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Example: Tampa Bay Water

• Wholesaler to 6 utilities
in Tampa Bay Region
• 7 Water Demand 

Planning Areas
(WDPAs)

• Fastest growing water 
provider in state
• 2.5 million people
• Approx. 250 MGD demand

• Demands susceptible to swings in economy 
and strong seasonal climate variation



Demand Forecasting at Tampa Bay Water

• Per-unit models: econometric 
regressions 

• Annual updates with new 
observations and projections

• Probabilistic forecasts every 
few years
• Distributions of predictors at future 

times

Since 2002



Model Development: Sectoral Rate of Use Times Drivers

• Determine past number of water using entities (drivers)
• SF and MF: number of dwelling units
• NR: developed square footage in thousands (ksf)

• Determine past demand per driver (demand intensity)
• SF and MF: gallons per housing unit per day
• NR: gallons per ksf per day

𝑄𝑄𝑡𝑡 = 𝑛𝑛𝑡𝑡𝑓𝑓(𝐗𝐗𝑡𝑡)
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Model Development: Sectoral Rate of Use Times Drivers

• Intensity models: historical intensity regressed against explanatory 
variables
• Income, Price of water
• Housing density, PPH
• Reclaimed service penetration
• End use efficiency 
• Weather assumptions 𝑄𝑄𝑡𝑡 = 𝑛𝑛𝑡𝑡𝑓𝑓(𝐗𝐗𝑡𝑡)
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“Point” Forecast

• Input projection time series for
each WDPA

→ Projected explanatory variables 
→ Intensity models
→ Forecasted sectoral intensities for each WDPA
→ Multiply by projected driver variables
→ Forecasted sectoral demands for each WDPA

• “Point”: one demand value
for each future year, WDPA,
sector
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Point Projection Examples
Number of SF Households and Median Income for Each WDPA



Efficiency Factor
Simplified End-Use Model to Project Passive Efficiency Effects

• Stock model for toilets
by gpf levels
• Simulate # of 5.0, 3.5, 1.6, 1.28 gpf

toilets from past into future
• Add/replace certain % of

existing toilets each year at 
standard gpf level for year

• Determine average gpf and 
index to a single year e.g. gpf(y) / gpf(2014)

• Use factors as X values during 
regression
• Toilet-based factors as proxy for all efficiency



Efficiency Factor Point Projections by WDPA and Sector



Efficiency Factor is a 
Significant Predictor

• Elasticities
• SF: 0.35 (p = 0)
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Efficiency Factor is a 
Significant Predictor

• Elasticities
• SF: 0.35 (p = 0)
• MF: 0.20 (p = 0)
• NR: 0.30 (p = 0)



Point Forecast (2014-2016 Base Period)



Demand Forecast Uncertainty
Nobody knows the future perfectly

𝑄𝑄𝑡𝑡 = 𝑛𝑛𝑡𝑡𝑓𝑓(𝐗𝐗𝑡𝑡)

Unit growth or 
development rates 

may differ from 
expectations
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Demand Forecast Uncertainty
Nobody knows the future perfectly

𝑄𝑄𝑡𝑡 = 𝑛𝑛𝑡𝑡𝑓𝑓(𝐗𝐗𝑡𝑡) +𝜖𝜖𝑡𝑡

Unit growth or 
development rates 

may differ from 
expectations

Intensity variations 
can arise from 
deviations in 

explanatory variables

Possible statistical 
error even if drivers 
and explanatories 
known perfectly



Incorporating Uncertainty in Forecasts

• Determine ranges/scenarios/distributions of 
projected model inputs

• Produce multiple forecast 
outcomes and summarize 
range of possible demands

• Think “hurricane track forecasts”,
but with demand vs time



Tampa Bay Water Approaches

• Uncertainty incorporated in 
multiple aspects
• Drivers – population projection 

distributions provided externally
• Explanatory variables –

uncertainty derived from 
historical variability

• Model uncertainty – derived from 
comparing historical model 
estimates with observations

• Monte Carlo approach
• Sample input distributions and 

calculate demands repeatedly
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Uncertainty Assumption Examples
Direct Third-Party Projections

• Population
• Provided by Bureau of 

Economic and Business
Research (BEBR): U. of Fla.

• Use medium growth rate to 
point-project units and ksf

• High/Medium/Low projections:
“75% of outcomes”

• Use all three to define population
distributions, then corresponding
units and ksf distributions

• Sample during Monte Carlo



Uncertainty Assumption Examples
Historical Short-Term Variability Imposed on Point Projections

• Explanatory variables
• Historical data: trend

and annual departures
• Pretend point projection

is the future trend
• Add historical short-term

variations to future –
sample during Monte Carlo



Uncertainty Assumption Examples
Model Noise

• Fitting set observations and estimates: residuals
• Reflects parameter and specification

uncertainty 
• Sample residuals during 

Monte Carlo



Probabilistic Forecast Ignoring Efficiency Factor (set to 1)



Probabilistic Forecast With Point-Projected Efficiency Factor



Impacts of Including Efficiency in Probabilistic Forecast

• Median
• 5.7 MGD (2.3%) lower in 2020
• 20.7 MGD (7.1%) lower in 2045

• Stands out from forecast noise
• Inclusion of efficiency moves the 

prior median demands to the 75th

percentile

Entire forecast discernably lowered



Conclusions

• Efficiency factor approach
• Less data intensive than a full end use model
• Focus on fixtures where data and assumptions are easiest to come by
• Impacts of future efficiency on forecast are reasonable

• Even when considering the uncertainty inherent in a forecast, 
end use efficiency increases can produce significant demand 
impacts



Future Work 

• Uncertainty in future end-use efficiency
• Already began this as part of probabilistic 

forecast
• Assumed wide range of future 1.6/1.28 

efficiency standards
• Produced ranges of efficiency factors 
• Not much additional uncertainty

• What about uncertainty in average 
lifetime?
• Could be large contributor
• Need statistical definitions (confidence 

intervals)



Questions



Efficiency Factor Uncertainty

• Parameters of stock model
• Average toilet lifetime 
• Future 1.28 market presentation 

• Uncertainty: 49 scenarios of 
penetration rates
• Fastest: 78% 1.28 gpf by 2021
• Slowest: 52% 1.28 gpf by 2039

• Did not vary average lifetime
• Projection sensitivity
• Need for well-supported bounds

• Apply penetration scenarios to stock model: corresponding factors

Possibly the First Ever Probabilistic Treatment of Efficiency in Forecasting



Efficiency Factor Uncertainty



Probabilistic Forecast (2014-2016 Base Period)

Water 
Year 5th %ile 25th %ile 50th %ile 75th %ile 95th %ile Mean  Point 

Forecast 
2020 227.2 239.3 246.0 253.4 265.0 246.4 247.0 
2025 230.5 244.7 255.2 265.7 280.0 255.2 255.8 
2030 227.7 247.3 260.9 274.2 293.4 260.9 261.5 
2035 222.3 247.8 264.6 280.2 306.3 264.3 264.9 
2040 219.7 246.4 266.7 286.2 319.8 267.6 268.3 
2045 211.0 248.3 270.5 293.8 327.0 270.7 271.3 

 



Largest Contributors to Uncertainty

• Population
• 1:1 demand variation

• Balance between price and 
income
• both strong controls on intensity
• opposite directions of influence

• Intensity model uncertainty
• Details of how variables are 

correlated



Summary

• New Tampa Bay Water probabilistic approach
• Incorporate uncertainty in drivers, explanatory variables, intensity model
• Uncertainty leverages a variety of information
• Novel uncertainty application for future efficiency

• Different uncertainty sources have different degrees of influence 
• Uncertainty treatment can be selective – just where forecasts are most sensitive

• Additional work
• Uncertainty treatment for more variables 
• Efficiency: expression of uncertainty for average fixture lifetime



Driver Uncertainty

• Population Projections from Bureau of Economic and Business 
Research (BEBR) at University of Florida
• County-level
• High, Medium, and 

Low Scenarios
• Probabilistic: High-to-low 

represents 75% prediction interval

• Translate population 
distributions onto forecast 
drivers



Explanatory Uncertainty

• Historical, projected 
socioeconomic data 
from Moody’s 
Analytics
• Historical data show 

year-to-year variations 
around trends

• Statistically describe 
variations, center them 
onto point projections



Model Uncertainty

• Plug historical 
driver and 
explanatory 
data into 
model

• Compare with 
historical 
demands

• Statistically 
describe 
residuals
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