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As climate change leads to increasingly unpredictable flow rates associated with floods, 

droughts, and dam mismanagement, accurate streamflow forecasting is a critical endeavor within 

the field of hydrology. With advances in technology, machine learning (ML), and data 

collection, the future of hydrologic research will likely involve maximizing information 

extraction from complex observations and data collected throughout our environmental systems 

to improve forecasting ability of complex environmental variables. Forecasting these variables 

often requires extensive datasets and significant computation. This thesis aims to overcome these 

restrictions by applying two promising ML approaches to forecast streamflow using only 

previously recorded streamflow values. Variational mode decomposition, a data-driven time 

series decomposition technique, proves to drastically reduce imitation error, a common limitation 

in similar studies, when used alongside extreme gradient boosting, a newly promising ML 

model. This approach’s improvement to streamflow forecasting can consequently reduce 

economic losses associated with floods, droughts and improper dam management.   
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1. Introduction 
With continually rising impacts of climate change, human civilization has a growing need to 

dynamically adapt to natural disaster mitigation and resource management. One of the most 

increasingly significant resources that needs improved management in the coming decades is 

water. Despite a general understanding of water availability and accessibility, the future of this 

resource is at stake. In addition to improving water conservation and treatment, a better 

understanding of its natural movement throughout the hydrological cycle is required to optimize 

water resources management. A comprehensive understanding of water movement within the 

hydrological cycle can ultimately lead to anticipation of water-related natural disasters to 

mitigate the associated losses. 

1.1 Impact of floods  
Flooding is the most commonly occurring natural disaster worldwide, affecting more people than 

any other natural disaster, including 2.4 billion people (over one-third of the world population) 

with 2937 recorded events between 1994 and 2013 [1]. In this same period, it has also produced 

a total of approximately one-third of all economic losses related to natural disasters worldwide 

[2]. The frequency of flooding events has consistently grown over recent decades alongside the 

total number of natural catastrophic events, which reached 850 total events in 2018, up from 

around 200 events per year from 1980-1987. In the same years, hydrologic events (primarily 

flooding) accounted for at most approximately 100 events per year, compared to the 

approximately 300 events occurring annually since 2015. Consequently, the average annual loss 

from natural catastrophic events has risen from $130 billion USD between 1987 and 2016 

(adjusted to inflation), to an average of $212 billion USD from 2016-2019 [3]. 
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This undeniable growth in the frequency and impact of natural disasters, and specifically floods, 

is also apparent in the count of natural catastrophic events and losses in Canada (costing upwards 

of $25 million CAD in losses)  shown in Figures 1.1 and 1.2, respectively [4]. Between 1950 and 

2012, floods were the largest contributor to natural disasters with approximately 250 of the 785 

natural disasters that occurred, surpassing the frequency of all other natural disasters [5].  

 

 

Figure 1.1: Count of Canadian catastrophic loss events and catastrophic floods [4] 

 

Figure 1.2: Canadian natural catastrophic losses [4] (Note: 2018 and 2019 losses do not include 14 of 18 flood-related events) 
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As shown in Figure 1.2, the two worst years on record in terms of natural catastrophic losses 

have occurred in the last decade and involve the two costliest events on record: the 2016 Fort 

McMurray wildfire costing over $3.9 billion CAD in losses, and the 2013 southern Alberta flood 

costing over $1.7 billion CAD. The only other event costing over $1 billion CAD is another 

flood event that occurred in 2013 in the city of Toronto. Two other floods that have had a lasting 

impact include the Saguenay, Quebec flood in 1996, which cost over $316 million CAD in 

insured losses and the 2005 Alberta flood resulted in $381 million CAD in insured losses (values 

adjusted for inflation) [4]. These losses pose a significant impact on residents and landowners in 

these areas, especially because of lacking insurance coverage. Conventionally, home insurance 

providers have not provided any overland flooding coverage in Canada. Only in 2015 did some 

insurers begin offering this coverage as a policy add-on to an all-perils policy. Recently, a 

growing number of insurers offer this option as an addition to existing policies, which also 

reflects the growing consensus to improve how we prepare for the unpredictable, increasing 

impact of flooding on various communities [4].  

Even with a growing number of insured property owners, the immense impact of such extreme 

flood events is growing and still results in significant economic losses and hardship. Adapting to 

the growing impacts of flooding can be a very complex process, often varying between different 

locations that experience flooding due to various mechanisms. For example, the $1.7 billion 

flood event in 2013 was primarily caused by a rapid melting of the Bow Glacier in the Rocky 

Mountains, which is the source of water flowing through the Bow River. More recently, Fort 

McMurray experienced severe flooding in April 2020 due to an upstream ice jam, which caused 

extreme riverine flows and flooding [6]. Less than five years following the wildfires in this 

region, this event led the regional municipality to consider property buyouts to avoid future 
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losses from landowners. This proposal developed in part because of the homeowner frustration 

following natural disaster losses, which may be expected to continue even with the integration of 

mitigation infrastructure due to the unpredictable nature of flooding mechanisms. However, 

rather than buying out home owners at the cost of $21.8 million, the municipality chose to invest 

in a berm designed to handle up to a 1-in-200 year event and costing $80.3 million [7]. 

Additionally, in May, 2020, the Edenville and Sanford dams in Michigan failed due to inflows 

unexperienced in centuries, sending about three meters of water over downtown Midland, 

forcing 10,000 residents to evacuate, and leaving $200 million USD in damages among 2,500 

buildings [8], [9]. 

The inevitable growth in economic losses associated with flooding events needs to be addressed 

by improving our ability to anticipate them in order to proactively apply preventative and loss-

mitigation measures. As previously mentioned, flooding can result from various mechanisms 

including rapid snowmelt, ice jams and dam failures. However, numerous other flooding 

mechanisms exist which make understanding and predicting these events very complex. 

1.2 Existing methods 
Various approaches exist and have evolved over recent decades to better understand, model, and 

predict hydrological processes involved in flooding. These range from physical, lab-based 

modeling approaches to various types of computational approaches, from physically-based 

simulations to data-driven modeling.  

Physical, lab-based modeling has long been used to model a scaled version of large, complex 

environmental systems. For example, Bocchiola et al. [10] aimed to model the impact of wood 

jams in rivers based on flume experiments to be upscaled for a better understanding of the flood 

impacts in the real environment. Good [11] explored the impact of flood flows on sediment 
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transport and river morphology, which considered the more general impact of certain flows, 

regardless of the hydrologic processes causing these flows. However, physical, lab-based 

modeling can be very cumbersome, requiring a great deal of experiments to represent only a 

limited number of specified conditions (based on those tested in the lab) of the real environment. 

They are also limited by boundary conditions which must be made to some extent [12]. 

For decades, geographic information systems (GIS) have been explored for spatially mapping 

flood prone areas based on hydrology-related variables [13]. The Grand River Conservation 

Authority in southern Ontario recognized the outdated regulatory floodlines that needed to be 

updated as far back as two decades ago, when GIS was integrated with hydrological/hydraulic 

modeling to develop more feasible, updated flood maps [13]. Although these types of approaches 

allow for a better understanding of areas at risk of being flooded, this does not address the 

unpredictable nature of the occurrence of specific flood events, especially with increasingly 

frequent return periods of impactful events. Kumar et al. [13] recognized that a key aspect 

needing improvements to improve flood forecasting models and warning in Canada is 

hydrometric data collection and real-time monitoring. Since then, we have come a long way with 

over 2,700 active hydrometric stations monitoring water levels in flows across Canada today 

[14]. 

This increased access to data has allowed for significantly more detailed and representative flood 

modeling. For example, deterministic rainfall-runoff modeling has been explored since the early 

1970s [15], and has continued to improve for decades alongside increased access to recorded 

data [16], [17]. These approaches tend to follow similar physics-based approaches in which 

rainfall events are simulated to observe the impacts on the hydrologic cycle. Specifically, excess 
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rainfall that is not diverted to sub-catchment storage contributes to the total catchment runoff to 

produce a runoff hydrograph [17].  

In addition to increased data accessibility, these models have significantly benefited from 

advances in statistical approaches that can better represent complex datasets. For example, 

Young [16] compared conventional rainfall modeling approaches to the application of kriging 

and cokriging to nonlinearly interpolated radar and rain gauge data within a rainfall-runoff 

model. Similarly, Candela and Aronica [17] advanced existing rainfall-runoff modeling 

approaches by developing probabilistic models to better represent results with uncertainty 

metrics to account for the stochastic nature of hydrologic variables. 

The complexity and randomness associated with hydrologic processes is the primary reason for 

the growing need to develop adaptable approaches for flood forecasting. Most models relying on 

physically-based processes are inevitably required to make assumptions about the interaction 

between variables and future conditions of certain variables. For example, the most common 

approach for hazard assessment is based on the assumption of a spatially uniform return period 

[18]. To try and combat this, various approaches to merge rain gauge and radar data such as 

mean field bias correction, Brandes spatial adjustment, kriging, and others have been compared 

in a search for the optimal approach for flood mitigation [19]. However, McKee and Binns [19] 

found that numerous factors ranging from gauge network design to storm type and temporal 

resolution significantly impact the accuracy of various methods. This highlights the importance 

of hydrologic data characteristics relative to the specific physically-based modeling approach 

chosen. 

Another limitation in physically-based models is the extensive data requirements and 

correspondingly high computational demands that are necessary to increase accuracy within 
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these types of models [20]. The time required to process all various hydro-geomorphological 

datasets related to flooding restricts such analyses from providing short term predictions in 

advances [21]. Many of these models aim to solve continuity equations in the space of interest 

using the known variables and numerical approaches [22]. Alternatively, without including all 

related datasets, these types of models must resort to making assumptions about certain 

hydrological parameters which can be challenging and often requires in depth knowledge and 

expertise specific to each case. This adds difficulty in both short and long-term model 

predictions. 

1.3 Machine Learning in Hydrology 

Due to increases in both data accessibility and a growing need to minimize the limiting 

assumption requirements associated with physically-based modelling approaches, artificial 

intelligence (AI) and machine learning (ML) have recently been more deeply explored to 

improve upon existing flood forecasting practices. Rather than requiring certain assumptions be 

known to account for all hydro-geomorphological datasets related to flooding, AI approaches 

allow for computers to learn more from the available data to predict unseen data with far fewer 

physics-based assumptions, if any. Moreover, near exponential growth in both computing speed 

and AI related research has occurred in recent years, which have allowed for more feasible 

implementation of increasingly more powerful ML models. Its implementation in a growing 

number of fields and applications such as search engines [23], social media [24], voice 

recognition [25], medical imaging [26], to name a few, has unarguably depicted the potential for 

ML to improve prediction problems using as much available data as possible. 

The potential for AI to improve upon flood forecasting and hydrologic modeling capabilities has 

been recognized since the late 1990s, with many studies investigating the performance of AI 
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models including early ANN models in hydrological applications such as river level forecasting 

[27], [28], [29], and regression based methods in regional flood frequency analysis [30]. 

However, the limitations resulting from inadequate computing power and memory, early stages 

of ML theory development, and inaccessibility to extensive datasets has restricted the potential 

for AI to reach its potential in these applications.  

More recently, ML has been explored to improve and extend our approaches to solve hydrologic 

problems in a wide range of applications. For example, many studies have applied ML 

approaches to improve rainfall-runoff modeling [31], [32], sediment transport prediction [33], 

[35], water quality indices [35], groundwater level prediction [36], groundwater contaminant 

concentrations [37], and evaporation rates [38], to name a few. Rather than applying physically-

based assumptions about certain variables or between variables, ML aims to learn and reflect 

these relationships from available data by solving numerical optimization problems. 

A wide range of AI models exist and have been explored to improve flood forecasting. Some of 

the more basic statistical models include autoregressive moving average (ARMA), 

autoregressive integrated moving average (ARIMA) [39], multiple linear regression (MLR), and 

Bayesian linear regression (BLR) [20]. However, these models involve underlying assumptions 

such as linearity and/or stationarity in the data, which may not always be the case (especially 

with complex, noisy hydrological data). Consequently, some more complex ML models such as 

decision tree-based models or various neural network models have been explored for flood 

forecasting [40], [41], [42]. 

1.4 Impacts of accurate streamflow prediction 
As previously mentioned, various mechanisms and can lead to various types of flooding. 

Accordingly, many studies have explored using different datasets to predict flooding [20]. One 
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of the primary indicators and mechanisms of flood occurrence and severity is the flow rate 

through local waterways. Higher volumetric flow rates through streams typically correspond to 

higher potential for flooding, since more water being conveyed indicates oversaturated 

conditions and a higher chance of a channel reaching its maximum conveyance capacity and 

overflowing the channel’s banks to flood adjacent land [43]. Thus, accurately forecasting 

streamflow can significantly improve flood forecasting, especially for urban areas surrounding a 

river or stream. 

Accurately predicting streamflow can have many positive implications. For example, with 

increased hydroelectric power generation as a prominent source of renewable energy, the 

industry has seen immense growth in terms of global power generation and investment. One of 

the primary advantages of hydropower generation relative to solar and wind energy is the ability 

to control reservoir levels to store energy in the form of hydrometric head (rather than requiring 

large batteries) in times of low flow or low electrical demand, and to discharge storage during 

high flow or high demand times. Accurately forecasting the flow entering a hydroelectric dam 

can help to optimize dam management to maximize electrical production efficiency. Moreover, it 

could maintain upstream recreational activities, and minimize impacts of anticipated floods or 

event droughts. Floods and droughts contributed to $48 billion in food and agricultural losses 

between 2005 and 2015, making them the largest contributor to such losses worldwide [44]. 

Thus, accurate streamflow prediction models are becoming an increasingly more vital 

management tool in dealing with the increased risk of floods and droughts, as well as 

hydroelectricity generation and dam regulation. Consequently, streamflow prediction through 

ML approaches have been recently explored extensively with various models and datasets [43], 

[45], [46], [47]. 
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1.5 Goal and objectives 
This thesis explores two potential ML approaches to improve streamflow forecasting with the 

only data requirement being a single historic streamflow record to better forecast floods and 

droughts as well as optimize reservoir management. The goal of the first is to implement a 

heuristic, self-organizing neural network technique called the group method of data handling 

(GMDH) to develop a daily and hourly flow rate prediction model within the Bow River in 

Alberta, Canada. The model is assessed based on its ability to predict numerous timesteps in 

advance as well as its ability to predict flows associated with varying levels of expected riverine 

flooding severity one timestep in advance.  

The second approach has aligning goals and objectives, using a different approach; namely, a 

hybrid approach involving variational mode decomposition and extreme gradient boosting 

(VMD-XGBoost). This approach is also assessed on daily streamflow forecasting ability within 

the Bow River, Canada, but specifically aims to overcome common limitations and issues related 

to hindcasting and forecasting as well as imitation error. Variations of the proposed VMD-

XGBoost model are explored, as well as the model’s reproducibility using a secondary dataset. 

Eventually optimizing our understanding of the hydrologic cycle based on all data available to us 

will require methods that will allow us to extract as much meaningful information as possible 

from available data. Thus, mastering forecasting ability with a minimal requirement of data is a 

crucial step toward future forecasting approaches which will integrate more comprehensive 

datasets. Both of these explored approaches are motivated by this overarching goal to improve 

flood prediction and water resource management. 
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1.6 Structure of thesis 
The remainder of thesis is primarily composed of two manuscripts entitled ‘Early Detection of 

Riverine Flooding Events Using the Group Method of Data Handling for the Bow River, Alberta, 

Canada’ and ‘Forecasting Daily Streamflow using Variational Mode Decomposition and 

Extreme Gradient Boosting’ which are presented in Chapters 2 and 3, respectively. I would like 

to acknowledge and thank co-authors Dr. Hossein Bonakdari and Dr. Ed. McBean, respectively, 

for their contributions with the ML modeling and publication submission, as well as support and 

input while writing and structuring Chapter 2.  Finally, Chapter 4 summarizes the findings and 

contributions presented in these chapters and highlights some limitations and areas for further 

improvement.  
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2.1 Abstract 
While numerous studies have investigated physically-based analytical approaches for estimating 

stream flow probability distributions and occurrences of overbank flow, these types of models 

are limited by their associated complexity to incorporate a wide range of data from all 

components of the hydrologic system to model their influence on river flows. Alternatively, the 

Generalized Structure Group Method of Data Handling (GS-GMDH) is a polynomial network 

approach used in this study to train and test models for daily and hourly times series flow 

prediction for riverine flooding using available data from 1990-2018 (daily) and 1996-2018 

(hourly). The model is found to accurately predict daily flows with R2, RMSE, MAE, Bias and 

NSE of 0.6441, 46.884, 6.700, 1.800 and 0.6441, respectively, for nine years of flow data in 

application to the Bow River in Alberta, Canada. Hourly flow data used to train (70%) and test 

(30%) the GS-GMDH model results in R2, RMSE, MAE, Bias and NSE of 0.998, 3.323, 0.997, 

0.00438 and 0.998, respectively. The trained hourly model can predict up to 17 hours in advance 

while maintaining R2 greater than 0.90. Horizontal error highlights a weakness in model 

performance, contrary to other evaluation statistics, due to presence of imitation error.  

 

Keywords: Bow River, Flood severity detection, GS-GMDH, hour ahead forecasting, Riverine 

flooding  
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2.2 Introduction 
Global warming’s effect on rainfall patterns, leading to increasingly more frequent, intensive 

precipitation and rapid snowmelt conditions, is a major contributor to increasing flood damages 

within Canada. Moreover, increased urbanization exacerbates the impact of flooding by allowing 

increases in the concentration of infrastructure and assets that are prone to flood damage, and 

reducing the ability for flooded land to drain effectively. Among all natural disasters, flood 

events have had the most significant impact worldwide in terms of the number of events (2937) 

and people affected (2.4 billion) between 1994 and 2013 (Serinaldi et al., 2018). Flooding 

impacts, and flood prediction, are increasingly important societal issues that need greater 

understanding and anticipation/forecasting to both improve management and reduce economic 

losses and insurance claims.  

Since the 1980s, the patterns of extreme weather in Canada have resulted in the doubling of 

claim payouts from severe weather events (Insurance Bureau of Canada, 2017). Of the 785 

natural disasters that occurred between 1950 and 2012, approximately 250 are a result of floods, 

surpassing the frequency of all other natural disasters (Kelly and Stodolak, 2013). Flooding 

events are becoming larger, more frequent, and trending towards more drastic economic losses in 

Canada. Among these events, the Saguenay, Quebec flood in 1996 resulted in over $316 million 

CAD in insured losses and the 2005 Alberta flood resulted in $381 million CAD in insured 

losses (values adjusted for inflation) (Insurance Bureau of Canada, 2020). In 2013, insurers paid 

out more than $3.4 billion in water flood-related damage claims, including approximately $1 

billion CAD as a result of a summer storm and flooding in Toronto and $1.8 billion CAD as a 

result of the floods in southern Alberta (values adjusted to 2019 dollars) (Insurance Bureau of 

Canada, 2020). Pomeroy et al. (2015) investigated the reliability of flow gauge measurements 

and the corresponding data recorded at the same time. They argued that there is insufficient 
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reliability in the flow gauges and measurement techniques used, based on the contrast between 

recorded flows and the severity reported for corresponding floods. This encouraged the fitting of 

the flow data to the commonly used Log Pearson Type III distribution, which demonstrates that 

the Calgary 2013 event might only have a return period of approximately 40 years (Pomeroy et 

al., 2015). These dimensions add emphasis to the importance of early flood prediction for greater 

society preparedness, to reduce flood risk and the associated economic losses.  

Holistic flood modeling and prediction is a function of numerous complex and often unattainable 

datasets involving hydrologic and physical site-specific factors such as precipitation, coefficient 

of runoff, intensity of the storm, and physical characteristics of the catchment such as soil type, 

land-use, protection devices in place, etc., leading many to explore simplified approaches. For 

example, a general method for disaster preparedness involving predictions of river discharge 

(bank-full channel capacity) has huge potential. In-situ hydrometeorological measurement 

systems can be indicative of the possibility of flooding in the area and can be used to create flood 

forecasts.  Therefore, a reliable method for predicting river discharges can play a key role for 

early flood warning and management.  

As a frequent consequence of surface water flooding, basement flooding in particular is one of 

the most important disaster losses in Canada (Irwin et al., 2018). However, the additional 

complexity and inter-relationships associated with the factors related to basement flooding such 

as low impact development measures, stormwater conveyance systems (combined or separate), 

and the degree of adoption and type of lot-level mitigation measures (e.g., backwater valves) 

pose a great challenge to modeling and predicting basement flooding. Consequently, the 

simulation of a complex system using analytical or theoretical approaches poses many challenges 
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since it requires the necessary data and understanding to model all components within that 

system.  

For decades, studies have been investigating the ability to forecast river flows but insufficient 

computer simulation power required the model to take longer to predict a flow than the timestep 

length, as with the implementation of Kalman filter algorithm using snowmelt and rainfall (Burn 

and McBean, 1985). Today, physically-based analytical approaches exist for estimating 

probability distributions of stream flows and thus bank-full overtopping such as those 

investigated by Doulatyari et al. (2015) who considered only climatic and geomorphologic 

features. However, the complexity and assumptions involved with obtaining the required data 

and simulating all components involved in the hydrological system is a limitation of this type of 

analysis. Alternatively, machine learning techniques have been investigated and analyzed for 

their potential to accurately encompass complex relationships between different variables when 

predicting future events based on historical data for a wide range of complex hydrological 

variables such as sediment transport (Khosravi et al., 2018, 2020), water quality indices (Duie 

Tien Bui et al., 2020), groundwater contaminant concentrations (Dieu Tien Bui et al., 2020b), 

and evaporation (Khosravi et al., 2019). Similarly, Ichiyanagi et al. (1995) proposed a type of 

artificial neural network to predict river flow rates following a period of rainfall. Ghanbarpour et 

al. (2012) compared various modeling approaches including autoregressive integrated moving 

average (ARIMA), deseasonalized ARIMA, artificial neural network, simulator for water 

resources in rural basins, identification of hydrographs and components of rainfall, evaporation 

and stream models to predict stream flow. However, the hydrologic system requires numerous 

datasets including rainfall, flow rates, base flow, rain duration, and accumulated rainfall amount. 

Al-Juboori & Guven (2016) also found more effective results when predicting monthly river 
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flows using nonlinear ML approaches for a study of three different rivers. These authors 

determined that this stepwise model outperformed conventional Markovian and Auto-Regressive 

Integrated Moving Average models for these rivers. Even with improvements in prediction 

accuracy, these models are still limited due to their extensive data requirements, which can 

significantly complicate and delay real-world forecasting and early warning. 

The use of a forecasting model involving the Group Method of Data Handling (GMDH) to 

determine the useful input variables when time series forecasting for use alongside a least 

squares support vector machine (LSSVM) model was investigated by Samsudin et al. (2011)  

and determined to outperform conventional ANN, ARIMA, GMDH and LSSVM models. 

Moosavi et al. (2017) developed a model using GMDH to estimate daily runoff quantities, but 

found more accurate results when discrete wavelet and wavelet packet transforms were used to 

decompose the original data into their corresponding components. Zaji et al. (2018) applied 

GMDH combined with the minimum description length (MDL) method to develop a practical 

and functional model for predicting reservoir water levels which proved to outperform other 

extensively-used methods in hydrologic applications, such as multilayer perceptron (MLP), 

extreme learning machine (ELM) and radial basis function (RBF).  

Following the promising results from various GMDH models in other hydrologic applications, 

the goal of this research is to apply this heuristic self-organization method in order to generate a 

predictive model of river flow rates based on historical discharge data for improved early 

detection of riverine flooding events. The GMDH method is advantageous for its ability to 

determine the structure of nonlinear systems, and for its ability to employ multi-criteria objective 

functions for model validation (Mehra, 1977). This has significant potential to reduce model 

complexity since other system variables are accounted for, and yet do not add to the complexity 
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of the numerical model. Additionally, GMDH-trained models are relatively transparent and 

simple numerical models compared to traditional neural nets because they are designed to fit 

polynomial interactions between the input variables. Unlike most decision tree-based models 

such as random forest and M5P, which have recently gained popularity in the hydrological 

applications mentioned above, GMDH has the potential to “learn” complex relationships 

between variables with as little as two inputs. 

Several studies have been conducted on methods to evaluate the accuracy and effectiveness of 

predictive models of flow. Foss et al. (2003) studied the effectiveness of the mean magnitude of 

relative error (MMRE) as an evaluation criterion for assessing the performance of competing 

software prediction models and found that MMRE should not be solely relied on, because 

MMRE will always select a model that provides an estimate below the mean, when predicting 

the mean. Consequently, it will consistently favor a biased model over an unbiased model. 

Moriasi et al. (2007) supported the use of Nash-Sutcliffe efficiency (NSE), percent bias (PBIAS), 

and ratio of the root-mean-square-error to the standard deviation of the measured data as 

effective methods for model evaluation.  

Despite the previous research related to this topic, few studies have attempted to predict the 

discharge within a river in order to anticipate riverine flooding events prior to its occurrence (i.e. 

for flood forecasting purposes). Such studies predominantly focus on monthly or weekly flow 

patterns and thus cannot effectively predict daily discharge conditions, which is a critical need 

for early warning systems and evacuations. Due to the added complexity and increased noise 

associated with hourly and daily time series data relative to less-frequent weekly or monthly 

data, there is an added element of difficulty in generating effective models for predicting stream 

flows on a short temporal scale. However, more frequent flow data can be more beneficial for 
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estimating occurrences of overbank flow as weekly or monthly flows do not incorporate the 

smaller scale variability in data such as peak daily flows. Since discharge overtopping the banks 

corresponds to riverine flooding and overland flow in the immediate adjacent area, the ability to 

forecast flows in order to determine the possibility of dangerously high discharges multiple hours 

or days ahead-of-time presents the opportunity to decrease adverse impacts of flooding on homes 

and infrastructure, potentially avoiding annual losses for land owners of billions of dollars.  

2.2.1 Riverine Bank-full Exceedance Modeling  

The base discharge a stream is typically capable of conveying is used as an initial threshold value 

that is compared to predicted values as an indicator of riverine flooding. The focus of this study 

is on the Bow River near Calgary, Alberta, Canada, which has a base discharge value of 155 m3/s 

(based on 90th percentile of recorded flow rates since January 1, 2000) and a bank-full flow rate 

of 500 m3/s (City of Calgary, 2018a). This bank-full flow is the maximum flow the Bow River 

can handle without water overtopping the main channel banks. Above this flow rate, the river 

stage will overtop the banks and inundate land around the River. By predicting discharges that 

exceed certain flow rates significant to the Bow River, such as its bank-full flow, the City may 

be able to anticipate future occurrences of riverine flooding. Bank-full flooding is a multivariable 

system that is too complex to model using analytical or theoretical models. This study employs 

an extremely powerful numerical simulation method in order to model river flow rates multiple 

days into the future based on past information about the River. Although river flow rates do not 

directly indicate the only opportunities for flooding events, forecasting river discharges can be 

very useful for predicting riverine floods. For the Bow River near Calgary, the flow rate 

corresponding to this is considered to be 500 m3/s (City of Calgary, 2018b). Flooding can almost 

certainly be expected if a value corresponding to this flow rate is predicted to be surpassed.  
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2.2.2 Study Objective 

The goal of this study is to implement GMDH as a heuristic, self-organizing technique to 

develop a daily and hourly flow rate prediction model for the Bow River in Alberta, Canada. The 

developed model will be assessed based on its ability to predict numerous timesteps in advance 

as well as its ability to predict flows associated with varying levels of expected riverine flooding 

severity one timestep in advance.   

2.3 Materials and Methods 

2.3.1 Data Collection 

Calgary is located on the leeward side of the Rocky Mountains at 51.1 N, 114.1 W, with an 

elevation of 1084 m. Calgary experiences a Koppen B (dry) climate, with a mean temperature of 

-8.9o C in January, its coldest month. From November to March, the mean monthly temperatures 

are below freezing. For the remaining months, the temperature average exceeds 10 oC including 

July and August which exceed 22 oC and the annual precipitation in Calgary is 413 mm (Gough, 

2008). Calgary experiences more sunny days than any other major city in Canada with 

approximately 332 days of sun annually.  

The largest catastrophic loss event in Canadian history based on economic value of losses is the 

June 2013 flood event that occurred in Calgary, Alberta, in which five lives were lost and as 

much as $6 billion in economic losses and property damage were sustained (Pomeroy et al., 

2015). Flooding has consistently cost Canadian insurers nearly $1 billion annually for the past 

five years, which makes water damage the top cause of home insurance losses in the country 

(Insurance Bureau of Canada, 2017).  

For the 2013 flood event, $409 million were related to damages to City of Calgary infrastructure, 

$323 million were recovery costs and $55 million for emergency response. In addition to the 

losses associated with the June 2013 flood, $186 million of insurance payouts were reported for 
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21,179 flood claims during another major flood in Calgary in 2005 (Dohy, 2005). This number is 

expected to only account for approximately two-thirds of the total cost associated with the City’s 

recovery from the 2005 flood (Dohy, 2005). A more complete estimate of the insured losses is 

suggested to be approximately $275 million for the 40,000 homes which suffered flood damage 

as well as 1500 residents that were evacuated in a state of local emergency (Claros Research, 

2005). The 2005 Alberta floods are estimated to involve a range of return periods depending on 

the region, but for the Bow River basin around Calgary, the flood is estimated to have a return 

period of only 15 years at Calgary (Shook, 2015). Comparably, the 2013 flood is considered to 

be the result of a 1-in-40-year event (Pomeroy et al., 2015).  

Riverine flooding typically occurs when the discharge exceeds the capacity of the main channel. 

Every stream can convey a specific amount of volumetric flow before reaching a maximum 

capacity (referred to as bank-full flow). Beyond this flow rate, the flow depth will overtop the 

banks and flow onto the land around the stream or river. The Bow River traverses through 

Alberta, beginning in the Rocky Mountains at the Bow Glacier and continuing to merge with the 

Oldman River to form the South Saskatchewan River (Figure 2.1). The Bow River winds 

through the Alberta foothills and serves as the primary waterway through Calgary. The Bow 

River covers a drainage area of 26,200 km2 with a length of 645 km. This river conveys much of 

the flow resulting from precipitation events and averages a flow rate of 90.7 m3/s of recorded 

daily flow, dating back to 1911 (Government of Canada, 2019b).  

A hydrometric station in Calgary has collected a daily flow dataset through the Bow River from 

1911 to 2018. The data are collected at station number 05BH004, located at 51o03’00” N, 

114o03’05” W, in which the river conveys flow for a gross drainage area of 7,870 km2. This 

station also provides hourly flow data from 1996 to 2018. The data are provided by the 
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Government of Canada and used in this study to generate a predictive model in order to 

anticipate future flooding events in Calgary (Government of Canada, 2019a).   

 

Figure 2.1: Bow River Watershed Within Alberta 

The acquired time series data displayed two scenarios in which the threshold value of 500 m3/s is 

surpassed. The first is during a flooding event in June of 2005, while the second was during the 

flood of June 2013 with maximum flow rates of 602 m3/s and 1750 m3/s, respectively. The River 

discharge dataset is displayed and summarized in Figure 2.2 and Table 2.1. 
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Figure 2.2: Measured Flow Rate in the Bow River 

Table 2.1: River Flow Rate Properties for the Considered Period 
SIZE OF 

DATASET 

(days) 

MINIMUM 

(m3/s) 

MAXIMUM 

(m3/s) 

MEAN 

(m3/s) 

STANDARD 

DEV. (m3/s) 

1ST 

QUARTILE 

(m3/s) 

MEDIAN 

(m3/s) 

3RD 

QUARTILE 

(m3/s) 

VARIANCE 

(m3/s)2 

SKEWNESS 

10592 27.4 1750 88.34 63.16 54.7 64.9 97.9 3988.72 5.27 

 

2.3.2 Group Method of Data Handling 

Self-organizing networks (SONs) are one of the proven types of artificial neural networks in 

terms of their efficiency in modeling and predictive capabilities. One of the types of SONs is 

polynomial networks. These networks are a combination of the linear regression techniques and 

neural networks. The group method of data handling (GMDH) algorithm is one of the SONs 

training algorithms (Ivakhnenko, 1982) . The GMDH algorithm is presented for modeling 

complex systems that include a series of data as multi-input-single-output. Indeed, the main 

purpose of classical GMDH is to construct a function in a network as a second-order polynomial. 

The main advantage of GMDH over conventional neural networks is to obtain a mathematical 



 
 

30 
 

model in terms of polynomials for the process under consideration. This mathematical model can 

be used to identify or even entirely describe the desired process. In general, for modeling a multi-

input-single-output system, the Volterra-Kolmogorov-Gabor (VKG) polynomials can be used 

and is defined according to Ebtehaj et al. (2015) and Gholami et al. (2017) as: 
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Eq. 2.1 

where x (i.e., x1, x2, …, xn) is the input vector into each node (i.e., flows used from historic time 

steps for nodes in the first layer, or node outputs used from previous layers for nodes beyond the 

first layer), n is the number of inputs to the node (i.e., number of nodes from the previous layer), 

y is the output of each node (i.e., element of x vector for following layers, predicted flow 

produced from the final layer) and ai are the polynomial coefficients for the node (i.e., model 

weights vectors). VKG polynomials can be approximated using quadratic polynomials, where 

these second-order polynomials are constructed based on different input pairs. Using this 

approach, the GMDH algorithm is introduced as a learning method for the modeling of complex 

systems. The GMDH neural network has a structure of a multilayer feedforward network and 

includes a set of neurons that are created by linking different input pairs through a quadratic 

polynomial. For example, if the number of input variables (i.e., historic time steps used by the 

model) is m, the number of neurons in the first layer is equal to 2/)1(
2

1 −=







= mm

m
L . Each 

layer in this network consists of one or more processor units, each of which has two inputs and 

one output. These units actually play the role of model components and are assumed to be in the 

form of a second-order polynomial. The unknown parameters of the GMDH algorithm are 

polynomial coefficients. The schematic of the GMDH method with the structure of each neuron 



 
 

31 
 

containing second order polynomial combinations of its inputs (N-Adaline) is presented in 

Figure 2.3. 

 

Figure 2.3: The schematic of the classical GMDH 

To determine the network structure and calculate the output value for each input vector x=(xi1, 

xi2, …, xin), the target value is minimized based on the target function. The objective function 

defined in this study to minimize the modeling error in estimating the coefficients of the GMDH 

algorithm while aiming to reduce model complexity is the Akaike Information Criteria, defined 

according to Ebtehaj et al. (2015) as: 

yN 
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    𝐴𝐼𝐶 = 𝑚𝑙𝑜𝑔(𝑀𝑆𝐸) + 2(𝑁 + 1) 

Eq. 2.2 

where N is the number of neurons in the model, m is the number of samples and MSE is the 

mean square error, as defined by Eq. 2.12 in section 2.3.3 Performance Evaluation Statistics. 

Consequently, the following system is provided which has six unknown coefficients, 

, in each equation. 
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Eq. 2.3 

The matrix form of Eq. (2.3) is: 

     YAa =  

Eq. 2.4 

where 

























=

22

2

2

2

22222

2

1

2

11111

1

.......

.......

1

1

NqNpNqNpNqNp

qpqpqp

qpqpqp

xxxxxx

xxxxxx

xxxxxx

A  with 𝑝, 𝑞 ∈ {1, 2, 3, . . . , 𝑛}  

Eq. 2.5 

𝑌={y1, y2, y3, … , yN} 

Eq. 2.6 
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This matrix is solved by the least squares method from multiple regression analysis to find the 

values of each coefficient according to: 

    YAAAa TT 1)( −=  
Eq. 2.7 

The main shortcomings of the classical GMDH are: (i) the use of a second-order polynomial 

which may not have the ability to model the target parameter in complex nonlinear problems; (ii) 

the inputs of each neuron are selected only from adjacent layers; and (iii) the allowance of only 

two inputs for each neuron which for problems with high input variables, leads to considerable 

complexity of the proposed model. To overcome these limitations, a new encoding of the 

GMDH, which is implemented in MATLAB environment has been utilized in this study. This 

new coding is known as generalized structure of the GMDH (GS-GMDH). The number of inputs 

in GS-GMDH can be two or three, and the order-of-polynomials considered are two and three.  

Moreover, the proposed GS-GMDH can employ the non-adjacent neurons as the input of each 

neuron. An example of the GS-GMDH is presented in Figure 2.4, where the nodes on the left 

represent the input layer. Two to five inputs consisting of flow at the previous two to five 

timesteps, respectively, are used to predict a single output, which is the non-lagged flow rate. 

Input combinations of these variables is determined through the GMDH algorithm and presented 

in the results section. 
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Figure 2.4: An example of the GS-GMDH structure 

2.3.3 Performance Evaluation Statistics 

To study and measure the effectiveness of the model’s ability to predict future water levels, the 

need exists to understand its potential to be properly applied. There exists a wide range of 

evaluation statistics that can measure the ability of the model to generate accurate predictions for 

the upcoming timestep. For purposes of this study, the coefficient of determination (R2), root-

mean-square-error (RMSE), mean absolute error (MAE), bias, Akaike Information Criterion 

(AIC), and Nash-Sutcliffe Efficiency (NSE) Index will all be used to assess the performance of 

the model. 

R2, RMSE, and MAE can be calculated according to the following equations:  

𝑅2 = [
∑ (𝑜𝑖 − �̅�)(𝑒𝑖 − �̅�)𝑛

𝑖=1

∑ (𝑜𝑖 − �̅�)2𝑛
𝑖=1 ∑ (𝑒𝑖 − �̅�)2𝑛

𝑖=1

]

2

 

Eq. 2.8 
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𝑅𝑀𝑆𝐸 = √
∑ (𝑒𝑖 − 𝑜𝑖)2𝑛

𝑖=1

𝑛
 

Eq. 2.9 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑒𝑖 − 𝑜𝑖|

𝑛

𝑖=1

 

Eq. 2.10 

where the observed flow rates are given by o1, o2,…, on and the corresponding predicted flow 

rates are given by e1, e2,…, en. As shown in Eqns. (9) to (11), RMSE calculates the standard 

deviation of the residuals while MAE is the average of absolute residuals and represents the 

closeness between predicted and actual values. 

AIC is a commonly-accepted method for comparing the effectiveness of competing predictive 

models and is based on balancing model complexity against the quality of that model’s fit to the 

given data. AIC is defined in Eq. 2.2, using MSE as the measure of model accuracy, defined as:  

𝑀𝑆𝐸 =  
1

n
∑(ei − oi)

2

n

i=1

 

Eq. 2.11 

Percent bias is a measure of the extent to which the model estimate differs from the observed 

dataset (Gorelick, 2006). This calculation is shown below: 

%𝐵𝑖𝑎𝑠 =
∑ 𝑜𝑖 − 𝑒𝑖

𝑛
𝑖=1

𝑛
 

Eq. 2.12 

Finally, the Nash and Sutcliffe coefficient of efficiency is calculated as follows: 

𝑁𝑎𝑠ℎ = 1 −
∑ (𝑜𝑖 − 𝑒𝑖)2𝑛

𝑖=1

∑ (𝑒𝑖 − �̅�)𝑛
𝑖=1

2 = 1 − (
𝑅𝑀𝑆𝐸

𝑆𝐷
)

2

 

Eq. 2.13 
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where �̅� is the mean of all observed values and SD represents the standard deviation of the 

observations. Therefore, NSE represents the complement to unity of the ratio between the mean 

square error of observed vs. predicted values and the variance of the observations (Ritter and 

Muñoz-Carpena, 2013). NSE can range from -∞ to 1, where NSE=1 would indicate a perfect fit. 

Negative NSE values should not generally happen unless there are severe errors in the input or 

output data (Ritter and Muñoz-Carpena, 2013). 

2.4 Results 

2.4.1 Evaluation of GMDH Model Performance 

To examine the reliability of a numerical model in practical situations, it is common to model a 

non-observed dataset and calculate the accuracy of the models. This is done by comparing the 

GS-GMDH model output to the observed data that is not used in training the model. The 

gathered dataset was split into a training dataset and testing data set. The training dataset 

involves the first 70% of data between 1990 and 2018 (7414 samples), while the testing dataset 

used is the remaining 30% of the data (3178 samples). Table 2.2 presents the common evaluation 

statistics for multiple input combinations of daily flow, where Qt-d represents the flow rate d days 

ago. The GMDH predictive models in this study aim to forecast the flow rate within the Bow 

River one timestep into the future, that is Qt+1.  

Table 2.2: GS-GMDH Model Performance Evaluation 

*predictions >5000 converted to mean of test dataset (90.9)  

Input 
Combinations 

R2 RMSE 
(m3/s) 

MAE 
(m3/s) 

MSE 
(m3/s)2 

BIAS 
(m3/s) 

AIC Nash 

Q, Q-1 0.6441 46.884 6.700 2198.06 1.800 24448.4 0.6441 
Q, Q-1, Q-2* 0.6278 47.953 6.887 2299.53 1.960 24580.0 0.6278 
Q, Q-1, Q-2, Q-3* 0.5103 55.011 7.930 3026.24 2.092 25449.9 0.5103 
Q, Q-1 
excluding 2013 
event 

0.9761 9.555 4.788 91.30 -0.110 14277.2 0.976 
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Table 2.2 shows that the two input model outperforms the three and four input models, likely due 

to better generalization and minimized overfitting. However, all three models performed poorly 

in the outlier event of 2013, in which the flow rate jumped from 706 m3/s to 1750 m3/s within a 

single day. This is due to a lack of exposure to such an event in training. Following this peak, the 

flow rapidly dropped to below 1000 m3/s in two days, which caused all the models to predict 

negative flow rates for the following days. Since these predictions are clearly unrealistic and 

only occurred in a total of five days for the two input model, these values were set to the mean of 

the test set (90.0 m3/s). Because the two input model outperforms the others, and model 

simplicity is a driving factor with applying numerical models over physically-based models, the 

two input model was chosen to provide daily flow predictions. Table 2.2 also shows the 

performance of the two input model excluding the 15-day period spanning the June 2013 event. 

Figure 2.5 shows the two-input model structure, containing two hidden layers with one neuron 

each. 

 

Figure 2.5: GS-GMDH model structure for two inputs 

The following are polynomial equations corresponding to the hidden and output neurons: 
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Qt+1 = -282 +4.64e-2*N2 +2.53*Qt -7.21e-5*Qt*N2+4.56e-06* N2*N2 -1.98e-3*Qt*Qt -8.17e-9*Qt* 

 N2*N2 +7.64e-07*Qt*Qt*N2 +2.50e-09* N2* N2*N2 -4.31e-07*Qt*Qt*Qt 

N1 = -874 -0.30*Qt-1-8.00*Qt -5.36e-3*Qt*Qt-1+5.54e-4*Qt-1*Qt-1+2.07e-2*Qt*Qt -2.08e-05*Qt*Qt-1*Qt-1 

 +6.02e-05*Qt*Qt*Qt-1 +1.43e-05*Qt-1*Qt-1*Qt-1 -1.82e-05*Qt*Qt*Qt 

N2 = 1.40e4 +1.83*N1 +89.1*Qt-1 +8.98e-2*Qt-1*N1 +8.36e-3*N1*N1 +2.39e-1*Qt-1*Qt-1 -8.91e-07*Qt-1*

 N1*N1+1.96e-05*Qt-1*Qt-1*N1 +2.11e-06*N1*N1*N1 -6.80e-06*Qt-1*Qt-1*Qt-1 

Box 2.1: Trained numerical model for predicting daily flow 

Although more historical flow rate data exists than is used to train and test the model in this 

study, the training dataset begins in January 1990 to avoid developing a model for conditions that 

no longer exist such as lower runoff into the river associated with Calgary’s previous levels of 

development. This also allows for testing on a dataset with 19 instances of flow rates above the 

normal spring flows of 70 to 400 m3/s (City of Calgary, 2018b), as shown in Figure 2.2.  

2.5 Discussion 

2.5.1 Early Flood Detection 

The primary advantage of the GS-GMDH generated model is its ability to summarize the effect 

of the array of parameters that can directly or indirectly affect flooding in the forecasted river 

discharge. This eliminates the need to generate a complex model containing all the variables that 

are incorporated in the hydrologic and hydraulic systems to predict flow. Applying this model in 

a real-time application and allowing it to update daily or hourly based on observed discharge 

data can provide insightful information on future flow rates and help understand how the river 

will behave in the near-term future to signal an early warning of the possible severity of an 

upcoming riverine flooding event. 

The flow rate within a river can be an indicator of the capacity within the river channel, as the 

river will have a specific maximum flow rate that is contained within the river banks. Beyond 
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this flow rate, any excess water will spill over the banks, resulting in overland flow as the river 

channel capacity is exceeded. The City defines different discharge ranges in the Bow River 

having specific characteristics (City of Calgary, 2018b). Water will overflow some segments of 

the river banks at a flow rate of 280 m3/s, which corresponds to potential basement flooding and 

flooding of some streets and parks. Normal spring flows often vary between 70 and 400 m3/s and 

a discharge of 500 m3/s is associated with dangerous bank-full flow throughout the river. The 

bank-full discharge of 500 m3/s was only surpassed twice in the last two decades: during the 

major flood events of June 2005 and June 2013. Even below 500 m3/s, flow rate patterns have 

consistently corresponded to numerous localized flooding events in Calgary. Flow rates recorded 

hourly between 1996 and 2018 indicate that the largest 10 discharge events correspond closely to 

major flood events within the City. Excluding the earliest peak flows in July 1998, July 1999 and 

June 2002, the 10 largest recorded discharge values within the Bow River correspond to dates of 

flooding within the city. This includes peak flow rates between 328 and 1811 m3/s. The urban 

expansion and growth of Calgary has likely resulted in an increase in impermeable surfaces and 

thus increased runoff, making high flows a stronger indicator of flooding.  

Since not all flooding events occur as a result of extreme riverine discharges or overtopping 

banks, lower discharge conditions can still be indicative of floods, though likely less severe or 

with lesser confidence. Calgary has experienced a few damaging and noteworthy floods 

corresponding to flow rates lower than 328 m3/s within the Bow River such as the flood event on 

August 5, 2011, corresponding to a discharge of 171 m3/s (CBC News, 2011). 171 m3/s is still 

above the 90th percentile of recorded measurements on both an hourly and daily basis. As such, 

the 90th percentile of flow can be taken as a threshold value that separates the regular base 

discharge from the irregular higher flows which pose a risk of flooding. 
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The predicted discharge values can be compared to past events to provide insight into the 

expected impact on the surrounding area. Different flow rates in the Bow River can define 

threshold values at which varying level of flood severity can be expected to occur in Calgary. 

Using historical data available from 1911 to 2018, annual peaks in flow can be used to produce a 

histogram displaying the distribution of flows within the Bow River. These data were used to 

determine the discharge in the Bow River corresponding to the 1 in 2-year event to be 334 m3/s. 

This was used to estimate the 1 in 10-year and 1 in 100-year events to correspond to flows of 484 

m3/s and 728 m3/s, respectively, based on the ratio of the occurrence of the higher return period 

floods relative to 2-year floods. A similar approach was taken by Pomeroy et al. (2015), 

encouraging the fitting of the flow data to the commonly used Log Pearson Type III distribution 

in order to reliably classify flow rates based on their return periods. Since this study found a flow 

as high as 1750 to correspond to just a 1 in 40-year event, our defined flows for 1-in-10 and 100-

year events can be considered a more conservative estimate of severe flood frequency.   

2.5.2 Hourly Model and Multiple Timestep Prediction 

Due to weaknesses in the daily flow prediction model, the GS-GMDH method was used to 

develop a forecasting model to predict the discharge flow rates one hour in advance as well. 

Similar to the daily prediction model, a relationship between the current time step and previous 

timestep is used to predict one hour in advance. For the hourly model, 70% (139925 hourly 

datapoints) of the acquired data from 1996 to 2018 were used to train the model, and 

performance metrics were calculated for the prediction of the remaining 30% of the data (59968 

samples). From the polynomial output of the model generated, a multiple timestep forecast was 

investigated to determine how far in advance the model could accurately predict flow rates. The 

coefficient of determination is displayed for multiple timestep predictions for the hourly models 

in the following table (Table 2.3). 
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Table 2.3: Multiple Timestep prediction 

Hourly Discharge Prediction 

Timestep prediction 
ahead 

R2 

+1 0.998 
+2 0.995 
+3 0.993 
+4 0.988 
+5 0.986 
+6 0.979 
+7 0.977 
+8 0.968 
+9 0.966 
+10 0.956 
+11 0.955 
+12 0.943 
+13 0.934 
+14 0.927 
+15 0.920 
+16 0.912 
+17 0.904 
+18 0.897 

On the basis of R2 = 0.90, the generated model is effectively able to predict 17 hours in advance. 

2.5.3 High Flow Predictions and Model Limitations 

The larger magnitude flows are of greater interest due to their correlation to flooding. More 

specifically, the model’s effectiveness should be assessed through its ability to predict 

components of the rising limb of a hydrograph. The ability for the model to predict discharge 

above the 90th percentile, the 1-in-2 year, 1-in-10 year and 1 in 100-year flows defined above 

was investigated with the results summarized in Table 2.4. For the daily model, accuracy was 

measured as the proportion of days correctly predicted to be above the corresponding threshold 

flow rate. A focus on these higher flows should be primarily considered for the model’s ability to 

predict severe, unpredictable conditions, corresponding to floods.  
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Table 2.4: R2 for testing dataset (flows above varying percentiles of data) predictions for numerous timesteps 

Severity Possible Low Medium High 

Frequency >90th percentile 

(2010-2018) 

1 in 2-

year  

1 in 10-year 1 in 100-year 

Corresponding daily flow 174 m3/s 334 m3/s 484 m3/s 728 m3/s 

Model 

Type 

Prediction 

Time step 

Classification Accuracy 

Daily  

+1 0.991 0.811 0.250 0.0 

 R2 

+1 0.615 0.305 0.0 - 

Hourly  

+1 0.997 0.996 0.991 0.980 

+2 0.992 0.990 0.977 0.951 

+3 0.986 0.982 0.954 0.909 

+4 0.978 0.971 0.925 0.862 

+5 0.969 0.958 0.892  

+6 0.958 0.943   

+7 0.946 0.927   

+8 0.932 0.910   

+9 0.918 0.895   

+10 0.903    

+11 0.887    

Although Table 2.3 supports the model’s ability to predict the river flow rates 17 hours ahead 

effectively, Table 2.4 shows the model struggles to maintain its accuracy for higher flows due to 

the more stochastic nature of these data. Because the daily model mostly suffers from poor 

prediction accuracy in extreme events such as the 2013 event, the hourly model is built to 

improve warning confidence through a more precise and confident prediction. The hourly model 

predicts high flows (>728 m3/s) fairly accurately (R2>0.90) up to 3 hours ahead of time and 

flows greater than the 1 in 2-year event up to 8 hours in advance, showing better accuracy at 

lower time intervals. 

More importantly, understanding the hourly and daily models’ abilities to predict the first 

timestep that a significant flow threshold is surpassed reflects the model’s true ability to provide 

flood warnings based on future stream flow rate. This is done by calculating the F-score, which 

takes into account the number of misses (false negatives), false alarms (false positives) and true 
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positives associated with predicting above a threshold value. At a threshold of 250 m3/s (slightly 

below the 1 in-2-year event), the daily model predicted an F-score of 0.32. At higher thresholds, 

the model quickly loses warning capability. Not surprisingly, increasing the prediction timestep 

decreases the hourly model’s F-score, but a score of at least 0.5 is maintained for up to seven 

hours prediction of flows over 334 m3/s. 

Consequently, the proposed daily model is run in the background continuously 365 days of the 

year to provide 24-hour advanced initial warnings of a flood event approaching and is then 

complemented by the more accurate hourly model during the major flow events surpassing 250 

m3/s. The hourly model is used to confirm the prediction of dangerous, higher flow rates prior to 

issuing the more serious warnings (cellular phone alarms) of evacuation orders to potential flood 

victims, as shown in Figure 2.6. Issuing such a warning to the public was found by Needham et 

al. (2016) to effectively reach 90% of the population within a range of 30 and 150 min, 

suggesting an effective prediction model would need predict dangerous flow rates at least 2.5 

hours in advance. Since our hourly model achieves an F-score of 0.5 up to 7 hours, in advance it 

can provide flood warning in a timely manner. Moreover, the 3-hour model has a true positive 

rate of 98%, proving the ability as a reliable flood-warning tool.   

 

Figure 2.6: Model implementation flow chart 
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Figure 2.7 shows the hydrograph corresponding to the 2013 flood event alongside the 6-hour and 

12-hour predictions of flow based on the GS-GMDH model. 

 

Figure 2.7: 6-hour and +12-hour prediction of the 2013 flood hydrograph 

As seen in Figure 2.7, the predictions are subject to a delay in extreme flow predictions. The 

prediction time steps of 6 and 12 hours correspond to about 4 and 10 hour delays, respectively. 

This is a clear display of imitation error (imitating the previous timestep), which can be common 

in time series data prediction, as most statistical metrics are minimized when the prediction 

imitates the input variables. This is due to the great deal of similarity amongst most of the 

dataset. Thus, the performance evaluation statistics discussed above do not provide a complete 

evaluation and should be refined to properly assess the model’s performance. Zaji et al. (2019) 

introduce Horizontal Error (HE) as an index essential to effectively evaluate the performance of 

time series prediction models and defined as: 
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𝐻𝐸 =  1 − (
𝐶𝑃

𝑂𝑃
) 

Eq. 2.14 

where OP represents the number of observed dataset peaks and CP is the number of calculated 

dataset peaks that occur exactly when OP occurs (Zaji et al., 2019). On the contrary, they 

consider other statistical indices discussed and used previously as measures of Vertical Error.  

Only with the calculation of the HE associated with the predictions do the model’s limitations 

show quantitatively. The metric of HE proposed by Zaji et al. (2019) quantifies the impact of the 

model’s imitation error. HE varies from 0 to 1, with 0 corresponding to an ideal model without 

imitation and 1 to none of the calculated peaks occurring during the same time of the observed 

peaks. The GS-GMDH model output results in HE of 0.46 from hourly model predictions of up 

to 17 hours ahead and 0.88 from daily model predictions.  

The ability to train the model on discontinuous time series data that only include high flow 

events or on a series of inconsistent flows such as during the spring and summer months may 

result in a model more effectively trained for anticipating rising flows. Moreover, the model’s 

performance could benefit from training to minimize HE as the objective function. 

Using the hourly flow prediction model alongside the daily model may be the best way to 

effectively forecast the potential for high flow rates early, providing an indication of riverine 

flooding potential. Before implementation, the daily model should be trained on a dataset that 

includes the extreme event of 2013 to allow the model to improve its prediction accuracy in 

similar events that may occur in the future. Moreover, increasing access to computing power 

could allow a similar model to be trained from different timeframes of data. This could help to 
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analyze trends in flow prediction models in the basin over time as a result of changing 

environmental variables such as climate change and land use. 

The Alberta government provides data and advisories for a variety of Alberta’s rivers including 

the Bow River (Alberta Environment and Parks, 2015). The data are provided through the use of 

a web-based software application called Alberta Rivers and includes real-time flow data along 

available monitoring stations (Alberta Environment and Parks, 2015). With the right 

improvements to the generated GS-GMDH method, this software could be modified to include 

accurately predicted hourly and daily discharge data along with advanced flood warnings 

corresponding to the forecasted flows. This can allow time for residents to prepare accordingly 

for flooding events and minimize catastrophic losses that might occur as a result of flooding.  

2.6 Conclusions 
The June 2013 Alberta flood was the largest flood event in the past 60 years for southern 

Alberta, costing insurers $1.8 billion in water and flood-related damage claims. Pomeroy et al. 

(2015) determined that fitting the data to the commonly used Log Pearson Type III distribution 

produced a rank analysis that suggests the 2013 event had a return period of 40 years in Calgary.  

GMDH is a proposed artificial intelligence method used in this study to develop a time series 

prediction model with the ability to predict time series river flow rates within the Bow River in 

Calgary. The ability to forecast river flows provides the potential for early detection of riverine 

flood severity. Due to the frequency of flooding events and the severity of losses associated with 

floods in Calgary in the recent years, anticipating these events ahead of time provides the 

opportunity for the City and its residents to decrease flood-associated losses. 

The model’s performance in predicting river discharge one day ahead of time is assessed through 

varying statistical measures, including R2, RMSE, MAE, MSE, Bias, AIC, NSE, which support 
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the model’s ability to forecast flow rates with values of 0.64, 46.88, 6.70, 2198.06, 1.80, 2448 

and 0.644, respectively. A similar methodology was used to develop a 1-hour timestep prediction 

model as well. This model was tested for its ability to predict multiple timesteps in advance, in 

which an R2 value of 0.90 is maintained for predictions up to 17 hours ahead of time. HE is 

calculated to effectively account for the model’s limitations as a time series forecasting model, as 

well as showing that necessary improvements should be made regardless of the other vertical 

error performance measures.  

The developed models provide the potential to be applied for early flood detection and to warn 

city residents ahead of time of risk and severity of a forecasted riverine flooding event. The 

results from this research provide a framework and methodology for applying machine learning 

and statistical approaches to forecast riverine flooding events for early warning purposes.  
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3.1 Abstract 
Accurate streamflow prediction can mitigate flood losses, optimize power generation, and reduce 

drought impacts. Machine learning (ML) has recently been investigated as a promising alternative 

for developing streamflow forecasting models to reduce extensive data requirements and minimize 

potentially biased assumptions required in deterministic forecasting approaches.  

Because of the variety of complex interactions influencing streamflow over time, various time 

series decomposition methods have been used to isolate underlying fluctuations related to 

influencing variables such as climate oscillations from a single streamflow time series. Variational 

mode decomposition (VMD) was recently developed to improve upon common decomposition 

methods (i.e. Fourier and Wavelet Transform and empirical mode decomposition). These methods 

are known to suffer from various limitations, including the time-frequency trade-off, boundary 

effect (not significant in hindcasting), and predefined bases functions. Extreme gradient descent 

boosting (XGBoost) is an increasingly popular ML approach that has shown promise with various 

applications in a wide range of fields (including hydrology). Still, to date, it has not been 

thoroughly applied for streamflow forecasting. This study develops a VMD-XGBoost model for 

daily streamflow forecasting.  

Since XGBoost allows for a customizable loss function, various loss functions are implemented in 

model training. Specifically, a seldom-recognized forecasting performance measure, horizontal 

error (HE), is used to improve model susceptibility to imitation error. Imitation error occurs when 

predictions imitate the most recent input and is frequently visible in similar studies. The VMD-

XGBoost model is compared to a standalone XGBoost model. It highlights that VMD significantly 

improves forecasting, by specifically reducing HE from 0.94 to 0.41 while improving NSE from 

0.82 to 0.84, and bias from 1.20% to 0.20%. A secondary dataset is used to develop additional 
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results to support this model’s reproducibility, further supporting its promising potential to 

improve streamflow and flood forecasting using a streamflow time series solely. 

Keywords: Flood Forecasting; Machine Learning; XGBoost; Variational Mode Decomposition 

Highlights: 

• A novel hybrid VMD-XGBoost streamflow forecasting model is proposed and developed 

• Daily streamflow accurately forecasted with low imitation error (seldom addressed) 

• Forecasting relative to hindcasting in decomposition-based models recognised 

• Methodology is validated on an additional dataset to support reproducibility  
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3.2 Introduction 
Accurate streamflow prediction models are becoming an increasingly more vital management 

tool in dealing with the increased risk of floods, droughts and to optimize reservoir management 

operations. Flooding is the most commonly occurring natural disaster worldwide, impacting 2.4 

billion people between 1994 and 2013 and accounting for about one-third of all economic losses 

caused by natural disasters worldwide [1],[2]. Floods can result from many different 

mechanisms, including sudden significant precipitation, snowmelt, stream overflow, or dam 

failures, as seen very recently in Michigan, USA [3], to name a few. Although the mechanisms 

responsible for flooding can be highly complex, the growing adoption of machine learning (ML) 

has led to the possibilities of bypassing the detailed understanding and deterministic modeling of 

complex relationships between varying influential factors.  

Streamflow prediction through ML approaches has been explored to predict flooding resulting 

from high flow events, as an improvement on existing modeling techniques which often 

implement biased assumptions about environmental relationships [4],[5],[6],[7]. The ability to 

extract enough underlying information from a single streamflow time series to effectively predict 

flow rates ahead of time can help avoid reliance on additional datasets, which can be 

cumbersome to collect in high enough spatial and temporal resolution to be useful in flood 

forecasting.  

Moreover, accurate streamflow prediction can lead to better drought anticipation and reservoir 

management by indicating optimal openings and closures of dams to maintain a minimum 

reservoir volume for power generation, water-usage requirements and basic recreational uses 

without overflowing and inundating nearby lands. 
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3.2.1 Time Series Decomposition 

Many studies have explored time series decomposition techniques which allow for more 

meaningful interpretation of time series data [8]. For example, the wavelet transform has been 

used on daily time series to cluster various river systems based purely on flow characteristics [9]. 

However, limitations in the wavelet transform, such as the requirement of a basis mother 

wavelet, restrict the decomposition flexibility to specific shapes and cause WT to struggle to 

capture all meaningful information within the time series [10]. This is similar to the Fourier 

Transform (FT), which assumes a harmonic (sine/cosine) basis function [8], and has also been 

used in decomposing streamflow for monthly forecasts [11]. Another limitation of integral 

transforms, such as FT and WT, is the frequency-time trade-off, in which only one of frequency 

or time resolution can be maintained, making it difficult to know what frequencies operate at 

what times [8]. Consequently, studies using these methods to improve streamflow forecasting see 

minor improvements in forecasting accuracy [12], [13]. 

Motivated to avoid these limitations, empirical mode decomposition (EMD) and ensemble 

empirical mode decomposition (EEMD) were proposed by Mandic et al. [8] to de-noise signals 

and outline underlying fluctuating patterns operating at different frequencies. EMD allowed for a 

data-driven time-frequency analysis without a predefined basis function which has proven 

effective at isolating fluctuating patterns hidden within a signal that corresponds to external 

factors [8]. Microbiology and DNA sequencing [14], geology and seismic data [15], 

immunology and ECG data [16], are all examples of applications recently benefiting from 

EMD/EEMD. Within the field of hydrology, EMD has been used to identify relationships 

between streamflow patterns and precipitation patterns [17] or climate oscillations (e.g. El 

Niño/Southern Oscillation, North Atlantic Oscillation, Inter-decadal Pacific Oscillation [18], 

[19], [9]). Huang et al. [20] find a high correlation between the large scale fluctuations of two 
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rivers within a similar climactic zone by comparing their EMD produced intrinsic mode 

functions (IMFs). Wang et al. [21] linked different IMFs (operating at different frequencies) 

extracted from monthly streamflow using EEMD to many variables, including climate indices, 

such as solar flux index and ENSO Modoki Index, using correlation coefficients for ANN and 

SVM regression.  

3.2.2 Hindcasting Versus Forecasting 

Due to the success of EMD/EEMD in the above-listed studies, many have attempted to use these 

decomposition techniques to improve time series forecasting within the field of hydrology for 

monthly pan evaporation [22], rainfall [23], and weekly soil moisture forecasting [24]. For the 

streamflow time series specifically, EMD/EEMD has been used as preprocessing techniques for 

various statistical and ML forecasting approaches [25],[26],[27]. Kisi et al. [25] compared the 

performance of an ANN model in predicting monthly streamflow using 1-to-5 months of 

previous stream flow rates to the performance of an ANN model using 1-to-5 months of 

streamflow components from each of five IMFs derived from the EMD decomposition, finding 

significant improvements when decomposing the time series first. Wang et al. [26] compared 

autoregressive integrated moving average (ARIMA) to EMD-ARIMA and EEMD-ARIMA 

models using daily streamflow by generating a separate ARIMA model for each IMF to predict 

one time-step ahead for each IMF to then be summed into the overall flow prediction. Rezaie-

Balf et al. [27] compared M5Tree and MARS daily streamflow forecasting models with and 

without EEMD as preprocessing step to find improvements using EEMD. All of these studies 

show forecasting improvements when employing EEMD or EMD as a preprocessing step.  

However, results from some studies can be misleading because the training and testing datasets 

are decomposed and then used for training and testing, respectively, which allows data within 



 
 

60 
 

each set to use future information from within that set through the decomposition subcomponents 

(e.g. [28], [29], [30]). Alternatively, some studies do not provide enough detail to know if the 

future information was used in decomposing the time series [27],[26], and few others explicitly 

distinguish between hindcasting (models exposed to some future information in hindsight) and 

forecasting [25],[31]. However, all of these studies have shown at least a marginal benefit in 

applying decomposition prior to training and testing an ML model. Zhang et al. [32] compared 

the performance of six hybrid models (including a decomposition process) in hindcasting and 

forecasting. They found that the original models (ANN and ARMA) outperformed hybrid 

models in the forecasting experiment, but not in hindcasting. This demonstrates that using ANN 

or ARMA with singular spectrum analysis (SSA), WT or EMD to initially decompose the 

streamflow time series only worsened forecasting performance and that hindcasting can give 

potentially misleadingly improved predictions. Zhang et al. [32] suggest exploring other 

decomposition methods such as variational mode decomposition (VMD) in future studies.  

To properly assess a model’s ability to predict future events, it is crucial (especially with the 

potentially severe impact of flooding and unexpected droughts) to only consider models 

adequately trained and tested without using any future information. Zuo et al. [33] recently 

compared hindcasting and forecasting experiments using VMD, EEMD, and discrete WT as 

different preprocessing approaches to a streamflow LSTM model. They found VMD to 

outperform the other methods in its adaptability to the boundary affect. VMD’s resiliency to the 

boundary effect experienced by other methods such as EMD was one of the primary motivations 

to develop VMD and improve upon the EMD algorithm [34]. Zuo et al. [33] determined VMD to 

be superior in forecasting because the VMD-based forecasting model performed most similarly 

to its hindcasting model. At the same time, other approaches suffered from larger reductions in 
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performance between hindcasting and forecasting models. VMD has very recently also shown 

improvements compared to WT, EMD, EEMD, and complete EEMD adaptive noise (CEEMD, 

another variation of EMD that increases adaptability to noisy data) in a wide range of 

applications such as EEG signal seizure detection [35]. 

Other than Zuo et al. [33], very few studies have investigated the potential of VMD to improve 

streamflow forecasting models. Rezaie-Balf et al. [36] explored a double decomposition 

approach involving EEMD followed by VMD for daily streamflow prediction and found that the 

decomposition improves upon standalone models. Hu et al. [37] very recently recognized 

VMD’s potential to improve daily streamflow forecasting and compared ARMA, gradient 

boosting regression tree, support vector regression and backpropagation neural network models 

in predicting VMD-induced IMFs. However, this study also follows a hindcasting approach, as 

model training and testing data is split after VMD. As a result, the superior model identified in 

this study does not effectively apply to forecasting. 

Unlike EMD, which determines the number of IMFs based entirely on the input data and thus 

may produce a different number of IMFs for different datasets, VMD also has the advantage of 

having the ability to produce a defined number of IMFs [8]. This can make it easier to train and 

test an ML model because the trained model structure can rely on consistent inputs that will not 

differ from the input test data. Finally, [38] compared eight different models involving EMD, 

EEMD, or VMD as preprocessing steps and found VMD to outperform the others in predicting 

daily river flows in the Indus River Basin. 

3.2.3 Extreme Gradient Descent Boosting 

A wide range of ML models have been developed to improve streamflow forecasting following 

time series decomposition [39], from standard simple statistical models including ARIMA to 
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various ANNs, LSTM,  linear genetic programming (LGP), gene expression programming 

(GEP), and random forest regression (RFR) [26],[33],[40],[41],[36]. Rezaie-Balf et al. [36] find 

random forest regression (same model representation as gradient descent boosting [42]) 

following VMD to be more effective than GEP with and without VMD. However, none of the 

aforementioned studies have explored the forecasting ability of extreme gradient descent 

boosting (XGBoost), proposed by Chen et al. [43], which has recently shown promise in a wide 

range of problems with ML applications. Olson et al. [44] recently compared gradient tree 

boosting to 12 other common models, including random forest, SVM, KNN, AdaBoost, Logistic 

regression and Naïve Bayes models on 165 different datasets. They found gradient tree boosting 

to outperform all models on a larger proportion of the 165 datasets than any other model. Olson 

et al. [44], along with XGBoost winning most Kaggle competitions and contributing to all top 10 

winners of the KDD Cup competition in 2015 [45], highlight the model’s resiliency and 

robustness in a multitude of applications. Finally, Bekkerman [45] shows that ensemble models 

in combination with XGBoost provide only marginal improvements, if any, which may not be 

worth the trade-off associated with added complexity. 

XGBoost has been considered in a wide range of classification problems but has been explored 

for time series forecasting in only a few studies. One recent study analyzed the forecasting 

accuracy of ARIMA and XGBoost each with and without discrete WT decomposition to predict 

stock market volatility based on ten different stocks [46]. They found that including the 

decomposition improved forecasting capabilities, and the XGBoost standalone model 

outperformed ARIMA. 

Specific to hydrology, only two studies were found to investigate XGBoost performance on 

streamflow forecasting. Ni et al. [47] developed a Gaussian mixture model (GMM)-XGBoost 
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model to forecast monthly streamflow. They used GMM to initially cluster streamflow into 

groups before training XGBoost models for each group. They concluded that XGBoost is 

applicable for streamflow forecasting and outperforms SVM. They also found the ensemble 

model involving GMM helped to improve forecasting even further. Yu et al. [48] also aimed to 

forecast monthly streamflow using FT decomposition with SVR and XGBoost to find that FT-

SVR outperformed FT-XGBoost. Neither of these studies explored the potential of VMD as a 

decomposition method to couple with XGBoost. 

3.2.4 Model Assessment Criteria 

A wide range of evaluation metrics exists to quantify the forecasting ability of a time series 

model. In general, an unseen (test) set of data is compared to predictions made by a trained 

model for the corresponding data using only data points before the desired forecast. This 

comparison usually involves some similarity between model predictions and the truly observed 

flow rates within the test set. However, measuring the similarity between two datasets often 

depends on the type of data and the ML model [49]. Many common metrics exist for evaluating 

time series forecasting models, including the coefficient of determination (𝑅2) and mean 

absolute error (𝑀𝐴𝐸), which can be calculated according to the following equations: 

𝑅2 = [
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𝑀𝐴𝐸 =
1

𝑛
∑|�̂�𝑖 − 𝑦𝑖|

𝑛

𝑖=1

 

Eq. 3.2 

where the observed flow rates are given by 𝑦𝑖, … , 𝑦𝑛, the corresponding predicted flow rates are 

given by �̂�𝑖,…, �̂�𝑛 and 𝑛 is the number of data points in the test set. As shown in Eq. 3.2, 𝑀𝐴𝐸 
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(also known as an 𝐿1 loss function) calculates the absolute residuals and represents the closeness 

between predicted and actual values. A slight modification of this in which the difference 

between predicted and observed examples is divided by the true value is known as mean absolute 

percent error (𝑀𝐴𝑃𝐸) and can constrain the error to a smaller range.  

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑖 − �̂�𝑖

𝑦𝑖
|

𝑛

𝑖=1

 

Eq. 3.3 

Alternatively, 𝑀𝑆𝐸 (shown in Eq. 3.4) is an 𝐿2 loss used for measuring model accuracy.  

𝑀𝑆𝐸 =
1

𝑛
∑(�̂�𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

 

Eq. 3.4 

Many differences can arise from the implementation of 𝐿1 or 𝐿2 as loss functions in model 

training. However, one of the primary reasons to consider 𝐿2 include its increased influence from 

values of higher magnitude. This could be a limitation when dealing with a dataset containing 

outliers.  

Similarly, Nash- Sutcliffe model efficiency (𝑁𝑆𝐸) coefficient determines the relative magnitude 

of the residual variance between observed and predicted data and is commonly used to 

specifically assess the predictive skill of hydrological models [50]. 

𝑁𝑆𝐸 = 1 −
∑ (�̂�𝑖 − 𝑦𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − �̅�)2𝑛
𝑖=1

 

Eq. 3.5 

Percent bias is commonly measured in ML model evaluation by assessing the extent to which the 

model estimate differs from the observed dataset [51]. This calculation is shown below: 
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%𝐵𝑖𝑎𝑠 =
∑ 𝑦𝑖 − �̂�𝑖

𝑛
𝑖=1

𝑛
 

Eq. 3.6 

3.2.4.1 Horizontal Error 

Another significant measure of model performance is Horizontal Error (𝐻𝐸), which is not often 

presented or calculated when reporting the performance of time series ML models. Zaji et al. 

[52] introduce 𝐻𝐸 as an index essential to effectively evaluate the performance of time series 

prediction models and defined as: 

𝐻𝐸 =  1 − (
𝐶𝑃

𝑂𝑃
) 

Eq.  3.7 

where 𝑂𝑃 represents the number of observed dataset peaks and 𝐶𝑃 is the number of calculated 

dataset peaks that occur exactly when 𝑂𝑃 occurs [52]. In contrast, they consider most other 

typically applied statistical indices to be measures of Vertical Error. The significance of 𝐻𝐸 is 

that it presents an approach to quantify a model’s ability to predict time series peaks and troughs 

at the correct time. Without horizontal error, a model can suffer significantly from imitation error 

but still report high accuracy and claim robust performance. Imitation error is a common yet 

seldom discussed problem in time series forecasting, in which a ML model built to minimize 

some loss metric simply learns to imitate the previous timestep [53]. In many cases (e.g., 

streamflow time series), models can copy the last time step and still provide a prediction near the 

current step. However, the days of the highest interest are often high flow days (especially for 

flood forecasting). Without the measure of 𝐻𝐸, these days can be predicted with a delay without 

impacting vertical error metrics (such as 𝑀𝐴𝐸, 𝑀𝑆𝐸, etc.) significantly because of the 

infrequency of such data relative to low flow days. 𝐻𝐸 varies from 0 to 1, with 0 corresponding 
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to an ideal model without imitation and 1 corresponding to the case where none of the calculated 

peaks occur during the same time of the observed peaks. 

Studies such as Rezaie-Balf et al. [27] and Rezaie-Balf et al. [36] clearly display imitation error 

in their prediction plots but do not report it through any particular metric. Elkurdy et al. [4] 

aimed to explore this through a neural network-based modeling technique which produced highly 

accurate predictions based on most metrics while suffering from a very high 𝐻𝐸. Consequently, 

the performance evaluation statistics discussed above do not provide a complete evaluation and 

should be refined to properly assess the model’s forecasting performance.  

3.2.5 Study Objective 

In this study, we explore the forecasting ability of a VMD-XGBoost model for daily streamflow 

within the Bow River, Canada, to improve flood prediction and water resource management. In 

order to overcome previous limitations and issues related to hindcasting and forecasting, in this 

paper, we aim to compare streamflow forecasting performance between VMD-XGBoost and 

standalone XGBoost models using various loss functions (with and without 𝐻𝐸) in model 

training and considering the inclusion and/or exclusion of low flow seasons in training and 

testing dataset.   

3.3 Methodology and Study Area 

3.3.1 Methodology 

Whereas most similar studies aimed to develop a ML model for each of the IMFs produced from 

decomposition [21-23, 33-34], Zuo et al. [33] applied this modeling approach to create a model 

for only the IMFs deemed most influential and to create a single model based on all IMFs. They 

found that a single model using all IMFs outperformed other approaches. Similarly, the present 

study aims to use all IMFs produced from VMD to train and test a single XGBoost model. Zhang 

et al. [32] avoid hindcasting in the testing stage (as mentioned above). However, models are still 
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trained using a hindcasting approach, in which the full calibration set is decomposed before 

model training. This can lead to the ANN or ARMA models learning to hindcast rather than 

forecast. The proposed methodology for the present study is shown in Figure 3.1, in which data 

prior to the training set are used to provide inputs for the first training samples, and all inputs 

altogether avoid any exposure to future information. 

 

Figure 3.1: VMD-XGBoost Single Forecasting Model Structure1 

1Q1,…, Qm denotes 10 years of daily stream flows prior to the dataset used for training (Qm+1,…, Qtr) and testing (Qtr+1,…, Qn). 

This approach can be summarized as follows: 

1) Let Q1,…, Qm denote 10 years of daily stream flows (m ≈ 3650) prior to the dataset  used 

for training and testing, Qm+1,…, Qtr denotes the training set, and Qtr+1,…, Qn denote the 

test set. 

2) For every training sample, take 370 days of previous flow to include recent lags and up to 

1-year of lag flows prior to each target sample as input. 
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3) Apply VMD to Q1,…, Qm to produce 20 IMFs at varying frequencies and repeat over a 

sliding window of the same length until Qtr-m-1,…, Qtr-1 is decomposed. 

4) Select only 20 days of lag from each IMF and from the original time series. 

5) Train XGBoost model on IMF lags and original flow lags. 

6) Apply steps 2-4 on the testing set, beginning at Qtr-m and ending at Qn-1 for input into the 

trained XGBoost model to predict from Qtr+1 to Qn, respectively. 

The following sections include a detailed explanation of the VMD algorithm followed by the 

XGBoost training methodology. 

3.3.2 VMD Algorithm 

VMD was developed to improve upon limitations in other decomposition methods such as the 

inability to cope with noise, the lack of mathematical theory associated with EMD, or the hard 

band-limits of wavelet approaches [34]. The method integrates three well-known concepts in 

signal processing: Wiener filtering, Hilbert transform, and frequency mixing. The basic process 

can be outlined in the following steps: 

1) Apply Hilbert transform to obtain a unilateral frequency spectrum for each mode, 𝑢𝑘. 

2) Shift the mode’s frequency spectrum to “baseband” by mixing with an exponential tuned 

to the respective estimated center frequency. 

3) Estimate the bandwidth through 𝐻1 Gaussian smoothness of the mode (using the squared 

𝐿2-norm of the gradient), leading to the following optimization problem: 

min
{𝑢𝑘},{𝜔𝑘}

{∑ ‖𝜕𝑡 [(𝛿(𝑡) +
𝑗

𝜋𝑡
) ∗ 𝑢𝑘(𝑡)] 𝑒−𝑗𝜔𝑘𝑡‖

2

2

𝑘

} , 𝑠. 𝑡. ∑ 𝑢𝑘

𝑘

= 𝑓(𝑡) 

Eq. 3.8 

Here, 𝛿(𝑡) is the Dirac distribution, 𝜕𝑡 indicates a partial derivative with respect to time, and 

𝑓(𝑡) corresponds to the real component of an analytic signal. VMD scales this minimization 
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problem to large time series signals using simple weighted addition to stitch together sliding 

windows taken over discrete points in time. Each IMF produced is a signal that is amplitude and 

frequency modulated (AM-FM) and can be expressed in terms of its instantaneous amplitude 

(𝐴𝑘(𝑡)) and phase (𝜙𝑘(𝑡)) as: 

𝑢𝑘 (𝑡) =  𝐴𝑘(𝑡)𝑐𝑜𝑠(𝜙𝑘(𝑡)) 

Eq. 3.9 

Lagrangian multipliers are used to un-constrain the above minimization problem as follows: 

ℒ({𝑢𝑘}, {𝜔𝑘}, 𝜆)

≔ 𝛼 ∑ ‖𝜕𝑡 [(𝛿(𝑡) +
𝑗

𝜋𝑡
) ∗ 𝑢𝑘(𝑡)] 𝑒−𝑗𝜔𝑘𝑡‖

2

2

𝑘

+ ‖𝑓(𝑡) − ∑ 𝑢𝑘(𝑡)

𝑘

‖

2

2

+ 〈𝜆(𝑡), 𝑓(𝑡) − ∑ 𝑢𝑘(𝑡)

𝑘

〉 

Eq. 3.10 

which is then solved using an iterative process of sub-optimizations called the alternate direction 

method of multipliers. In the final VMD algorithm, the updates are made in the frequency 

domain over all samples and over all positive frequencies for the IMF, center frequency, and 

Lagrangian constant (for all 𝑘 in 𝐾), respectively, as follows: 

�̂�𝑘
𝑛+1(𝜔) =

(𝑓(𝜔) − ∑ �̂�𝑖
𝑛+1(𝜔)𝑖<𝑘 − ∑ �̂�𝑖

𝑛(𝜔) +
�̂�𝑛(𝜔)

2𝑖>𝑘 )

1 + 2𝛼(𝜔 − 𝜔𝑘
𝑛)2

  

Eq. 3.11 

𝜔𝑘
𝑛+1 =

∫ 𝜔|�̂�𝑘
𝑛+1(𝜔)|

2∞

0
𝑑𝜔

∫ |�̂�𝑘
𝑛+1(𝜔)|

2∞

0
𝑑𝜔

 

Eq. 3.12 

�̂�𝑛+1(𝜔) = �̂�𝑛(𝜔) + 𝜏 (𝑓(𝜔) − ∑ �̂�𝑘
𝑛+1(𝜔)

𝑘

) 

Eq. 3.13 
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This is done until the following convergence criteria is reached, to a desired 𝜖: 

∑
‖𝑢𝑘

𝑛+1 − 𝑢𝑘
𝑛‖

2

2

‖𝑢𝑘
𝑛‖

2

2 < 𝜖
𝑘

 

Eq. 3.14 

3.3.3 XGBoost Algorithm 

As shown in Figure 3.1, VMD is only done on subsets of the data spanning ten continuous years 

of daily streamflow. Certain outputs from this decomposition (as well as from the raw 

streamflow data) are then used to train an XGBoost model, as proposed by [43]. Similar to other 

common ensemble models such as random forest, XGBoost benefits from the combination of 

numerous weak learners rather than a single complex model (or tree), which may be more prone 

to overfitting and producing less accurate models. However, XGBoost further improves upon 

bagging models (such as random forest) by applying weights to each produced weak learner to 

improve upon incorrect predictions made by the previous learners, rather than equally weighting 

the impact of all the weak learners. Moreover, XGBoost has recently gained popularity in the 

ML community because it is known to be relatively robust for its scalability provided by 

efficient algorithmic architecture (allowing it to handle billions of examples on a single machine 

and run more than ten times faster than most similar approaches), its ability to handle sparse 

data, and its use of out-of-core computation. These features effectively distinguish XGBoost 

from other parallel tree boosting methods. 

XGBoost is a scalable machine learning approach using tree boosting with the general model 

taking the form: 

�̂�𝑖 = ∑ 𝑓𝑘(𝑥𝑖)
𝐾

𝑘=1
 

Eq. 3.15 
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where the final predicted value, �̂�𝑖, is the sum of 𝐾 regression functions (𝑓𝑘(𝑥𝑖)). 𝑥𝑖 is the input 

vector to the corresponding function and 𝑓𝑘 ∈ 𝐹, where 𝐹 is the space of all possible trees. The 

model is learned through gradient descent minimization of the following regularized loss 

function: 

𝐿(𝜙) = ∑ 𝑙(𝑦𝑖 , �̂�𝑖) + ∑ Ω(𝑓𝑘)

𝐾

𝑘=1

𝑛

𝑖=1

 

Eq. 3.16 

where Ω(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆‖𝜔‖2 is a regularization term, and the loss function (𝑙(𝑦𝑖, �̂�𝑖)) is some 

measure of the difference between the observed (𝑦𝑖) and predicted (�̂�𝑖) values. Here, 𝑇 is the 

number of leaves, 𝜆 is the trade-off parameter to scale the penalty, 𝜔 is the vector of scores on 

leaves, and 𝛾 is the complexity of each leaf. 

The model works by adding trees to help improve prediction accuracy. If �̂�𝑖
𝑡 is the prediction at 

the 𝑡-th iteration of the 𝑖-th example, the following objective function can be used: 

𝐿(𝑡) = ∑ 𝑙 (𝑦𝑖, �̂�𝑖
(𝑡−1)

+ 𝑓𝑡(𝑥𝑖))

𝑛

𝑖=1

+ Ω(𝑓𝑡(𝑥𝑖)) 

Eq. 3.17 

where 𝑓𝑡(𝑥𝑖) is a function added to the objective which is to be minimized. Through Taylor 

series expansion, removing constant terms, and rearranging, this objective function can be 

approximated to:  

�̃�(𝑡) = ∑ [𝑔𝑖𝑓𝑡(𝑥𝑖) +
1

2
ℎ𝑖𝑓𝑡

2(𝑥𝑖)] + Ω(𝑓𝑡)

𝑛

𝑖=1

 

Eq. 3.18 
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Where 𝑔𝑖 = 𝜕�̂�(𝑡−1)𝑙(𝑦𝑖 , �̂�(𝑡−1)) and ℎ𝑖 = 𝜕
�̂�(𝑡−1)
2 𝑙(𝑦𝑖 , �̂�(𝑡−1)) are the first and second order 

gradients on the loss function, respectively. With 𝐼𝑗  =  {𝑖|𝑞(𝑥𝑖)  = 𝑗} as the instance set of leaf 𝑗, 

the optimal weight of leaf 𝑗 is: 

𝜔𝑗
∗ = −

∑ 𝑔𝑖𝑖𝜖𝐼𝑗

∑ ℎ𝑖 + 𝜆𝑖𝜖𝐼𝑗

 

Eq. 3.19 

Thus, the corresponding optimal value becomes: 

�̃�(𝑡) = −
1

2
∑

(∑ 𝑔𝑖𝑖𝜖𝐼𝑗
)

2

∑ ℎ𝑖 + 𝜆𝑖𝜖𝐼𝑗

+ 𝛾𝑇

𝑇

𝑗=1

 

Eq. 3.20 

Finally, the loss reduction after the split can be determined by:  

𝐿𝑠𝑝𝑙𝑖𝑡 =
1

2
[

(∑ 𝑔𝑖𝑖𝜖𝐼𝐿
)

2

∑ ℎ𝑖 + 𝜆𝑖𝜖𝐼𝐿

+
(∑ 𝑔𝑖𝑖𝜖𝐼𝑅

)
2

∑ ℎ𝑖 + 𝜆𝑖𝜖𝐼𝑅

−
(∑ 𝑔𝑖𝑖𝜖𝐼 )2

∑ ℎ𝑖 + 𝜆𝑖𝜖𝐼
] − 𝛾 

Eq. 3.21 

Where 𝐼 =  𝐼𝐿 ∪ 𝐼𝑅, and 𝐼𝐿 and 𝐼𝑅 are example sets of left and right nodes after a split, 

respectively. This is what is used as the gain in loss reductions to compare different split 

candidates to be added in the XGBoost algorithm. 

3.3.4 Site Description 

The Bow River begins at the Bow Glacier in the Rocky Mountains and traverses through 

Alberta, Canada, eventually merging with the Oldman River to form the South Saskatchewan 

River (Figure 3.2). The Bow River winds through the Alberta foothills and serves as the primary 

waterway through the city of Calgary. The total length of the Bow River is 645 km, covering a 

drainage area of 26,200 km2, which largely contributes to flow in the spring months through 

snowmelt. A hydrometric station (05BH004) located in Calgary at 51o03’00” N, 114o03’05” W 
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representing flow for a gross drainage area of 7,870 km2 has collected a daily flow dataset 

provided by the Government of Canada through the Bow River from 1911 to 2019 [54].  

 

Figure 3.2: Bow River Watershed 

Calgary experiences a Koppen B (dry) climate at an elevation of 1084 m, with annual 

precipitation of 413 mm and more sunny days than any other major city in Canada with 

approximately 332 days of sun annually [55]. In June 2013, Calgary experienced the largest 

catastrophic loss event in Canadian history (based on economic value of losses) with five lives 

lost and as much as $6 billion in property damage [56]. Based on flow records, this was one of 

only two instances where the Bow River flow surpassed 500 m3/s, reaching an extraordinarily-

high discharge of 1750 m3/s. However, it should be noted that this flow rate can be misleading, 



 
 

74 
 

based on assumptions made in the development of the rating curve. This would explain the 

extreme magnitude of the single day’s flow and [56] even suggest that such a severe event may 

only have a return period of 40 years. The first was during another flooding event in June of 

2005, costing upwards of $275 million of insurance payouts alone [57] with a maximum flow 

rate of 602 m3/s. Accurate forecasting of stream flows at this station could help to mitigate losses 

from such an event as well as optimize dam operation for drought anticipation, maintaining 

recreational services, and maximizing power production in both the upstream Glenbow East, 

Ghost, and Morley dams [58].  

The Bow River discharge dataset is displayed and summarized in Figure 3.3 and Table 3.1, 

respectively. 

 

Figure 3.3: Bow River Stream Flow Recorded at Station 05BH004, Calgary 
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Table 3.1: Bow River Streamflow Time series Description 

Dataset Timeframe 
Mean 
(m3/s) 

Median 
(m3/s) 

Minimum 
(m3/s) 

Maximum 
(m3/s) 

Count 
St. Dev 
(m3/s) 

Initial 
Decomposition Set 

1981-01-15→1991-01-14 84.1 62.5 24.9 525.0 3652 58.1 

Training Set 1991-01-15→2010-08-11 86.4 65.4 30.1 602.0 7149 52.5 
Test Set 2010-08-12→2018-12-31 90.7 63.3 27.4 1750.0 3064 79.7 

Complete Set 1981-01-15→2018-12-31 86.7 64.3 24.9 1750 
1386

5 
61.0 

3.4 Results and Discussion 

3.4.1 Extreme Gradient Boosting using different loss functions 

To assess the ability for VMD to improve streamflow forecasting, an XGBoost model was 

initially built without any preprocessing to act as a control model to compare against a VMD-

XGBoost model. The inputs used in this modeling approach are 𝑄𝑖−370, … , 𝑄𝑖 to predict the 

output 𝑄𝑖+1, which correspond to the 370 days of flow prior to day 𝑖, where 𝑄 is flow and 𝑄𝑖+1 is 

the target flow of the next time step. In addition to previous flows, the day, week, month, and 

season of year are used as inputs. Because XGBoost uses a regularized loss function, model 

complexity is considered and minimized. Consequently, not all inputs used in training are 

required for the final model. However, to produce a more accurate model, additional inputs could 

be made within the model. Table 3.2 shows how this can vary significantly (between 100 and 

880 inputs for the standalone XGBoost model), depending on the loss function used to train the 

model.  

Table 3.2: Performance of XGBoost Model on Test set without preprocessing 1 

Loss Function 𝑅2 𝑀𝐴𝐸 (m3/s) 
𝑀𝑆𝐸 

(m3/s)2 𝑁𝑆𝐸 % 𝐵𝑖𝑎𝑠 𝐻𝐸 Inputs 
Max 

depth 

𝑀𝐴𝑃𝐸 0.763 6.882 1506.065 0.763 2.976 0.920 530 7 
𝑀𝑆𝐸 0.824 6.369 1115.544 0.824 1.202 0.935 880 1 
𝐻𝐸 -0.710 50.53 10863.230 -0.710 -3.054 0.739 650 7 

𝑀𝐴𝑃𝐸 ∗ 𝐻𝐸 0.767 6.748 1482.761 0.767 2.560 0.911 670 6 
𝑀𝑆𝐸 ∗ 𝐻𝐸 0.822 6.547 1132.427 0.822 1.205 0.879 100 1 

1 Bold denotes optimal values 

Table 3.2 also shows the performance of the standalone XGBoost model in terms of forecasting 

accuracy in general (𝑅2), 𝐿1 loss (𝑀𝐴𝐸), 𝐿2 loss (𝑀𝑆𝐸), hydrologic predictability (𝑁𝑆𝐸), model 
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% 𝐵𝑖𝑎𝑠, and its resiliency to imitation error (𝐻𝐸) as well as model complexity through the 

maximum depth of the trees and inputs required in the trained model. These results highlight 

three key findings. Firstly, both the 𝑀𝑆𝐸 and 𝑀𝑆𝐸 ∗ 𝐻𝐸 loss outperformed 𝑀𝐴𝑃𝐸 and 𝑀𝐴𝑃𝐸 ∗

𝐻𝐸, respectively, in all metrics of vertical error indicating higher accuracy from training on 𝐿2 

loss. Second, 𝑀𝑆𝐸 ∗ 𝐻𝐸 and 𝑀𝐴𝑃𝐸 ∗ 𝐻𝐸 reduced the accuracy in terms of vertical error but the 

improved performance of HE relative to 𝑀𝑆𝐸 and 𝑀𝐴𝑃𝐸, respectively, indicates the potential to 

improve 𝐻𝐸 by including 𝐻𝐸 in the optimization. However, 𝐿1 and 𝐿2 loss cannot be abandoned 

completely because using 𝐻𝐸 alone proved to produce a highly inaccurate model. This is likely 

due to HE’s inability to capture the importance of the magnitude of predictions. Finally, it should 

be noted that the 𝑀𝑆𝐸 ∗ 𝐻𝐸 loss produced the simplest model with just 100 inputs and a 

maximum depth of 1 node per tree and reducing HE while only marginally being outperformed 

in terms of vertical error by the 𝑀𝑆𝐸. This arguably makes the 𝑀𝑆𝐸 ∗ 𝐻𝐸 the best overall model 

considering model accuracy, complexity, and resiliency to imitation error. Figure 3.4 shows the 

predictions of these standalone XGBoost models alongside the true flow. Performance results in 

Table 3.2 reflect these predictions, as the 𝐻𝐸 model performs very poorly while the remaining 

models are relatively close in accuracy, and the imitation error indicated by high 𝐻𝐸 is clear 

when zooming in on the highest flow event in 2013. This event is so extreme, all models appear 

to imitate the previous day for days leading up to the peak and even fail to use the peak day when 

predicting the following days effectively. 
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Figure 3.4: Observed streamflow and Single day forecasts of standalone XGBoost Models with varying loss functions (a) from 
2014 to 2019 and (b) during the 2013 flood event. 

3.4.2 Extreme Gradient Boosting with Variational Mode Decomposition and varying loss 

functions 

Similar to the standalone XGBoost model, the VMD-XGBoost model uses 370 days of previous 

flow as inputs, in addition to the day, week, month, and season of the year. However, as shown 

in Figure 3.1, the VMD inclusive model also includes a sliding window of 10 years of daily data 

prior to the training dataset. This allows for the decomposition step to only use data unseen by 

the model when training to produce additional (VMD-induced) inputs. Specifically, prior to each 

day within the training and testing data, a lagging 10 years of data is decomposed using VMD to 

produce 20 IMFs. From each of these IMFs, a trailing 20 days prior to the training/testing target 

flow rate are used as additional inputs into the XGBoost model. This inevitably increases the 

training and testing process, but the trade-off with accuracy (in both vertical and horizontal error)  

is shown in Table 3.3 and indicates a significant improvement overall in daily streamflow 

forecasting accuracy. 
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Table 3.3: Performance of XGBoost Model with Variational Mode Decomposition 1 

Loss Function 𝑅2 
𝑀𝐴𝐸 

(m3/s) 
𝑀𝑆𝐸 

(m3/s)2 
𝑁𝑆𝐸 % 𝐵𝑖𝑎𝑠 𝐻𝐸 Inputs Max depth 

𝑀𝐴𝑃𝐸 0.817 3.929 1165.86 0.817 0.911 0.385 950 3 
𝑀𝑆𝐸 0.840 4.299 1016.41 0.840 0.218 0.412 930 1 
𝐻𝐸 0.826 4.168 1108.27 0.826 0.723 0.418 650 2 

𝑀𝐴𝑃𝐸 ∗ 𝐻𝐸 0.818 4.032 1159.05 0.818 0.846 0.382 780 3 
𝑀𝑆𝐸 ∗ 𝐻𝐸 0.816 4.481 1172.14 0.816 0.628 0.446 330 2 

1 Bold denotes optimal values 

 

Comparing the results from the XGBoost models with and without VMD highlights the overall 

improved accuracy among all loss functions from using VMD. Whereas the 𝑀𝑆𝐸 ∗ 𝐻𝐸 model 

did not improve in vertical prediction accuracy, using VMD reduced the HE and Bias by 

approximately half from 0.88 to 0.45, and 1.2% to 0.6%, respectively. All other models saw at 

least a marginal improvement across all accuracy measures, including a reduction in HE by at 

least half (with the exception of the HE models, which reduced from 0.74 to 0.42 when using 

VMD), even without using HE in the loss function. The predictions of the various VMD-

XGBoost models throughout the test set are shown in Figure 3.5. HE is arguably a much better 

indicator of flood forecasting than accuracy at a particular point because rather than measuring 

the forecast accuracy in terms of predicting the correct magnitude, it aims to predict the correct 

time of flooding. Even with this known model limitation, predicting flows above a specified 

dangerous level ahead of time still provides the benefit of allowing civilians to anticipate a 

flooding event (the severity beyond a certain point will not significantly affect the loss mitigation 

approaches adopted). Pomeroy et al. [56] find the 20, 70, and 100-year return period in the Bow 

River to be approximately 300, 400, and 500 m3/s, respectively. Thus, the proposed model has 

the potential to be used to develop a flood warning one day in advance, since it effectively 

predicts the first day over 300 m3/s, and correctly identifies the day of the peak. Specifically, the 

inclusion of VMD improves overall streamflow forecasting using XGBoost. However, the best 
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loss function depends on the relative importance of model complexity, vertical error, and 

horizontal error. 

 

Figure 3.5: Observed streamflow and Single day forecasts of VMD-XGBoost Models with varying loss functions (a) from 2014 to 
2019 and (b) during the 2013 flood event. 

3.4.3 Compare training only on flooding season 

Based on the results above, the VMD-XGBoost model seems to provide very accurate 

streamflow forecasts using all proposed loss functions. However, the primary weakness is found 

when investigating model performance on extremely high flow days, such as the June 2013 event 

which is shown in Figure 3.5. This is likely a result of the lack of exposure to such extreme data 

within the training set. In reality, adoption of this model would involve training on this event, 

which is expected to significantly improve the model’s ability to predict extreme flow events, 

especially with an 𝐿2 loss function to increase the penalty of mispredicting such an extreme 

value.  
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Techniques have been used in ML, such as over or under-sampling of certain data groups from 

the full dataset to feed the model more balanced training data. This helps expose the model to 

wide variety of data to lead to improved predictions in the future. This is more difficult to do 

with time series data because of the dependency on previous data, which is needed as input when 

training, and thus would also have to be part of the sample. Considering this, an alternative 

approach that is explored in this section is to train and test using data only from March through 

August, as higher flows typically occur in these months, as shown in Table 3.4. 

Table 3.4: Bow River Streamflow Time series Description using only March-August 

Dataset Timeframe 
Mean 
(m3/s) 

Median 
(m3/s) 

Minimum 
(m3/s) 

Maximum 
(m3/s) 

Count 
St. Dev 
(m3/s) 

Initial 
Decomposition Set 

1981-01-15→1991-01-14 108.72 91.0 35.7 525 1840 71.8 

Training Set 1991-01-15→2010-08-11 109.12 91.0 38.7 602 3660 63.8 
Test Set 2010-08-12→2018-12-31 125.14 91.3 36.9 1750 1492 102.5 

Complete Set 1981-01-15→2018-12-31 112.43 91.1 35.7 1750 6992 76.0 

 

Since the previous model has already proven effective in predicting most flow scenarios but 

suffers slightly at very high flows, accuracy in extreme flow prediction might be improved by 

removing low flow months to allow the model to better learn extreme flows. Using the same 

dataset as before but excluding all data from September through February in every year, 

modified versions of the VMD-XGBoost models are developed to produce the predictions shown 

in Figure 3.6, and the results are reported in Table 3.5. Note, the results from Table 3.3 above are 

reported based on predictions only for data between March and August in order to effectively 

compare the models. 
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Table 3.5: Performance of XGBoost Model with Variational Mode Decomposition only on March – August flows 1 

Loss Function 𝑅2 
𝑀𝐴𝐸 
(m3/s) 

𝑀𝑆𝐸 
(m3/s)2 

𝑁𝑆𝐸 % 𝐵𝑖𝑎𝑠 𝐻𝐸 Inputs Max depth 

1 day 𝑀𝑆𝐸2 0.801 7.4158 2083.427 0.801 0.983 0.435 930 1 
1 day 𝑀𝐴𝑃𝐸 ∗ 𝐻𝐸2 0.774 7.0566 2376.549 0.774 2.198 0.439 780 3 
1 day 𝑀𝑆𝐸 ∗ 𝐻𝐸2 0.771 7.7312 2402.683 0.771 1.827 0.475 330 2 

1 day 𝑀𝑆𝐸 0.806 7.508 1970.286 0.806 0.815 0.518 800 1 
1 day 𝑀𝐴𝑃𝐸 ∗ 𝐻𝐸 0.774 6.958 2295.249 0.774 1.833 0.463 840 2 
1 day 𝑀𝑆𝐸 ∗ 𝐻𝐸 0.795 8.186 2087.863 0.795 0.752 0.502 440 1 

2 day 𝑀𝑆𝐸 0.748 10.086 2560.535 0.748 2.763 0.492 410 2 
2 day 𝑀𝐴𝑃𝐸 ∗ 𝐻𝐸 0.791 9.222 2121.867 0.791 1.532 0.453 1000 1 
2 day 𝑀𝑆𝐸 ∗ 𝐻𝐸 0.780 9.636 2237.364 0.780 1.871 0.440 750 1 

1 Bold denotes optimal values 

2models trained on entire dataset (as presented previously), performance reported on only March-

August flows 

 
Figure 3.6: Performance of VMD-XGBoost models on high flow seasons single day forecasts (a) from 2014 to 2019 and (b) during 
the 2013 flood event. 

Table 3.5 shows similar overall performances across the different models predicting flow one 

day ahead. Although performance is not increased greatly by using only the high flow months, 

performance in terms of 𝐿2 loss (𝑀𝑆𝐸) is improved for all loss functions. This is also shown in 

Figure 3.6, as the models trained on data between March and August managed to more 
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accurately predict the peak flow of the Calgary 2013 flood. As previously mentioned, the 

extreme flow of this event may be misleading based on rating curve assumptions, demonstrating 

that correctly identifying flow above dangerous levels (300-500 m3/s) at the right time provides 

more impactful foresight in terms of flood anticipation than predicting the exact maximum flow. 

Consequently, filtering training data to include high flow months is a more practical approach 

when specifically targeting flood forecasting purposes and the associated consideration of flood 

events for reservoir management. 

To further assess the proposed forecasting approach, a VMD-XGBoost model was trained on 

high flow months to predict flow rates two days in advance (see results presented in Table 3.5). 

The resulting predictions are shown in Figure 3.7, alongside the single day forecasts for the same 

model for comparison. 

 

Figure 3.7: 1 and 2-day VMD-XGBoost forecasts, trained on March-August flows (a) from 2014 to 2019 and (b) during the 2013 
flood event. 
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From Table 3.5 and Figure 3.7, it is evident that the model trained to predict two days in advance 

is less prone to imitation error, contrary to what might be expected. This highlights the 

robustness of the modeling approach and the model’s ability to learn streamflow patterns. 

Although accuracy is lost, as can be expected by predicting further in advance, the relatively low 

horizontal error (0.44-0.49) highlights the model’s resiliency to imitation error. 

3.4.4 Model Reproducibility 

Following promising results from the proposed VMD-XGBoost methodology for forecasting 

daily flows in the Bow River, the same methodology was applied to another streamflow dataset 

recorded in the Ottawa River, Canada at station 02KF005. The same split over the same 

timeframe of daily flow rate data was used to develop training and testing sets for this new 

streamflow time series. VMD was applied to produce inputs in addition to those obtained from 

the raw data (370 days of lagging flow, and day of year) for every day within the train and test 

sets. Specifically, 20 lags were taken from each of 20 IMFs produced by applying VMD to 10 

years of flow rates in the Ottawa River prior to each target flow rate for the train and test sets. 

The VMD-XGBoost daily predictions using three different loss functions are shown alongside 

the original dataset in Figure 3.8, with the corresponding evaluation metrics presented in Table 

3.6. Here, forecasting accuracy in the Ottawa River is very high and comparable to the Bow 

River results. 
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Figure 3.8: VMD-XGBoost predictions in the Ottawa River 

Table 3.6: VMD-XGBoost Performance on secondary dataset 

Loss Function 𝑅2 
𝑀𝐴𝐸 
(m3/s) 

𝑀𝑆𝐸 
(m3/s)2 

𝑁𝑆𝐸 % 𝐵𝑖𝑎𝑠 𝐻𝐸 Inputs Max depth 

1 day 𝑀𝑆𝐸 0.992 
33.256

0 
4509.038 0.992 6.630 0.452 750 1 

1 day 𝑀𝐴𝑃𝐸 ∗ 𝐻𝐸 0.990 
28.922

4 
5616.093 0.990 7.424 0.374 800 2 

1 day 𝑀𝑆𝐸 ∗ 𝐻𝐸 0.991 
32.851

1 
5009.189 0.991 9.924 0.414 730 1 

 

Showing the proposed methodology’s effectiveness on this secondary dataset indicates that 

VMD-XGBoost’s forecasting ability is not limited to the specific conditions associated with the 

Bow River watershed. Thus, it has the potential to be applied in various watersheds and for 

various waterways. 

3.5 Conclusion 
This study presents the first known investigation of variational mode decomposition and extreme 

gradient boosting to optimize hydropower generation and improve flood forecasting by daily 

streamflow forecasting. VMD has recently shown promise and superiority over other 

decomposition approaches for discovering patterns underlying complex time series data in a 
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wide range of fields and applications, including streamflow. XGBoost has also gained immense 

popularity in the ML world recently yet, to date, has not been thoroughly explored for stream 

flow prediction.  

XGBoost has the advantage of allowing a user-defined loss function to navigate model 

optimization when training. This study compares the performance of models trained on 𝐿1 and 𝐿2 

loss functions and their combination with 𝐻𝐸, which has rarely been explored in hydrological 

time series forecasting studies. 𝐻𝐸 is used in this study as an indicator of model performance 

because of its ability to quantify imitation error, which is an often-neglected commonly 

encountered error in time series forecasting. Contrary to many studies, the modelling approach 

used avoids indirectly using future data in training and testing and is tested on the Bow River, 

Canada. 

Some modifications in the modeling approach can be investigated further to improve model 

performance, such as optimizing the number of IMFs to produce from VMD to extract as much 

meaningful information as possible using a recently proposed approach [59], which would add 

complexity to the existing modeling approach but may improve overall results. This has only 

been investigated recently and only shown improvements categorizing accelerometer data and 

may not necessarily improve streamflow forecasting. Additionally, the methodology of the 

present study can be further validated by applying a different dataset, which could allow for 

comparison of model performance in similar or different watersheds/applications [53],[60],[61]. 

The findings of this study indicate that: 1) VMD significantly improves the overall XGBoost 

forecasting accuracy, especially by significantly reducing 𝐻𝐸 to 0.41 while maintaining an NSE 

of 0.84, and 0.20% bias; 2) 𝐿2 loss is effective at improving prediction of high flow events and 
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including 𝐻𝐸 in the loss function does not reduce 𝐻𝐸 as much as using VMD as a preprocessing 

step; and 3) modifying model training data to only include high flow seasons allows the model to 

more accurately predict extreme flows. Additionally, VMD-XGBoost’s promising forecasting 

ability is replicated on a secondary dataset to show its reproducibility. Thus, the VMD-XGBoost 

model proposed in this study shows promise in successfully extracting information to forecast 

daily streamflow using only the streamflow time series accurately. Specifically, the VMD-

XGBoost model is resilient to the imitation error, showing the potential to significantly reduce 

flood losses by improving flood forecasting and optimize other areas of water resources 

management. 
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4. Conclusion 
Machine learning has evolved to the forefront of many industries over the past few decades. Its 

ability to tackle environmental issues is being increasingly explored and it has proven successful 

in many applications. Our future success in tackling environmental and hydrological issues will 

certainly involve extracting as much meaningful information as possible from data collected 

while observing our environment, and analyzing this information to accurately model and predict 

the future. 

4.1 Summary of findings 
This thesis aims to maximize our potential to improve streamflow forecasting methods given a 

single historic streamflow time series. As ML research evolves overtime to favor various models, 

the optimal approach to optimize streamflow forecasting ability also evolves. 

Chapter 2 in this thesis explores the potential of a relatively simple GS-GMDH neural network in 

streamflow forecasting using solely historical streamflow data. The model’s prediction 

performance is accurate according to most conventional evaluation metrics for time series and 

hydrological modeling, with NSE of 0.644, MAE of 6.70, MSE of 2198.1 and 1.8% bias. 

However, the model is highly prone to imitation error (HE = 0.88), which indicates the model 

consistently mistimes flow rate predictions at the peaks and troughs.  

In Chapter 3, a more recently promising ML model, XGBoost, was found to improve upon the 

GS-GMDH forecasting model from Chapter 2 (NSE of 0.824, MAE of 6.37, MSE of 1115.5 and 

1.2% bias). However, it was even more prone to imitation error, with a HE of 0.935 suggesting it 

mistimed peaks and troughs in flow over 93% of the time. This major limitation in forecasting 

ability is drastically reduced when VMD is applied as a preprocessing step for XGBoost, which 

not only improved prediction accuracy slightly (NSE of 0.840, MAE of 4.30, MSE of 1016.4 and 

0.22% bias), but also proved to reduce HE by over half to 0.41. This was consistently achieved 
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for variations of this single day forecasting VMD-XGBoost model (using different loss 

functions). Moreover, the highly accurate forecasting ability produced by this model on a 

secondary dataset (NSE of 0.990, MAE of 28.92, MSE of 5616.1, 7.42% bias, and HE of 0.37) 

suggests its ability to be applied to multiple watersheds of various sizes and hydrologic 

characteristics.  

4.2 Contribution of research 
This research is a step towards the ultimate goal of perfecting hydrologic and environmental 

modeling and forecasting. To continually approach this goal, modifications to our modeling and 

forecasting approaches will need to be made alongside advancements in ML theory, computer 

technology, and hydrologic monitoring for data collection. Based on historic advancements in 

ML causing shifts in the types of models exceling in specific applications, different model types 

may evolve to improve upon those currently providing the best performance. Similarly, 

approaches to hydrologic modeling and forecasting has been dynamically evolving over recent 

decades, from observing physical scaled models to physically-based computer simulations, and 

various ML approaches. Computational power and memory have been continually growing at a 

faster rate as accessibility to this improved technology also increases, allowing increased rates of 

research and advancement in computationally demanding fields. It also allows for increased 

ability to process more data, which is also becoming increasingly more detailed, reliable, and 

accessible.  

All these various advancements increasingly encourage the adoption of ML to solve various 

complex problems, including those in hydrologic modeling and environmental forecasting 

problems. Typically, these problems rely on very similar types of variables, which typically are 

both nonlinear and nonstationary in time and/or space. This makes these variables very difficult 
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to predict, especially considering they also vary both temporally and spatially as a result of 

interactions with other similar types of variables. 

4.3 Limitations and future recommendations 
Due to limited access to large enough datasets, computer memory and power, and time, a limited 

number of forecasting approaches were explored in this thesis. This leaves a great deal of room 

for improvement in streamflow forecasting and other hydrological problems using ML. As ML 

evolves and improves, its ability to tackle more environmentally-oriented datasets, new models 

and data processing approaches (such as VMD) will need to be explored.  

As one of the primary findings in this thesis, time series decomposition using VMD has shown to 

improve time series forecasting for streamflow. Naturally, a next step towards improving 

environmental modeling in general could be to either integrate other variables as predictors for 

streamflow forecasting or to apply the same approach to any other complex environment time 

series dataset such as precipitation, temperature, and/or groundwater level, to name a few. Due to 

similarities in the data for these different variables, applying the same approach may results in 

improvements as with streamflow forecasting. Moreover, integrating these datasets into a single 

model could be expected to improve prediction of at least one, if not all, of the variables. For 

example, including a precipitation dataset (with or without decomposing the time series) may 

improve streamflow forecasting since precipitation likely has at least some effect on streamflow. 

This will likely be the case in future research as the value of data is being increasingly 

recognized and is leading to increased data being recorded and accessible. Ideally, all data that 

may remotely effect streamflow should be included, as long as the computational requirements 

are available. 
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Additionally, as computer memory and power becomes more readily available, and as ML 

approaches become more efficient and effective, time consuming processing steps such as VMD 

are likely to become easier and more feasible to implement. It will also become easier to make 

more comprehensive models integrating various, large datasets. To instigate the most effective 

and accurate performance from hydrologic ML models, more complex approaches such as 

ensemble models can be explored. Reinforcement learning may also have the potential to 

improve flood forecasting for its ability to adapt to unseen scenarios, which is becoming 

increasingly more common in the environment as a result of climate change.  

Finally, due to the data-driven nature of ML models, these models are expected to benefit from 

being retrained on updated data as it becomes available. Although these models may only 

improve marginally from small additions of data (making it not worth retraining often), including 

more examples of flooding events as they occur can be expected to improve overall flood 

forecasting accuracy. 

This thesis explores various ML modelling approaches aiming to accurately and timely forecast 

streamflow using just historic streamflow, which is becoming increasingly available in different 

settings. Without incorporating a fully comprehensive dataset of all available data related to 

streamflow (which is often inconsistently available in different settings), the proposed 

approaches mitigate the requirements of cumbersome data collection and processing, as well as 

more complex, opaque and data-intensive models associated with the more elaborate input 

datasets. As shown in other ML applications with limited data availability, feature engineering or 

other forms of data preprocessing allows ML models to better predict complex variables. This 

thesis highlights this potential specifically with time series data through the use of VMD in 
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streamflow forecasting, which can similarly be applied to other hydrologic and environmental 

modeling and forecasting approaches. 
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5. Appendix 

5.1 VMD Code 
import pandas as pd 
import numpy as np 
from vmdpy import VMD 
 
flow_filename = 'ValidationStationFlow' 
features_filename = 'VMD_features' 
 
flowdata = pd.read_pickle('{}.pkl'.format(flow_filename)) 
 
alpha = 2000       # moderate bandwidth constraint   
tau = 0.            # noise-tolerance (no strict fidelity enforcement)   
K = 20              # 3 modes   
DC = 0  
tol = 1e-6 
init = 1        # initialize omegas uniformly 
K = 20 
 
# Function to get VMD lags for each IMF (lags=None takes all lags) 
def imf_features(df, K, lags=None): 
    imfs, u_hat, omega = VMD(df.values, alpha, tau, K, DC, init, tol) 
    new_df = pd.DataFrame(imfs[:,-lags:].T, columns = ['IMF{}'.format(i+1) for i in range(imfs.shape[0])]).iloc[::-
1].reset_index(drop=True).unstack().to_frame().sort_index(level=1).T 
    new_df.columns = ["_lag".join(map(str,item)) for item in new_df.columns.to_flat_index()] 
    return new_df 
 
rows=[] 
for i in range(flowdata.shape[0]-3653): 
    print(flowdata.index[i], flowdata.index[3653+i]) 
    day_feats = imf_features(flowdata.loc[flowdata.index[i]:flowdata.index[3653+i]], K, lags=25) 
    vmd_features = pd.DataFrame(day_feats.values,columns = day_feats.columns, index = flowdata.index[3653+i
:3654+i]) 
    rows.append(vmd_features) 
rows[0].append([rows[i] for i in range(len(rows))]) 
vmd_features = rows[0].append([rows[i] for i in range(len(rows))]) 
vmd_features.to_pickle("{}.pkl".format(features_filename)) 

Box 5.1: VMD feature collection 

5.2 XGBoost Code 
from math import sqrt 
import scipy.signal as sci 
from itertools import product 
import pandas as pd 
import matplotlib.pyplot as plt 
import numpy as np 
from functools import partial 
from sklearn.metrics import r2_score, mean_absolute_error, mean_squared_error, make_scorer 
from sklearn.model_selection import (TimeSeriesSplit, train_test_split,  
                                     cross_val_score) 
from sklearn.preprocessing import StandardScaler, scale 
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from hyperopt import fmin, tpe, hp, Trials, STATUS_OK, STATUS_FAIL 
import xgboost as xgb 
from statsmodels.tsa.stattools import pacf, acf 
from sklearn.linear_model import LinearRegression 
import pickle 
 
def loss(pred, truth, cumsum=False): 
    bias = np.sum((truth-pred))/len(truth) 
    mse = mean_squared_error(truth,pred) 
    rms = sqrt(mse) 
    if cumsum: 
        print('r2 score:{}, RMS: {}, MAE: {}, MSE:{}, Bias:{}'.format(r2_score(truth,pred), rms, mean_absolute_error(t
ruth,pred), mse,bias)) 
        return 
    cp = sci.find_peaks(pred)[0] 
    op = sci.find_peaks(truth)[0] 
    cop = sum([np.array_equal(x,y) for x,y in product(cp,op)])# number of calc peaks that happen at same time as 
observed 
    HE = 1-(cop/len(op)) 
    print('r2 score:{}, RMS: {}, MAE: {}, MSE:{}, Bias:{}, HE:{}'.format(r2_score(truth,pred), rms, mean_absolute_err
or(truth,pred), mse,bias, HE)) 
    return r2_score(truth,pred), rms, mean_absolute_error(truth,pred), mse,bias, HE 
 
#To detrend and remove seasona effect and log transform to avoid non-stationary effects 
class TargetTransformer: 
    """ 
    Perform some transformation on the time series 
    data in order to make the model more performant and 
    avoid non-stationary effects. 
    """ 
         
    def __init__(self, log=False, detrend=False, diff=False): 
         
        self.trf_log = log 
        self.trf_detrend = detrend 
        self.trend = pd.Series(dtype=np.float64) 
     
    def transform(self, index, values): 
        """ 
        Perform log transformation to the target time series 
 
        :param index: the index for the resulting series 
        :param values: the values of the initial series 
 
        Return: 
            transformed pd.Series 
        """ 
        res = pd.Series(index=index, data=values) 
 
        if self.trf_detrend: 
            self.trend = TargetTransformer.get_trend(res) - np.mean(res.values) 
            res = res.subtract(self.trend) 
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        if self.trf_log: 
            res = pd.Series(index=index, data=np.log(res.values)) 
         
        return res 
     
    def inverse(self, index, values): 
        """ 
        Go back to the original time series values 
 
        :param index: the index for the resulting series 
        :param values: the values of series to be transformed back 
 
        Return: 
            inverse transformed pd.Series 
        """         
        res = pd.Series(index=index, data=values) 
         
        if self.trf_log: 
            res = pd.Series(index=index, data=np.exp(values)) 
        try: 
            if self.trf_detrend: 
                assert len(res.index) == len(self.trend.index)                 
                res = res + self.trend 
                 
        except AssertionError: 
            print("Use a different transformer for each target to transform") 
             
        return res 
     
    @staticmethod 
    def get_trend(data): 
        """ 
        Get the linear trend on the data which makes the time 
        series not stationary 
        """ 
        n = len(data.index) 
        X = np.reshape(np.arange(0, n), (n, 1)) 
        y = np.array(data) 
        model = LinearRegression() 
        model.fit(X, y) 
        trend = model.predict(X) 
        return pd.Series(index=data.index, data=trend) 
         
def create_lag_features(target, lags=None, thres=0.2, stepsahead=1, dt = 'daily', days=1): 
    #create_lag_features(target, thres=0.2, lags=list(range(0,380)), dt = 'hourly', days=4) 
     
    scaler = StandardScaler() 
    features = pd.DataFrame() 
     
                 
    if lags is None: 
        partial = pd.Series(data=pacf(target, nlags=48)) 
        lags = list(partial[np.abs(partial) >= thres].index) 
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    df = pd.DataFrame() 
    if 0 in lags: 
        lags.remove(0) # do not consider itself as lag feature 
    for l in lags: 
        df[f"lag_{l}"] = target.shift(l+stepsahead-1) 
         
    features = pd.DataFrame(scaler.fit_transform(df[df.columns]),  
                            columns=df.columns) 
 
    features = df 
    features.index = target.index 
     
    return features 
 
def create_ts_features(data): 
 
    features = pd.DataFrame() 
 
    features["dayofyear"] = data.index.dayofyear 
    features["weekofyear"] = data.index.weekofyear 
    features["month"] = data.index.month 
    features["season"] = (data.index.month%12 + 3)//3 
     
    features.index = data.index 
         
    return features 
 
# MAPE computation 
def mape(y, yhat, perc=True): 
    n = len(yhat.index) if type(yhat) == pd.Series else len(yhat)     
    mape = [] 
    for a, f in zip(y, yhat): 
        # avoid division by 0 
        if f > 1e-9: 
            mape.append(np.abs((a - f)/a)) 
    mape = np.mean(np.array(mape)) 
    return mape * 100. if perc else mape 
 
# MSE computation 
def mse(y, yhat, perc=True): 
    mserr = mean_squared_error(y,yhat) 
    return mserr 
 
def he(y, yhat, perc=True): 
    cp = sci.find_peaks(yhat)[0] 
    op = sci.find_peaks(y)[0] 
    cop = sum([np.array_equal(x,y) for x,y in product(cp,op)])# number of calc peaks that happen at same time as 
observed 
    HE = 1-(cop/len(op)) 
    return HE 
 
# MSE computation + HE 
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def msehe(y, yhat, perc=True): 
    mse = mean_squared_error(y,yhat) 
 
    cp = sci.find_peaks(yhat)[0] 
    op = sci.find_peaks(y)[0] 
    cop = sum([np.array_equal(x,y) for x,y in product(cp,op)])# number of calc peaks that happen at same time as 
observed 
    HE = 1-(cop/len(op)) 
 
    return mse*HE 
 
# MAPE computation + HE 
def mapehe(y, yhat, perc=True): 
    n = len(yhat.index) if type(yhat) == pd.Series else len(yhat)     
    mape = [] 
    for a, f in zip(y, yhat): 
        # avoid division by 0 
        if f > 1e-9: 
            mape.append(np.abs((a - f)/a)) 
    mape = np.mean(np.array(mape)) 
 
    cp = sci.find_peaks(yhat)[0] 
    op = sci.find_peaks(y)[0] 
    cop = sum([np.array_equal(x,y) for x,y in product(cp,op)])# number of calc peaks that happen at same time as 
observed 
    HE = 1-(cop/len(op)) 
 
    return mape*HE 
 
def train_xgb(params, X_train, y_train, scorer = mse_scorer): 
    """ 
    Train XGBoost regressor using the parameters given as input. The model 
    is validated using standard cross validation technique adapted for time series 
    data. This function returns a friendly output for the hyperopt parameter optimization 
    module. 
 
    Parameters 
    ---------- 
    params: dict with the parameters of the XGBoost regressor. For complete list see:  
            https://xgboost.readthedocs.io/en/latest/parameter.html 
    X_train: pd.DataFrame with the training set features 
    y_train: pd.Series with the training set targets     
 
    Returns 
    ------- 
    dict with keys 'model' for the trained model, 'status' containing the hyperopt 
    status string and 'loss' with the RMSE obtained from cross-validation 
    """ 
 
    n_estimators = int(params["n_estimators"]) 
    max_depth= int(params["max_depth"]) 
 
    try: 
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        model = xgb.XGBRegressor(n_estimators=n_estimators,  
                                 max_depth=max_depth,  
                                 learning_rate=params["learning_rate"], 
                                 subsample=params["subsample"]) 
 
        result = model.fit(X_train,  
                           y_train.values.ravel(), 
                           eval_set=[(X_train, y_train.values.ravel())], 
                           early_stopping_rounds=50, 
                           verbose=False) 
        # cross validate using the right iterator for time series 
        cv_space = TimeSeriesSplit(n_splits=10) 
        cv_score = cross_val_score(model,  
                                   X_train, y_train.values.ravel(),  
                                   cv=cv_space,  
                                   scoring=scorer) 
 
        rmse = np.abs(np.mean(np.array(cv_score))) 
        return { 
            "loss": rmse, 
            "status": STATUS_OK, 
            "model": model 
        } 
 
    except ValueError as ex: 
        return { 
            "error": ex, 
            "status": STATUS_FAIL 
        } 
 
def optimize_xgb(X_train, y_train, max_evals=10, scorer=mse_scorer): 
    """ 
    Run Bayesan optimization to find the optimal XGBoost algorithm 
    hyperparameters. 
 
    Parameters 
    ---------- 
    X_train: pd.DataFrame with the training set features 
    y_train: pd.Series with the training set targets 
    max_evals: the maximum number of iterations in the Bayesian optimization method 
 
    Returns 
    ------- 
    best: dict with the best parameters obtained 
    trials: a list of hyperopt Trials objects with the history of the optimization 
    """ 
 
    space = { 
        "n_estimators": hp.quniform("n_estimators", 100, 1000, 10), 
        "max_depth": hp.quniform("max_depth", 1, 8, 1), 
        "learning_rate": hp.loguniform("learning_rate", -5, 1), 
        "subsample": hp.uniform("subsample", 0.8, 1), 
        "gamma": hp.quniform("gamma", 0, 100, 1) 
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    } 
 
    objective_fn = partial(train_xgb,  
                           X_train=X_train,  
                           y_train=y_train,  
                           scorer=scorer) 
 
    trials = Trials() 
    best = fmin(fn=objective_fn, 
                space=space, 
                algo=tpe.suggest, 
                max_evals=max_evals, 
                trials=trials) 
 
    # evaluate the best model on the test set 
    print(f""" 
    Best parameters: 
        learning_rate: {best["learning_rate"]}  
        n_estimators: {best["n_estimators"]} 
        max_depth: {best["max_depth"]} 
        sub_sample: {best["subsample"]} 
        gamma: {best["gamma"]} 
    """) 
    return best, trials 
 
mape_scorer = make_scorer(mape, greater_is_better=False) 
mse_scorer = make_scorer(mse, greater_is_better=False) 
he_scorer = make_scorer(he, greater_is_better=False) 
msehe_scorer = make_scorer(msehe, greater_is_better=False) 
mapehe_scorer = make_scorer(mapehe, greater_is_better=False) 
 
# dictionary to keep track of all results 
vmdxgboost_results = { 
    "mse1d" : {}, 
    "mapehe1d" : {}, 
    "msehe1d" : {}, 
 
    "mse2d" : {}, 
    "mapehe2d" : {}, 
    "msehe2d" : {}, 
} 
 
features_filename = 'VMD_features.pkl' 
target_filename = 'ValidationStationFlow.pkl' # or 'downtown.pkl' ('05BH004flow.pkl' for full record) 
 
vmd_features = pd.read_pickle(features_filename) 
target = pd.read_pickle(target_filename) 
 
lags = create_lag_features(target, stepsahead=1, thres=0.2, lags=list(range(0,380))) 
ts = create_ts_features(target) 
features = ts.join(lags, how="outer").dropna() 
target = target[target.index >= features.index[0]] 
#Join vmd_features and features 
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features_vmd = features.join(vmd_features.shift(-1).dropna()).fillna(0) 
X_train, X_test, y_train, y_test = train_test_split(features_vmd,#[features_vmd['season'].isin([2,3])],  
                                                target,#[features_vmd['season'].isin([2,3])],  
                                                test_size=0.3, 
                                                shuffle=False)  
 
y_train_trf = TargetTransformer(log=False, detrend=False) 
y_train = y_train_trf.transform(y_train.index, y_train.values) 
 
y_test_trf = TargetTransformer(log=False, detrend=False) 
y_test = y_test_trf.transform(y_test.index, y_test.values) 
 
stepahead=1 
losses = [mse_scorer, mapehe_scorer, msehe_scorer] 
for los in losses: 
    best, trials = optimize_xgb(X_train, y_train, max_evals=50, scorer=los) 
 
    res = train_xgb(best, X_train, y_train) 
    xgb_model = res["model"] 
    predictions = xgb_model.predict(X_test) 
 
    # inverse transform 
    actual = y_test 
    predictions = pd.Series(data=predictions, index=y_test.index) 
    # predictions = transformer.inverse(y_test.index, predictions) 
    # actual = transformer.inverse(y_test.index, y_test.values) 
 
    fig, ax = plt.subplots(1, 1, figsize=(12, 8)) 
    y = y_test_trf.inverse(y_test.index, y_test.values) 
    p = y_test_trf.inverse(y_test.index, predictions) 
    ax.plot(y, label="target", color="blue") 
    ax.plot(p, label="predicted", color="red") 
    ax.legend() 
    plt.show() 
 
    performance = loss(predictions, actual) 
    vmdxgboost_results['{}{}d'.format(str(los)[12:-26],stepahead)] = { 
        "predicted": predictions, 
        "r2 score": performance[0], 
        "RMS":performance[1], 
        "MAE":performance[2], 
        "MSE":performance[3], 
        "Bias":performance[4], 
        "HE":performance[5], 
        "learning_rate": {best["learning_rate"]}, 
        "n_estimators": {best["n_estimators"]}, 
        "max_depth": {best["max_depth"]}, 
        "sub_sample": {best["subsample"]}, 
        "gamma": {best["gamma"]}, 
        "model":xgb_model 
    } 
 
# write python dict to a file 
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output = open('vmdxgboostresults.pkl', 'wb') 
pickle.dump(vmdxgboost_results, output) 
output.close() 

Box 5.2: XGBoost Implementation 


