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Introduction



• In BC, groundwater supports drinking water, 
agriculture, aquatic habitat, and drought 
resilience

• Groundwater is increasingly important as 
surface water becomes more variable

• Integration of groundwater into resource 
management is accelerating (e.g., under 
BC’s Water Sustainability Act)

• Drought conditions in recent years have 
highlighted growing pressure on both 
surface and groundwater

Why Groundwater Matters in British Columbia



Drought in British Columbia
Source: North America Drought Monitor



• Collects long-term groundwater level data on 
BC aquifers to inform resource management 
decisions

• Has operated for >60 years

• Oldest active stations have collected data since 
1962

• 238 active stations (over 500 in program’s 
history) monitoring ~180 aquifers

• Two-thirds of stations are equipped with 
telemetry for near real-time data

Provincial Groundwater Observation Well Network (PGOWN)

https://www2.gov.bc.ca/gov/content/environment/air-land-water/water/groundwater-wells-aquifers/groundwater-observation-well-network/groundwater-level-data-interactive-map
https://www2.gov.bc.ca/gov/content/environment/air-land-water/water/groundwater-wells-aquifers/groundwater-observation-well-network/groundwater-level-data-interactive-map


• Province currently utilizing water levels from 
PGOWN to track conditions during drought to 
inform drought response – used as main 
indicator for determining drought levels

• Developing forecasting tools supports 
proactive drought and groundwater 
management, allowing earlier assessment 
and planning

Why groundwater level forecasting?



Prior Research – Drought and Groundwater in BC
• Previous SFU and Prov. of BC 

work investigated groundwater 
responses to drought and 
relationships with hydroclimatic 
variables (streamflow, climate, 
snowpack, etc.)

• Certain patterns in 
hydroclimatic variables were 
associated with summer 
groundwater levels

Gullacher, A., Allen, D. M., & Goetz, J. D. (2023). Early Warning Indicators of Groundwater Drought in Mountainous Regions. Water Resources Research. https://doi.org/10.1029/2022WR033399 

Gullacher, A., Allen, D. M., & Goetz, J. D. (2023). Indicators of Groundwater Drought in British Columbia. British Columbia Water Science Series. WSS2023-01. Retrieved from 
https://a100.gov.bc.ca/pub/acat/public/viewReport.do?reportId=60200 

Gullacher, A., Allen, D. M., & Goetz, J. D. (2021). Classification of groundwater response mechanisms in provincial observation wells across British Columbia, and Appendix A (data file). British Columbia 
Water Science Series. WSS2021-03. Retrieved from https://a100.gov.bc.ca/pub/acat/public/viewReport.do?reportId=59107 

Rainfall-dominated Regimes Snowmelt-dominated Regimes

https://doi.org/10.1029/2022WR033399
https://a100.gov.bc.ca/pub/acat/public/viewReport.do?reportId=60200
https://a100.gov.bc.ca/pub/acat/public/viewReport.do?reportId=59107


How could we operationalize these findings?
Can we quantify these relationships between 
hydroclimatic variables and groundwater levels to 
predict/model summer drought in PGOWN wells?

Phase 1 – 2023-2024
• Development of original forecasting models in a 

pilot project of just 21 PGOWN wells

Phase 2 – 2024-2025
• Further refinement of the model approaches and 

expansion of testing to full suite of 237 PGOWN 
wells

• A cross-validation approach was employed and 
the model comprehensively tested over the 
2004-2024 historical period

Phase 1 – 2023-2024

Phase 2 – 2024-2025



Groundwater Level Outlook Simulation System
• Probabilistic forecasting model using machine learning 

(Artificial Neural Network) methods
• Captures climate–groundwater relationships without 

the computational demands physically-based aquifer 
models

• Produces a range of likely groundwater levels 14, 30, 
60, 90-days horizons, compared against historical 
conditions 

• Fully automated workflow, updated daily to reflect the 
latest observed and forecast climate data

• Identifies wells and their aquifers at risk of being in 
“below-normal” conditions

GLOSS Forecast Model



Model Development



Key Challenges

• Large-scale system — forecasting 
across 200+ PGOWN wells spanning 
huge and diverse hydroclimatic 
regions and aquifer conditions. 

• Operationalized forecasting — fully 
automated training, testing, and 
real-time prediction system

12



Key Challenges: Hydroclimatic Diversity

• Rainfall-Dominated: fast, sharp 
responses to rain

• Snowmelt-Dominated: delayed 
spring recharge pulse

• Mixed: multiple seasonal 
pulses

• Stream-Connected: recharge 
controlled by stream stage

13



Key Challenges: Aquifer Diversity

14



Key Considerations in Model Development

Modelling Approach

Input Variables

Temporal Dependencies 



Key Considerations: Modelling Approach
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USGS

• Need detailed aquifer properties + recharge 
data (not available province-wide)

• High-resolution grids → too slow for large-scale 
or real-time forecasting

Physically Based Models 
(Groundwater) (e.g., MODFLOW, 
FEFLOW)

• Very simplified groundwater (“bucket style”) 
groundwater representation → built for 
runoff/streamflow, not water levels

Physically Based Models 
(Watershed) (e.g., SWAT, Raven)



Key Considerations: Modelling Approach



Model Development: Approaches

18

Need defined interactions

GLM
• Generalized Linear Model (GLM)
• An extension of linear regression that allows for response variables 

with error distribution models other than a normal distribution.

GAM
• Generalized Additive Model (GAM)
• A flexible regression technique that models nonlinear relationships 

by combining multiple smooth functions

RF
• Random Forests (RF) 
• An ensemble learning method that builds multiple decision trees 

and combines their outputs for robust predictions.

ANN
• Artificial Neural Networks (ANN)
• A computational model inspired by the human brain, capable of 

capturing complex patterns through interconnected layers of nodes.

Interpretability

Complexity
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Model Development: Artificial Neural network

• Takes multiple inputs (e.g., precipitation, temperature, 
snowpack, past groundwater levels).

• Processes inputs through weighted, nonlinear 
‘neurons’ that learn patterns from historical data. 

• Automatically captures variable interactions (e.g., 
temperature related rainfall/snow fall partitioning ).

•  Once trained, takes new climate inputs (observed, 
forecasted, Monte Carlo sequences) and produces 
future groundwater level predictions..

• Outputs probabilistic forecasts when run with multiple 
climate sequences, giving a range of likely future 
groundwater levels.

Input Hidden Output

GW Levels

Precipitation

Temperature

Snowpack

GLOSS Artificial 
Neural Networks



MODEL DEVELOPMENT: INPUT VARIABLES
Rainfall-Dominated Systems
• Precipitation: Primary driver of groundwater 

recharge via infiltration.
• Temperature: Influences evapotranspiration and 

soil moisture (infiltration, recharge); may also 
affect groundwater use in developed aquifers.

Snowmelt-Dominated Systems
• Precipitation: Includes both rainfall and 

snowmelt; total precipitation correlates with 
recharge.

• Temperature: In addition to roles in rainfall 
setting, also affects rain/snow partitioning and 
snowmelt timing.

• Snow Water Equivalent (SWE): Indicates 
snowpack available for melt.

• Snowmelt: Derived from changes in SWE over 
time.



Model Development: Temporal Dependencies 
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• Each well has a different delay 
between rain/snowmelt and the 
groundwater response.

• We measure that delay using 
cross-correlation.

Recharge Lag

• We weight the input data, so the 
model pays more attention to the 
climate conditions that physically 
matter most for that well.

• Reflects aquifer response. Reflect 
the smoothed nature of aquifer 
response.

• Calibrated for each wells

Dynamic Weighting



Model Testing

“Can the model reproduce history when 
we know the real climate?” 

Validation 
Testing

• Evaluates the model under ideal conditions (i.e., no climate uncertainty).
• Ensures the model is structurally sound before it is used for forecasting.

• Model Accuracy (R² and RMSE): Categorized as “Good” or “Fair” based 
on how closely the modelled data match observed groundwater levels

“Can the model still give useful forecasts 
when future climate is unknown?” Operational 

Testing
•Real forecasting must rely on forecasted climate, which contains 
uncertainty.
•Operational testing measures how much predictive skill remains once 
this uncertainty is included.

•Model Sensitivity (RSR): Indicates how strongly the forecast depends on 
future weather conditions rather than historical patterns

22
[.

𝑅𝑅𝑅𝑅𝑅𝑅 =
RMSE simulation − observed

RMSE average water level − observed



Model Testing: Validation testing
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• Good model performance for 145 of 237 
PGOWN wells.

• The model successfully generates groundwater 
forecasts across diverse hydroclimatic settings, 
aquifer subtypes, aquifers with hydraulic 
connections to streamflow and with significant 
seasonal water use.

• Rainfall-recharged wells generally forecast 
better than snowmelt-dominated wells, 

Well Selection & Model Performance

• Long-term increases in aquifer use unrelated to 
seasonal patterns.

• Wells affected by tidal influences or nearby 
localized pumping.

• Insufficient historical data for model training.
• Connected to large streamflow systems (fraser

river)

Limitations in Model Performance



Model Validation Testing: Example #1

Abbotsford BC, 

High aquifer usage area

unconfined sand and 
gravel

rainfall dominated 
setting.



Model Validation Testing: Example #2

Grand forks,BC

Unconfined sand and 
gravel

Snowmelt setting

Hydraulic connected 
aquifer



Qualicum ,BC

Unconfined sand and 
gravel

Rainfall setting

Well completed in 
2017 with large water 
license.

Changing allocations.

Model Validation Testing: Example #3



Model Validation Testing: Example #4

27

Agassiz ,BC

Unconfined sand and 
gravel

Rainfall setting

Aquifer in Connection 
with Fraser River



Operational testing
• Use real antecedent conditions, and 

replace known future climate with 
historical climate variability (2004–2024).

• Use Monte Carlo sampling of historical 
climate to create many possible future 
climate sequences and produce 
probabilistic groundwater forecasts.



OW406 – Results more sensitive to future climate

Operational testing
OW002 – Results less sensitive to future climate

𝑅𝑅𝑅𝑅𝑅𝑅 =
RMSE simulation − observed

RMSE average water level − observed



Incorporating Climate Forecasts

• Observed climate data – up to the 
most recent day

• Short-term forecast data – 
precipitation and temperature for the 
next ~10 days

• Monte Carlo samples of historical 
climate – to represent many possible 
weather patterns beyond the forecast 
horizon

Observed
data

Historic data 
sampled using 

Monte Carlo

Forecast
data

Temp/Precip

Groundwater
Levels



Outputs and Visualization



• Use the likelihood range to determine most 
probably condition category, based on 
percentile thresholds

• Normal, Above Normal, Below Normal

• “Normal” refers strictly to groundwater 
levels between the 25th–75th percentiles of 
historical data, does not imply ideal, 
expected, or healthy conditions, just how 
current levels compare to past patterns

Forecast likely conditions



Output Example: Vancouver Island



Output Example: Lower Mainland



Output Example: Southern Interior



Output Example: Northern BC



Products: Well Reports



Products: Provincial Maps and Reports



• Shows wells at risk of below-normal conditions 14–90 
days ahead

• Provides early indication of declining groundwater levels 
before impacts may appear

• Helps identify priority areas where drought may 
intensify, support priority wells for monitoring

• Supports resource planning, such as monitoring needs, 
outreach, and water-use coordination

• Can also be used outside of drought to forecast 
potential conditions during rainy and freshet seasons

Application for drought management



• “Normal” refers strictly to groundwater levels between the 25th–75th 
percentiles of historical data, does not imply ideal, expected, or healthy 
conditions, just how current levels compare to past patterns

• “All models are wrong, but some are useful” – just a model that provides 
potential scenarios of outcomes – will not be perfect

• Probabilistic model based on inputs and confined within statistical methods
• Forecast range uses historic conditions, extreme conditions outside of bounds
• Non-climatic effects can influence water level (new pumping etc.)
• Data gaps or errors in climate or groundwater data influence model performance.

• Informational tool, not a guarantee — forecasts support decision-making but 
should be used with other indicators and local expertise

Model Considerations



• Review wells for inclusion in final public product
• Finalize reporting and visualization tools
• Gathering feedback from internal users
• Publications – scientific journal, Water Science Series and supporting 

documentation
• Potential implementation/public reporting next summer

Ongoing and next steps



Contact Information
• Ministry of Water, Land and Resource Stewardship (WLRS) 

• River Forecast Centre (RFC): Jon Goetz – jon.goetz@gov.bc.ca

• Hatfield Consultants:
•  Jacob Nunn - jnunn@hatfieldgroup.com 
•  Jos Beckers - jbeckers@hatfieldgroup.com

• Ministry of Environment and Parks
•  (PGOWN): Bryan Jackson – Bryan.Jackson@gov.bc.ca

mailto:jon.goetz@gov.bc.ca
mailto:jnunn@hatfieldgroup.com
mailto:jbeckers@hatfieldgroup.com
mailto:Bryan.Jackson@gov.bc.ca
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