the efficacy of the DA method. Figure 4.7b
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shows that a higher hidden dimension for g resulted in a larger validation loss difference.
This further supports the claim that models with a larger hidden dimension for g perform
better due to g’s capability to fit the target domain better rather than the model learning
a better f .

(a) f_, 2 g8,2 (b) f32, 2 g_,2

Figure 4.7: Validation loss difference between freezing and not freezing f for various sizes
of hidden dimensions at different sparsities. The results of 3 runs with different seeds were
averaged and the envelope represents the maximum and minimum validation loss.

4.4 Choice of Source Domains

4.4.1 Source Domain Pretraining

Similar to section 4.3, the pretraining losses are investigated first to see if there are any
connections to the final model’s performances. The details of the experimented sets are
listed in table 3.2. As a reminder, Just Cuyahoga and Just Maumee are sets with only a
single source domain. These sets are meant to investigate the effects of severely reducing
the number of source domains. Between the two sets, Just Maumee’s station shares the
same basin as the target station while Just Cuyahoga’s does not. Various, Maumee Basin,
and Pretrain 14 are sets with 7, 8, and 14 source domains respectively. The Maumee Basin
set is meant to investigate the effect of using multiple stations that all belong to the same
basin as the target station. Pretrain 14 is meant to investigate having additional source
domains without worrying about their relations to the target domain.
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Figure 4.8 shows the validation losses from pretraining on various sets of domains. The
set of source domains is the significant factor in determining pretraining validation loss; for
the same model size, the set of source domains ordered by their validation loss from least
to greatest is always Just Cuyahoga, Just Maumee, Various, Pretrain 14, and Maumee
Basin.

Interestingly, Maumee Basin has a much higher validation loss than Various even though
it has just one more domain. As well, Just Maumee has a similar validation loss to Various
even though it only has one domain. Therefore, the number of domains cannot solely be
used as a predictor of how low the pretraining loss will be.

The validation loss also varies with size. For the models pretrained on Maumee Basin,
the validation loss varies much more with size than the other sets of source domains.
Validation loss does not vary with size the same way for different sets of source domains.
For example, when comparing f128,2 g8,2 to f32,2 g8,2, the validation loss increased for
Maumee Basin while it decreased for Pretrain 14.
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Figure 4.8: Pretraining losses for various sets of source domains and various model sizes.
Error bars show the minimum and maximum validation loss of the three differently seeded
runs.

4.4.2 Target Domain Fine-tuning

Next, the target domain fine-tuning was done. Figure 4.9 depicts the validation loss us-
ing models pretrained on sets with multiple domains (Various, Pretrain 14, and Maumee
Basin). Overall, for the sets with seven or more source domains, the models all perform
similarly and their relative performances with each other are not consistent. This suggests
that the number of domains and their similarity (basin of station) do not influence the
performance when there are seven or more source domains. Furthermore, concerning the
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choice of source domains, there is no connection between the model’s source domain fitting
loss and the model’s performance in the target domain.

(a) f32,2 g8,2 (b) f32,2 g8,1

(c) f128,2 g,2 (d) f32,2 g128,2

Figure 4.9: Validation loss of sets with multiple source domains, for various sizes of models,
and at different sparsities. The results of 3 runs with different seeds were averaged and the
envelope represents the maximum and minimum validation loss.

The same conclusion is drawn from the loss difference graphs (figure 4.10). Their loss
differences are similar and their relative rankings of their loss differences are inconsistent.
However, at the very least, the DA method remains effective since all runs except for f32,2
g128,2 have negative loss differences.
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(a) f32,2 g8,2 (b) f32,2 g8,1

(c) f128,2 g,2 (d) f32,2 g128,2

Figure 4.10: Validation loss difference between freezing and not freezing f of sets with a
multiple of source domains, for various sizes of models, and at different sparsities. The
results of 3 runs with different seeds were averaged and the envelope represents the maxi-
mum and minimum validation loss.

Figure 4.11 depicts the validation loss of f32,2 g8,2 when the number of pretrained
domains in a set is reduced to 1. As expected, the two sets with a single source domain
performed poorly compared to Various. This was also true for all other model sizes. This
suggests that either (1) a minimum number of distinct source domains is needed or, (2) a
sufficient diversity within the source domains is crucial.

One strange observation is that in almost all runs, Just Cuyahoga was better than Just
Maumee. This is surprising because the Maumee and Lost stations belong to the same
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basin, while the Cuyahoga station lies far away from both stations. Thus, the Maumee
station was expected to be more similar to the Lost station, and pretraining on the Maumee
station data was expected to result in a lower validation loss. Furthermore, as listed in
table 3.1, the two stations are very similar in terms of data quantity and availability; the
Maumee station has a little more data (17645 to 15153) but its data availability is slightly
less (0.74 to 0.76) and the variation in data availability among different features is slightly
more (0.199 to 0.179).

The straightforward explanation is that geographical distance and the stations’ basins
are not a good measure of similarity in this application. More broadly speaking, another
possibility is that there is another characteristic more significant than similarity in these
scenarios that determines the quality of a set of source domains.

Figure 4.11: Validation loss (1) of the Various, Just Maumee, and Just Cuyahoga sets, (2)
for f32,2, g8,2, and (3) at different sparsities. The results of 3 runs with different seeds
were averaged and the envelope represents the maximum and minimum validation loss.

When looking at the validation loss difference (figure 4.12), Various has a lower loss
difference than the sets with a single source domain. Furthermore, there were only two
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cases where models using a single source domain had negative validation loss differences:
when the hidden dimension of f is 128 and when the number of layers of f is 1 (figure
B.7 in appendix B). In conclusion, it is necessary to have a minimum number of source
domains for the DA method to be beneficial.

Figure 4.12: Validation loss difference between freezing and not freezing f (1) of the
Various, Just Maumee, and Just Cuyahoga sets (2) for various sizes of models, and (3)
at different sparsities. The results of 3 runs with different seeds were averaged and the
envelope represents the maximum and minimum validation loss.

4.5 Method to Utilize f and g

In figure 4.13, adding the outputs of f and g is compared to the default method of feeding
the input through f and then feeding the output through g (see figures 3.6 and 3.7). In
all cases, the default method of combining f and g has a lower validation loss.
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Figure 4.13: The validation loss of adding the outputs of f and g is compared to the
default method. The graph displays the validation loss for f32,2 g8,1, at various sparsities.
The results of 3 runs with different seeds were averaged and the envelope represents the
maximum and minimum validation loss.

Furthermore, from figure 4.14, when adding the outputs of f and g, it is better not to
freeze the model in all cases except f32,2 g128,2, indicating that the f learned from the
pretraining is not good. From figure 4.15b, for adding the outputs of f and g, increasing
the hidden dimension of g actually decreases the validation loss difference. This indicates
that the relationship between the model size and performance is different between the two
f and g utilization methods. Specifically, the hidden dimension of g where the DA method
is most effective may be greater than 128.

In conclusion, in all tested cases, adding the outputs of f and g does not lead to a
better model performance when compared to the default method. Furthermore, when the
model adds the outputs of f and g, except for the case of f32,2 g128,2, the DA method is
ineffective.
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Figure 4.14: The validation loss of adding the outputs of f and g is compared to the default
method. The model size shown is f32,2 g8,1. This size is representative of the other sizes.
The results of 3 runs with different seeds were averaged and the envelope represents the
maximum and minimum validation loss.
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(a) (b)

Figure 4.15: The case where adding the outputs of f and g achieved negative validation
loss difference. For figure 4.15a, the model size is f32,2 g128,2. The results of 3 runs with
different seeds were averaged and the envelope represents the maximum and minimum
validation loss. For figure 4.15b, the hidden dimension of g is varied and only the average
of 3 runs is shown.

4.6 Evaluation Under Different Metrics

To find the true performance of the trained models, the NSE and KGE are calculated for
the experiments performed in 4.3 for model sizes (figure 4.16 and 4.17). Note that model
predictions have been transformed back to their actual measurements before the metrics
are calculated. Overall, the metrics agree with the validation loss in terms of which models
perform better. The optimal hidden dimensions for f and g are still 8 and 128 respectively.
The optimal number of layers for f and g are still both 1. However, the NSE and KGE are
low. For NSE, the negative scores indicate that the models’ performances averaged across
the different features are worse than using the average value of a window.

NSE Interpretation
>0.75 Well
0.36-0.75 Satisfying
<0.36 Less Satisfying

KGE Interpretation
>0.75 Good
0.5-0.75 Intermediate
<0.5 Poor

Table 4.2: Interpretation of typical NSE values (left) [14] and KGE values (right) [40] for
hydrological models.
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(a) f_, 2 g8,2 (b) f32, _ g8,2

(c) f32, 2 g_,2 (d) f32, 2 g8,_

Figure 4.16: NSE of different-sized models at differing sparsities. The values represent the
mean validation loss of the three runs with seeds and the envelope represents the maximum
and minimum validation loss.
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(a) f_, 2 g8,2 (b) f32, _ g8,2

(c) f32, 2 g_,2 (d) f32, 2 g8,_

Figure 4.17: KGE of different-sized models at differing sparsities. The value represents the
mean validation loss of the three runs with different seeds and the envelope represents the
maximum and minimum validation loss.

However, there is a large variation in metric scores among the different features. The
maximum NSEs for five of the features (TSS, TP, SRP, TKN, and SO4) were "satisfying"
and the maximum KGEs for three of the features (TP, TKN, and SO4) were intermediate
(table 4.3). For these features, the model fit the target domain fairly well. On the other
hand, the feature that consistently had the worst metric score was COND.
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Feature Mean NSE Min NSE Max NSE Mean KGE Min KGE Max KGE
[TSS] 0.080 -3.037 0.460 0.298 -0.084 0.471
[TP] 0.536 0.307 0.645 0.593 0.461 0.657
[SRP] 0.244 -0.023 0.379 0.389 0.266 0.468
[NO23] -1.440 -2.751 -0.617 0.030 -0.235 0.232
[TKN] 0.135 -0.763 0.390 0.529 0.341 0.602
[CL] -0.493 -1.463 -0.061 0.204 -0.165 0.374
[SO4] -0.024 -0.908 0.391 0.560 0.343 0.678
[SI] -0.701 -1.673 -0.077 0.253 -0.327 0.498
[COND] -4.560 -8.168 -2.606 -0.410 -0.735 -0.170

Table 4.3: The mean, minimum, and maximum NSE and KGE for each WQ feature over
all sparsities and pretrained on the Various set.
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Chapter 5

Discussion and Future Work

5.1 Experiments

5.1.1 Quality of Experiments

Out of all WQ features, only 3-4 were modelled to a decent extent. In addition, the model’s
performance for COND was especially poor, when measured by both its NSE and KGE
values.

However, there are several aspects to consider regarding the general performance of
the models. First, all WQ features were weighed equally during optimization. In other
words, the WQ features were prioritized equally. However, if there is only a single WQ
feature of interest, then it should be solely optimized, or at least heavily prioritized. In the
experiments, the overall relative performances of the models under different configurations
were the main interest, and so the specific WQ feature characteristics, especially their
relation to flow, were not explored. However, a more detailed analysis could be conducted
on each model’s performance on each WQ feature to ensure none of the models are skewing
their predictions to a single WQ feature.

Secondly, although there have been past models built for this geographical area that
deal with similar WQ features [54], there are none that operate with a daily timestep and
deal with a reduced number of measurements, and so there are no perfect benchmarks for
the obtained metric values. Future work into developing sparsity-focused models would be
useful for benchmarking.
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To ensure the certainty of the findings, all experiments were initialized with 3 different
seeds to reduce the effect of randomness from parameter initialization. The findings from
the investigation on model size are credible; the relative performance between the models
of different sizes did not vary that much with different seeds or sparsities. The result
regarding the method of utilizing f and g is also quite definite as the default method
always performed better than the addition method in nearly all cases. In contrast to
the first two areas that were explored, the results from the investigation of the choice of
domains were more inconclusive and chaotic than expected. Further cross-validation or
different seeds could be used, as well as a more comprehensive and specific definition of
similarity (see the next section 5.1.2).

Outside of the three main areas explored, one significant finding is the fact that de-
creasing temporal sparsity did not always decrease validation loss. Although the temporal
difference between the training and validation set explains this phenomenon, a more in-
depth investigation should be conducted to quantify its effect.

5.1.2 Main Findings

Overall, the DA method was successful. When compared to not pretraining, the default
method was always better. When compared to not freezing f , the default method was
better in the majority of relevant cases.

Ultimately, all three investigated areas—the size of f and g, the composition of the
source domains, and the method used to combine f and g—significantly impacted the
model’s performance.

The optimal sizes for f and g were found to depend on both the source and target
domain, leading to different optimal sizes during pretraining and training. Specifically,
when fitting in the target domain compared to the source domains, the optimal size for f
was smaller and the hidden dimension of g was larger. However, in those experiments, the
size of g was not changed between the pretraining and target domain fine-tuning, meaning
the optimal g size was constrained to work well with both the source and target domains.
To get at understand in more detail the effects of model size, the size of g can be allowed
between pretraining and fine-tuning.

Only the number of source domains was found to affect the model performance. Specif-
ically, there is a minimum number of source domains needed for the DA method to do
well. Domain similarity on the other hand was not found to improve model performance,
especially in the single source domain case. However, it is not clear whether this finding is
due to the effect of similarity being too insignificant or whether the basin of stations can
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be used as a measure of domain similarity. Using a dataset with stations located geograph-
ically further apart can help resolve this uncertainty. When using a single source domain,
if using source stations that are closer to the target results in better performance, then the
effect of similarity in this thesis’ experiments was too insignificant but using the station’s
basin as a measure of similarity is still valid. Similarity metrics based on simple statistics of
the data or the static features of the sites could be used. However, in the end, it still must
be evaluated by how well it correlates with the performance of a DA method. Outside of
the analysis of WQ features, incorporating other available static and geographical features
could help develop a more complete notion of similarity from a physical standpoint.

Finally, using the default method to combine f and g performed better than simply
adding the outputs of f and g. However, this does not confirm whether the default method
is optimal or necessary. The order of f and g in the default method can be explored.
Another method of combining f and g is to feed both the input data, concatenate their
outputs, and feed that into f2 to obtain WQ predictions (figure 5.1). f2, like f , is jointly
trained during pretraining and frozen in the target domain fine-tuning.

5.2 Broader Context

Although this DA method was applied in the context of WQ modelling, it is a very general
framework. As long as there are source and target domains and there is a need to improve
target domain predictions, this DA method is applicable. In this thesis, temporal sparsity
was chosen as the "quality" measure of interest but spatial resolution (e.g. density of
stations in an area), noise (e.g. less accurate sensor readings), and quantity of the data
could also be measures of "quality".

Regarding choosing LSTMs as the model architecture of choice, changing it to most
other types of DL architecture (e.g. Convolutional Neural Network (CNN)s, transformers,
Structured State Space Sequence Model (S4)s) should be fine as long as the architecture
can be divided into layers. Otherwise, a new method to combine f and g may be required.
Finding an effective method of combination is important as shown from the experiments,
where simply adding the results together underperforms compared to the default.
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Figure 5.1: An alternative method to utilize f and g. Like the addition. Like the adding
method, the input is fed into both f and g. However, the two outputs are concatenated
and fed into an f2 to obtain the final WQ prediction.
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Chapter 6

Conclusion

This thesis investigated the use of an invariant-variant based DA method to better pre-
dict sparse WQ data by using source domains with WQ data that is less sparse. The 3
aspects that were investigated were model sizes, source domain composition, and method
to combine f and g.

From investigating the size of the model, the optimal size is dependent on not only the
source and target domains but also the relation between the domains. Specifically, the size
of f needs to be adjusted depending on how much of the invariant can be transferred from
the source domains to the target domain.

From investigating the choice of source domains, similarity as measured by the station’s
basin was not a significant factor in the final model performance. Rather, the number of
source domains was the significant factor. However, once that number exceeded a certain
threshold, further increasing the number of source domains or changing the similarity of
the source domains did not affect performance.

Finally, the default method of combining f and g (feeding the output of f to g) per-
formed significantly better than just adding the outputs of f and g. This confirms the
relation of f and g is more than an addition in the tested scenarios.

These findings serve as guidelines for applying other similar DA techniques, particularly
those that use submodels to capture the invariant and variant parts of the joint distribution.
As well, this thesis encourages further investigations into addressing the data scarcity issue
in WQ modelling by framing the problem as a DA problem.
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Appendix A

Extra Information on Water Quality
Data

A.1 Pearson Correlation Coefficient between Flow and
the Other Water Quality Paramters
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Appendix B

Extra Plots

B.1 Validity of the DA Method

(a) f32,2 g8,2 (b) f8,2 g8,2
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(c) f128,2 g8,2 (d) f32,1 g8,2

(e) f32,2 g32,2 (f) f32,2 g128,2

(g) f32,2 g8,1

Figure B.1: Comparing the validation loss of the default DA method versus no pretraining
(Baseline), at various sparsities and model size.
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B.2 Model Size

(a) f_, 2 g8,2 (b) f32, _ g8,2

(c) f32, 2 g_,2 (d) f32, 2 g8,_

Figure B.2: Validation loss of various sizes of models at different resolutions. The result of
3 runs with different seeds were averaged and the envelope represents the maximum and
minimum validation loss.
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(a) f_, 2 g8,2 (b) f32, _ g8,2

(c) f32, 2 g_,2 (d) f32, 2 g8,_

Figure B.3: Validation loss difference between freezing and not freezing f at different
resolutions. The result of 3 runs with different seeds were averaged and the envelope
represents the maximum and minimum validation loss.
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B.3 Choice of Source Domains

B.3.1 Investigating Sets With Multiple Domains

(a) f32,2 g8,2 (b) f8,2 g8,2

(c) f128,2 g8,2 (d) f32,1 g8,2
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(e) f32,2 g32,2 (f) f32,2 g128,2

(g) f32,2 g8,1

Figure B.4: Validation loss of sets with multiple source domains, for all the various sizes of
models, and at different resolutions. The result of 3 runs with different seeds were averaged
and the envelope represents the maximum and minimum validation loss.
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(a) f32,2 g8,2 (b) f8,2 g8,2

(c) f128,2 g8,2 (d) f32,1 g8,2

(e) f32,2 g32,2 (f) f32,2 g128,2
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(g) f32,2 g8,1

Figure B.5: Validation loss difference of sets with multiple source domains, for all the tested
sizes of models, and at different resolutions. The result of 3 runs with different seeds were
averaged and the envelope represents the maximum and minimum validation loss.
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B.3.2 Investigating Sets With a Single Domain

(a) f32,2 g8,2 (b) f8,2 g8,2

(c) f128,2 g8,2 (d) f32,1 g8,2

(e) f32,2 g32,2 (f) f32,2 g128,2
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(g) f32,2 g8,1

Figure B.6: Validation loss of sets with multiple source domains, for all the various sizes of
models, and at different resolutions. The result of 3 runs with different seeds were averaged
and the envelope represents the maximum and minimum validation loss.
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(a) f32,2 g8,2 (b) f8,2 g8,2

(c) f128,2 g8,2 (d) f32,1 g8,2

(e) f32,2 g32,2 (f) f32,2 g128,2
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(g) f32,2 g8,1

Figure B.7: Validation loss difference of sets with multiple source domains, for all the tested
sizes of models, and at different resolutions. The result of 3 runs with different seeds were
averaged and the envelope represents the maximum and minimum validation loss.
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B.4 Method to Utilize f and g

(a) f32,2 g8,2 (b) f8,2 g8,2

(c) f128,2 g8,2 (d) f32,1 g8,2

(e) f32,2 g32,2 (f) f32,2 g128,2
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(g) f32,2 g8,1

Figure B.8: Validation loss between the two methods of utilizing f and g, for all the tested
sizes of models, and at different numbers of measured timestamps. The result of 3 runs
with different seeds were averaged and the envelope represents the maximum and minimum
validation loss.
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(a) f32,2 g8,2 (b) f8,2 g8,2

(c) f128,2 g8,2 (d) f32,1 g8,2

(e) f32,2 g32,2 (f) f32,2 g128,2
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(g) f32,2 g8,1

Figure B.9: Validation loss difference between the two methods of utilizing f and g, or all
the tested sizes of models, and at different numbers of measured timestamps. The result
of 3 runs with different seeds were averaged and the envelope represents the maximum and
minimum validation loss.
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