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Flood is a highly chaotic, strongly emergent, and naturally occurring pattern. Flood prediction is important for building resilience to
natural disasters by proactively managing and minimizing the impacts of natural hazards on our everyday lives. This project attempts to
create a model that can accurately and efficiently map water level as a function of climate conditions to forecast flood levels at a given
point in the future. Machine learning, as one of the Artificial Intelligence methods, contributes highly to the advancements of prediction
systems to provide better performance and cost-effective solutions. Most of the current flood prediction models are primarily concerned
with heavy rainfall and hurricanes. However, flooding in New Brunswick, commonly referred to as the spring flood, is primarily caused
by rapid snowmelt, heavy rainfall and ice jams occurring during the spring (Figures 1 and 2). To create an accurate prediction, we imple-
mented machine learning to discover a new prediction model for this type of flooding, using local environmental data and considering

different hydrology and climate variables.

HYPOTHESIS

We believed that local climate data such as temperature and pre-
cipitation, including rainfall and snow on the ground, will have
significant effects on water level during the flood season.

METHODS AND PROCEDURE

Data Collection

Data was collected on water levels of the Saint John River, daily
average temperature, min/max daily temperature, and daily rain-
fall amount and snow on the ground in New Brunswick. The data
came from New Brunswick River Watch, Canadian Centre for Cli-
mate Services and WeatherStats which provide historical weather
data from Environment and Climate Change Canada. We clipped
the data for the time frame that was relevant to our model.
Procedure

A multiple linear regression model was chosen for machine learn-
ing as we thought it would be the best option (Figure 3). We used
historical waters level during flood season as the dependent vari-
able and a combination of climate data as explanatory variables to
build a prediction model. We also considered lagged values such
as yesterday’s temperature. Our dataset was divided so two-thirds
of the data was used for training and one-third for testing (Figure
4). We then trained the model with our training data and tested its
performance with the testing data. We first evaluated models by
comparing the R? values for each of our models. We then tested
to see if our hypothesis was true on the coefficient parameters of
each explanatory variable. Integration testing was used to evaluate
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how the explanatory variables work together. Our project is im-
plemented with Python and itss Scikit-learn package, a powerful
tool for machine learning. See Figure 5 for the machine learning
process.
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Figure 2. Snowmelt in New Brunswick.
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Figure 3. Data collection model.

The Machine Learning Process

Figure 5. Machine learning process.

RESULTS AND OBSERVATIONS
We focused on the R-squared value and the coefficient values
when looking at our results. The R-squared value shows the ex-
planatory power of our regression model. The coefficients are im-
portant as they are what were used to construct the equation for
our function, furthermore, we looked at the P value to assess the
significance of the coefficients (Figure 6).

According to coefficients of the different variables in the ob-
servation table, we can write our linear model as:

y = 4.7577 + 0.0526 X Min Temperature + 0.0526
x Yesterday Temperature + 0.219 X Percipitation

+0.0638 x Snow on Ground
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Figure 4. Linear regression model.

For example, when overnight Minimum Temperature is 1 degree
and Yesterday Temperature is 15 degrees with Precipitation is 10
mm and snow on ground 4cm, the expected water level is 6.057
meters.

The R-square can be written as

residual sum of squares
R? = 1—( f sq

total variance inY

It measures proportion of variability in Y that is explained by X
using our model. Therefore, in our model, 63.0% of the variability
in'Y can be explained using X.

DISCUSSION

According to the goodness of the fit, R-squared shows our mod-
el can explain 63.0% of change of water level. According to hy-
pothesis testing on the coefficient of independent variables, each
explanatory variable - Minimum Temperature, Yesterday Tem-
perature, Rainfall and Snow on Ground - have a significant effect
on the change of water level. Most academic research and liter-
ature on flood prediction are limited to rainfall and hurricanes.
However, for New Brunswick and much of Canada, floods are
caused by rapid snowmelt, heavy rainfall, and ice jams. Spring is
the peak flood season as snowmelt increases runoff and ice jams
occur. Temperature is an interesting factor as high temperatures
may cause more snowmelt but low temperatures may slow down
the snowmelt and hold water in the soil. Considering the local
climate and geographic factors, our new prediction model will
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provide more accurate water level prediction and can be applied
for areas like New Brunswick. There are three contributions from
our research:

We redesigned the explanatory variables and trained our
model with a local environment dataset. We added “Temperature”
and “Snow on Ground” as an explanatory variable to represent the
effect of snowmelt.

Geographic features like forests and soil type may also have
an effect and cause a delay between when rainfall occurs and
when the water level increases. We hope to include the lag time of
precipitation into our new model.

We discovered that the lowest temperature may play opposite
effects on the water level. Freezing temperature overnight may
make snow melt gradually. The minimum daily temperature we
added to the model does show a significant effect on the change
of water level.

ARTICLE

APPLICATION

A new approach of data visualization was implemented with a
web-based simulation to clearly illustrate flooding zones using
gradual colour change. With Google Earth Engine API which
combines a multi-petabyte catalogue of satellite imagery and geo-
spatial data such as Canadian Digital Elevation Model (CDEM),
we can visualize and simulate the change according to the change
in water level. This data visualization will contribute to risk re-
duction, policy suggestion, and reduction of property damage as-
sociated with floods.

We recommended this to NB Power, NB EMO, and the local
community. These groups can predict and simulate the effect of
different water levels for emergency response planning. The user
is able to use our web-based simulation in either map view or
satellite.

CONCLUSION

OLS Regression Results

After applying machine learn-
ing and evaluating different pre-

Dep. Variable:

diction models, our hypothesis

LEVEL R-squared: 0.8630

Model: OLS Adj. R-squared: 0.625 was proven to be true. Local

Method: Least Sguares F-statistic: 110.9 climate data has signiﬁcant ef-

Date: Mon, 08 Apr 201% Prob (F-statistic): 6.36e-42 .

Time: 14:00:48 Tog-Likelihood: -106.32 fects on water level during the

No. Observations: 199  AIC: 220.6 flood season. Machine learning

Df Residuals: 185 BIC: 233.8 with local climate data can build

Df Model: 3 -

Covariance Type: nonrobust a good quantitative model to
predict water level during flood

coef std err t 2 [0.025 0.9751]1 season.

Intercept 4.7577 076 52.484 0.000 4.608 4.908 Based on our research, we im-

MIN TEMP 0.0526 .007 7.053 0.000 0.038 0.067 plemented a new approach of

TEMP 1 0.0515 .007 7.078 0.001 0.037 0.066 data visualization with a web-

PRECIPITATION 0.0219 .005 4.04 0.005 0.011 0.033 . .

SNOW ON GROUND  0.0638 022 2.852 0.004 0.020 0.108 based simulation map to clearly

illustrate flooding zones to help

the local community.

FUTURE WORK

For future work, we plan to
consider more explanatory vari-
ables such as the humidity of the
air, tides, precipitation rate, and
accumulated snowfall amount.
We’d also like to see how the
Upper St. John River affects
floods in Fredericton. NB Power
suggested that we include tides
as an independent variable for
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Figure 6. OLS regression results.
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our model to increase our mod-
el’s accuracy and we’re current-
ly doing so by looking at the Lu-
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Government of New Brunswick: Flood-
ing in New Brunswick https://www2.
gnb.ca/content/gnb/en/departments/elg/
environment/content/flood.html

Guide to training and deploying machine

nar calendar. We’re close to creating a model that includes tides as
an independent variable.

NB Power also mentioned the impact of the opening of the dam
on flood levels, they mentioned in the following year, they’ll con-
sider using our model to assess what day to open the dam.

We’re collecting historical data on the humidity of the air or data
on the daily speed of wind. We’re currently looking for data on
precipitation rate. We’re also collecting data from different sta-
tions to create more models for different rivers or different parts
of the St. John River.

Furthermore, we plan on using a more complicated prediction
model such as nonlinear regression or the Artificial Neural Net-
work approach. We will also consider real-time data input from
weather forecasts to our prediction system.
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