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WRF Background - canopy layer models & coupling
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e Building morphology (shading/trapping), materials
(thermal conduction, fluxes)
e Sublayer modifications influence urban boundary layer
(momentum, moisture, heat)
e Additional forcings
o AH, e.g. Sailor and Lu 2004
o BEM, Salamanca et al. 2010 Chen et al. 2011, Chen and Dudhia 2001




Subgrid Aggregation Methods for urban classes
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f ., as currently employed in WRF  efore va.0)

Default constant f  (CUF) and
National Urban Database and Portal Access Tool (NUDAPT) approaches:

- CUF, single f . value for each of 3 classes, for the entire domain (.5,.9,.99)
o allows for only 3 “types” of city in the entire domain

- NUDAPT, focus on central business districts

o normalized subgrid areal fractions of each NLCD urban class (a_) are weighted by assumed
fixed urban density w_ = .5,.5,.9,.95,

furb = Zc Wc qc
Remaining urban parameter values:
o 250 mand 1 km resolution gridded data (NUDAPT), or other studies
o  building morphology (LIDAR) National Building Statistics Database 2 (Burian et al. 2008)
- covers only ~17 km? for Phoenix
o NUDAPT building material ratios by class (concrete, wood, steel, brick) from city tax roll

(Burian and Ching 2009) - for Houston! (large uncertainties, not all cities!)
Shaffer et al. 2016



Analysis of NLCD 2006 data

. Distribution for a 9 km x 9 km area
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Analysis of NLCD 2006 data

. Distribution for a 9 km x 9 km area
National Land Cover Database . NLCD ROSLCC NLOD5008 P

derived from Landsat observations

1500

3000

Categorical partitioning scheme:

(DOS, 0< W <20,
DLI, 20< WV < 49,

4500

6000

North-South NLCD Path Subset [meters]

7500

Curb(w) — < - - 9000 0
DMI 50 < \I} < 79 ? 1990 est-East NLCD Row Subset (meters) sl 1500 rest-East NLCD Row Subset (meters] e
’ = e ) LCc. HEEN DOS N DL| [0 DMI I OH| [ Shrub [ Crop
N =3164 N =24017 N =48082 N =14754 N =462 N =122
DHI, 80 S w S 100. 2000 DOS ou oM oHI Shrub cr:l‘::ta,-sosm

\

A¢= 30 m resolution

Cumulative Count
WPHX FT Subset
= =
v o w
o 6 o
6 o6 o

NUDAPT dominant: °
fub=2cWede 5 W.=(.5,.5,.9,.95)

> 0.12
%E 0.09 m
Proposed method: £
W(X,C“rb) = ma‘l)I( p(y(€ € X)|C“rb(§ € X)) %§o.o3
1/16 © 007 20 20 e . =

NLCD 2006 PDI [percent]

Shaffer et al. 2016



h=1=>
p(x)=constant

h=0>=
P(X)=0(x-X,)

Normalized Shannon Entropy Assessment of £,
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Map of hewb at A==990 m for Phoenix Metro Area
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Map of £l
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Evaluation of diurnal time-series
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Shaffer et al. 2016



A=A

2-m air temperature (°C)

2-m air temperature (°C)
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Salamanca et al. 2018 shows similar
nighttime temperature bias

- Phoenix 4 urban AZMET stations
during 15-day clear-sky June 2012

- Same model configuration as
Shaffer et al. 2016 using dominant
urban fraction with NLCD data

- Non-urban class set to open
shrubland

- Is there bias in the LULC data?



Incorporating high-resolution land cover data to
Improve mixed agricultural and urban representation

NAIP NLCD
resolution | 1-2m 30 m
accuracy 92% 79-84%
availability | 1 year | 5years

Li etal. 2014

NAIP = National Agricultural Imagery Program, aerial photos
NLCD = National Land Cover Database, Landsat

2002 NAIP Availability
[ 1 meter
B 2 meter

http://gis apfo.usda.gov/gisviewer/



Incorporating high-resolution land cover data to
Improve mixed agricultural and urban representation

NAIP NLCD e Urban classes in NLCD lose information of non-urban contribution

e WREF default ‘natural’ uses ‘cropland/grassland mosaic’, biased

luti 1-2
resolution m |30m Q: How to use NAIP within WRF?

accuracy 92% 79-84% = Q: What is model sensitivity to changing input data product?
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Aggregation in WRF urban canopy and land surface models
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Wind profile

e Building morphology (shading/trapping), materials (thermal

conduction, fluxes)

e  Sublayer modifications influence urban boundary layer

(momentum, moisture, heat)
e Additional forcings, e.g.,
o AH, e.g. Sailor and Lu 2004

+ ( 1= furban)

Chen et al.
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e Detailed physical processes of the land surface are
linked to observations of land-use and land-cover
e assumes a homogeneous canopy in grid cell/tile

2011, Chen and Dudhia 2001, Shaffer et al. 2016



ication to mosaic scheme aggregation
= | Vtotal = lurban Vurban B ( 1- furban) Vnatural Dominant
i — total - an V

Mosaic
The urban class grid-cell total now becomes the urban “tile” contribution

The urban and natural contributions for urban tiles can be separated

Viotal = Z O Vion-urban ¢ + Z Cle furb_Varban ¢ + Z O (1 = furb ) Vnon-urban ¢
(pefﬂ- ......................... L-E fﬁ\l!b

The “natural” class can be combined with it's respective LCC, via an effective
areal fraction:

Cr”natural”eff,cza”natural c

urb 0(1 -f, urb, c)

Shaffer et al. 2016, Shaffer (Submitted JAMC)



Proposed Method

1. Bin: [Figures 2 and 4]
1 m categorical to 30 m percent

Define: [Figures 2]
Impervious = Building + Road

2. Classify at 30 m: [Figure 5]
Urban Classes
Use NLCD definition: [Figures 4, 5]

Partition 30 m percent impervious (¥)

into NLCD developed classesl?!,

and assign to WRF urban®l classes:

DOS, 0<¥<20 , Notused
DLI, 20s¥ <49 |LIR
DML, 50 ¥ <79 ,HIR
DHI, 80<¥ <100 ,CIT

C urb ((_p) =

3. Re-classify at 1 m: [Figure 6]
Assign most probable WREF class
to each 1 m NAIP grid cell

4. Aggregate to WRF grid: [Figures 8,10]
Direct from 1 m categorical to 1 km
areal fraction per class

Figure 2
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Figure 4

NAIP Percent Impervious, Kernel=30m, A=5m

Aggregate Bin East-West

[Figure 4] Percent of NAIP class (here Impervious) at 30 m x
30 m kernel with 5 meter increment (box convolution), 30 m
was chosen to mimic NLCD resolution, 5 m increment
provides an ensemble for each 1m NAIP grid cell;

Shaffer (Submitted JAMC)



Proposed Method

1. Bin: [Figures 2 and 4]
1 m categorical to 30 m percent

Define: [Figures 2]
Impervious = Building + Road

2. Classify at 30 m: [Figure 5]
Urban Classes
Use NLCD definition: [Figures 4, 5]

Partition 30 m percent impervious (%)
into NLCD developed classes!®l,
and assign to WRF urban®l classes:

DOS, 0<¥<20 , Notused
DLI, 20s¥ <49 |LIR
urb = ’ ’
e DML, 50 ¥ <79 ,HIR
DHI, 80<¥ <100 ,CIT

3. Re-classify at 1 m: [Figure 6]
Assign most probable WREF class
to each 1 m NAIP grid cell

4. Aggregate to WRF grid: [Figures 8,10]
Direct from 1 m categorical to 1 km
areal fraction per class

Aggregate Bin North-South

Step 2, Classify at 30 m

Step 3, Re-classify at 1 m

Figure

5 NAIP UTYPE w/o DOS, Kernel=30m, A=5m

Figure 6
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North-South Position [m]

LIR

0 20 40 60 80 100 120 140 160 180 200
Aggregate Bin East-West

[Figure 5] WRF urban class determined for each aggregate
bin in Figure 4, using NLCD definition but not using DOS;

[Figure 6] Identification of WRF urban class for 1m NAIP
impervious class (from Figure 3), with remaining NAIP classes
merged to lower-level classificationl®];
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T water
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Shaffer (Submitted JAMC)




Proposed Method

1. Bin: [Figures 2 and 4]
1 m categorical to 30 m percent

Define: [Figures 2]
Impervious = Building + Road

2. Classify at 30 m: [Figure 5]
Urban Classes
Use NLCD definition: [Figures 4, 5]

Partition 30 m percent impervious (¥)
into NLCD developed classesl?!,
and assign to WRF urban®l classes:

DOS, 0<¥<20 , Notused
DLI, 20s¥ <49 |LIR
DML, 50 ¥ <79 ,HIR
DHI, 80<¥ <100 ,CIT

Cc urb (qj) =

3. Re-classify at 1 m: [Figure 6]
Assign most probable WREF class
to each 1 m NAIP grid cell

4. Aggregate to WRF grid: [Figures 8,10]
Direct from 1 m categorical to 1 km
areal fraction per class

Step 4, aggregate to WRF grid

WREF 1km grid for CAP-LTER study area,
zoomed to show Phoenix

[Figure 8] Total (of 3 classes) urban areal
fraction with reclassified NAIP.

[Figure 10] Dominant WRF land cover
class with urban classes derived from
NAIP within the CAP-LTER area. Non-
urban classes are derived from 1km
MODIS IGBP data.

To evaluate NLCD bias:
- Bin 1m to 30m to emulate NLCD

- Use dominant urban at 30m and
bin to 1km

- Prescribe “natural” as open
shrubland

- Use effective areal fraction for
natural class

Figure 8
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Maps of WRF 1km grid for CAP-LTER study
area showing:

[Figure 7 and 8] Total (of 3 classes) urban areal
fraction with NLCD, and NAIP, respectively.

[Figure 9 and 10] Dominant WRF land cover
class with the NLCD based urban classes, and
replaced by NAIP within the CAP-LTER area,
respectively. Non-urban classes are derived
from 1km MODIS IGBP data.
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WRF-v3.6.1

4 nested domains centered on Phoenix, AZ

Sensitivity Experiments

d01-d03: Noah + SLUCM 1-way

provide d04 LBC + IC
d04: Noah-mosaic LSM + SLUCM (cases)

Land cover: MODIS + NLCD or NAIP

fun.c= M(P(¥|c)) as per Shaffer et al. 2016
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time-averaged for 0000-0500 local time (nighttime)
Shaffer et al. 2015, Shaffer et al. 2016, Shaffer (Submitted JAMC)



Effect from urban fraction derived using NAIP versus default WRF values, with NLCD a

“natural” class effective areal fraction

Case 1b Natural

C{”natural”eff,cz ”natural”,c'|'aurb,c(‘I 'furb,c)

Case 2a Natural
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2 (2a) NLCD NAIP urban fraction is lower than default WRF,

resulting in more “natural” contribution (open shrubland),
3(3) NAIP WRF defaults reducing nighttime temperature by = 1 °C

4 (4a) NAIP NAIP
Shaffer (Submitted JAMC)



Effect from areal fraction derived using NAIP versus NLCD

“natural” class effective areal fraction = + -
Cose 15 Noturo - Casa 3 Hatura Cr”natural”eff,c "natural”,c aurb,c(‘I f urb,c)
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Shaffer (Submitted JAMC)
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Effect from using NAIP versus NLCD
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Latitude [deg]

Effect from urban fraction derived using NAIP versus default WRF values, with NAIP a

“natural” class effective areal fraction = + -
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Shaffer (Submitted JAMC)



Conclusions

The Noah mosaic scheme was adapted for using effective areal fractions

The proposed method with NAIP allows for direct calculation of areal fractions for the WRF
Noah-mosaic land surface model approach, without the need for urban fraction and “natural”
class parameters, with NAIP non-urban classes.

Need to consider appropriateness of NLCD based urban class approach for this resolution data
(1 m) within current urban models, where front and back yard may change from LIR to HIR
based upon impervious fraction, yet the urban schemes assume unresolved homogeneous
canyons.
o Are the aggregated fluxes correctly parameterized?
o Are there more appropriate urban class definitions (e.g. Local Climate Zone Stewart and
Oke 2012)?



Conclusions

Pre-monsoon summertime nocturnal 2-meter temperature differences demonstrate sensitivity to
input data source, showing that,
o changing NLCD to NAIP to derive urban classes give a change of =1 °C owing to smaller
urban footprint
o the reduced urban fraction of NAIP, especially in the rural fringe, shows a =1-3 °C change,
which remained consistent with changed urban class area
o using default urban fraction versus from NAIP gives = 1-2 °C change, both increase or
decrease depending on development density.

Comparison with observations will be conducted, in addition to investigating “tuning” of additional
urban parameters, and deriving fractional contribution of non-urban classes from NAIP

In preparation: additional input data products (i.e. Landsat), and classifications (i.e. NLCD40) are
being explored. These cases will be evaluated with WRF model predictions versus observations.



Study areas using National Agricultural Imagery Program data
Multiscale data development for integrated agricultural and urban applications
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Development of the Integrated WRFEF-Urban-Crop model

e (Quantify complex hydro-climate-soil-crop interactions

o Essential for supporting agricultural management strategies and

policy decisions at multiple scales:

global continental local farm/urban

e Apply to investigations within mixed developed urban regions.

Image Sources: goes.gsfc.nasa.gov, climate.gov, maps.google.com
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Multiscale data development for integrated agricultural and urban applications



Thank you

"% Photo credit: S.R.Shaffer
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Additional slides



Assessment of Subgrid Land Cover Entropy

» Observations of PDI: W(¢), ¢ fine-grid; X aggregated grid,
with resolution Ay < Ay
and ¢ € [1,2,...,100] having N, states

> Probability density function, p; j(V|ecnx; ),
of observations W(&) within &}, i.e. V§ € A]

» Normalized Shannon Entropy h

h= e [0,1]. (1)

S p(W) log (p())
|\

—1
log Ns
» h depends explicitly upon X', with Ay and positioning of X’

with respect to £ as implicit parameters that will influence the
partitioning and aggregation of W.

> Small h indicate W|¢cx, ; has a distribution near the mode of
pij, whereas h=1 indicates that each state is equally likely.

Shaffer et al. 2016



Assessment of Subgrid Land Cover Entropy

» Categorical observations C"P(¢)
» Conditional density function p(W|C™P) for each C"P
» Conditional NSE,

hewes = h(p(W]C™)). (2)

» Use for assessing distributions of W for each C"P

» In the context of mosaic partitioning of the grid-cell for
different ULCC, C™" more classes are needed for h near 1.

Shaffer et al. 2016



H

irb

Proposed £, approach for mosaic cwb

Define:

fH (Xigacurb) = W(Xi’j,curb),vg S Xli’j

urb

where w(X,C"P) determined as the most probable value (i.e.
mode) of p(W|C™P):

w(X,C") = max p(¥(¢ € x)|cUP(€ € X))
€
> fu}rlb for single dominant C™*P

» or, mosaic, with hcurb reduced from h

» Requires additional categorical data or partitioning scheme

Shaffer et al. 2016



