
Space, Time, and Temperature in Streams:  
Towards a General Framework for Understanding 
and Prediction of Thermal Regimes 
 

Space… 

Thermal regimes of rivers and streams, here defined as the total amount of 
variation through space and time, strongly influence all aspects of lotic biology. 
Thermal regimes emerge from the interactions among climate forcing (e.g., 
temporal variation in solar inputs, atmospheric heat, and hydrology), landscape 
geomorphology (e.g., elevation, topographic slope, basin size), vegetative controls 
on shading, natural disturbance, and anthropogenic factors. Previous research has 
described how subsets of those elements cause temporal variation at individual 
sites, spatial patterns among sites, or variation attributable to space-time 
interactions (i.e., differential sensitivity) but attempts to address all sources of 
variation simultaneously are rare. Using stream temperature datasets at national, 
regional, and landscape scales, we describe the relative importance of spatial and 
temporal variance within each to provide a general framework for understanding 
and prediction. Within this framework, covariates can be used to represent 
different sources of variation and tailor applications for thermal mapping, climate 
change, natural disturbance or anthropogenic modifications.  

Dona Horan, Daniel Isaak, Charles Luce, Gwynne Chandler, 
Sherry Wollrab   Boise Aquatic Sciences Laboratory 
   US Forest Service, Boise, ID  

Time… 



What is a Regime? 
Temporal variation characteristic to a site 

Maheu et al. 2015. A classification of stream water temperature regimes.  
 River Research & Applications 



Factors Causing Temporal Variation 
   Environmental covariates 
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Monthly heat budget 
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Factors Causing Temporal Variation 
   Heat budget mechanisms 

Webb et al. 2008. Recent advances in stream 
  and river temperature research. Hydrological Processes 22: 902-918. 
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Regimes Vary in Space 
Covariates & heat budgets differ in different places 



Regimes Vary in Space 
Covariates & heat budgets differ in different places 

~300,000 stream kilometers 



Regimes Vary in Space 
Covariates & heat budgets differ in different places 

~300,000 stream kilometers 

Maheu et al. 2015.  



Space-Time ANOVA Variance Decomposition 

Vartotal = Varspace + Vartime + VarS*T + error 
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It’s Complex, but 100% Variance Covers It 



~4,000 annual monitoring sites in PNW 

An Example with Real Data 



Central Idaho Temperature Network 

167 Sites 
Since 2010 

50 100 0 



Space-Time Variance Decomposition 
 Summer Mean Stream Temperature 
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Sun Δ = 0 

Spatial gradient 
(Spatial variation) 

VarSpace = 
7°C 

r2 = 34% 
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1.30°C 

Space-Time Variance Decomposition 
 Summer Mean Stream Temperature 

Regression Statistics 

Multiple R 0.602218 

R Square 0.362666 

Adjusted R 
Square 0.356872 

Standard 
Error 2.349002 

Observatio
ns 334 

ANOVA 

  df SS MS F 

Regression 3 1036.147 345.3823 62.59407 

Residual 330 1820.878 5.517812 

Total 333 2857.025     

  Coefficients 
Standard 

Error t Stat P-value 

Intercept 17.18042 0.561491 30.59785 2.23E-98 

ELEV(S) -0.00391 0.000428 -9.12702 7.17E-18 

Year(T) 1.201441 0.795637 1.510036 0.131991 

S&T -1.6E-05 0.000606 -0.02606 0.979227 

Spatial gradient 



Site level variation 2013 
2010 VarS*T 
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Site level deviation 
from average 

change 

Average change 
across sites = 



Space-Time ANOVA Variance Decomposition 

Vartotal = Varspace + Vartime + VarS*T + error 
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Time 

Error variation 

0.37 + 1.3 + 7 = 8.67C 

VarTime = 0.93°C (11%) 

VarS*T = 0.37°C (5%) 

VarSpace = 7°C (84%) 

Vartotal = 
8.3°C 



Different Extent & Grain = Different 
Variance Structure (spatial dimension) 

Kotlier and Wiens 1990 

Small network = little 
 spatial heterogeneity 

Big network = great spatial heterogeneity 



Same Extent & Different Grain = 
Different Variance Structure 

Kotlier and Wiens 1990 

Big network = sparsely sampled 

Big network = densely sampled 



Different Extent & Grain = Different 
Variance Structure (temporal dimension) 

Kotlier and Wiens 1990 

Short duration ( 1 week) = 
limited variation 

Long duration (100 years) = much variation 

Webb and Nobilus 2007 

Danube River, Austria 
(1901 – 2000) 
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Different Extent & Grain = Different 
Variance Structure 

Short duration, densely sampled 
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Hourly 
measurements… 

Daily 
measurements… 



How We Model Also Affects 
Interpretation of Variance Structure 

Vartime = 100% 

Varspace = 100% 

Mohseni curve 



Many Accurate Predictive Tools… 

But Prediction ≠ Understanding 

Neural networks 

Regression trees 

Wavelets 

I’m old fashioned, I’d really like to 
have a parameter estimate that links 
temperatures to some heat budget 
component or covariate 



Understanding = Attribution of Variance 

Space… 

“Why” do temps change through space & time? 

Mechanistic    Correlative 



An Attempt at Best of Both Worlds: 
 Understanding and Prediction 

Why we’ve gravitated towards using 
new SSN geostats for networks 

800,000 stream 
kilometers & counting… 

SSN 
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Accurate Prediction & Attribution 
     of Variance to Covariates 

n = 48,000 summers of data 
21 years (1993-2013) 
R2 = 0.90 
RMRS = 1.0°C 

Varspace 

Covariate Predictors 
1. Elevation (m) 
2. Canopy (%) 
3. Stream slope (%) 
4. Ave Precipitation (mm) 
5. Latitude (km) 
6. Lakes upstream (%) 
7. Baseflow Index 
8. Watershed size (km2) 
9. Glacier (%) 
 
10. Discharge (m3/s) 
11. Air Temperature (˚C) Vartime 

SSN 



Measuring Covariates & Heat Budgets 
are Big Challenges 

So while these 
models can explain 
~90% of total 
variation, only 
2/3rds of that can 
be attributed to 
covariates 
associated with 
Varspace or 
Vartime. & last 3rd 
is spatially 
structured residual 
error that we can 
model through 
autocovariance 
function but we 
can’t attribute to 
specific covariates 

Mechanistic models = 
intensive measurements 
limit extent 

Dan Moore would 
perfectly predict 
temperatures 
everywhere if he 
had all the 
necessary 
parameter 
measurements 
everywhere, but 
100,000s stream 
kilometers exist 
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Measuring Covariates & Heat Budgets 
are Big Opportunities 

Hybrid model approaches? 

SSN 

High resolution air 
temperature models 

Satellite & drone sensors 

Bigger/faster computers 
  & GIS 



Good thing, fun thing about temperature stuff, and why 
we’re organizing sessions on it is that it’s so darn 
important, but it’s also a really rich environment wherein 
data are quickly becoming a commodity that are not the 
limiting factor…Almost anything temperature wise you can 
think of is becoming possible 

>50,000,000 hourly records 
>18,000 unique stream sites 

National annual sensor network = 1 
norwest/year  
 
Cheap sensor pictures 

Data are not limiting 
 (>5,800 annual monitoring sites & growing) 

~50,000,000 hourly 
records/annually! 



Shrinking 
Budgets 

Climate Change 
Urbanization & 
Population Growth 

Need to do more 
with less 

Challenges are Not Limiting 
Need for better prediction & understanding will intensify 


