ABSTRACT

KENNEDY, RACHEL ERIN. Assessing Numerical Weather Prediction Model Forecast Skill
Under Different Weather Conditions Using Surface Observations. (Under the direction of
Dr. Sandra Yuter).

Identifying conditions where a weather prediction model has higher and lower forecast
skill aids in constraining where refinements in different aspects of model physics will have
the highest impact and helps forecast users to account for typical biases. This study analyzes
numerical weather prediction model biases under different meteorological conditions,
including the amount of observed cloud cover, time of day, region, and season. As well
as comparisons of the numerical values of weather variables between observations and
forecasts at a given valid time, we also examined errors in the timing of low pressure system
passages and precipitation events. The Coupled Ocean/Atmosphere Mesoscale Prediction
System (COAMPS) is a regional operational weather forecasting model developed and used
by the US Navy. The Global Forecast System (GFS) is the the US National Oceanic and Atmo-
spheric Administration’s global operational weather forecast model. We compare COAMPS
and GFS model output to surface observations at 333 weather stations and 37 buoys across
the North America with an additional 88 stations for GFS only in the Intermountain West.
Focus is on the the summer season from May - Sep 2022 and the winter season of Nov
2022 - Feb 2023. The findings of this study will be given to the Naval Research Laboratory
(NRL) and used to direct model developers to variables with the largest biases and identify
potential causes of these biases.

We use several types of evaluation metrics for forecasts at 48-hour lead times. Matched
time comparisons of model output minus observations are a standard metric but apparent
biases can result from small timing and location errors. We compare bulk distributions of a
given variable over a season to determine if biases detected in matched-time comparisons
are similar when the timing criteria is relaxed. We have also developed two metrics to
quantify timing errors. We use pressure tendency to determine the timing of low pressure
center passages and assess to what degree the model forecasts low pressure center passages
too early or too late. In addition, we examine forecast and observed start and stop times as
well as durations of precipitation events.

We found that there are regional and time of day differences in several types of model
biases. Winter afternoon temperatures (3PM local time) temperatures are often too cold

with the exception of locations in the Plains which have smaller errors. At 7AM local time in



winter, there is a south to north gradient in temperature biases with locations to the south
tending to be too warm while those north are too cold. Station median temperature biases
were usually larger in winter than in summer. In winter, biases were larger in conditions
with less cloud coverage than in all cloud coverage conditions. Temperature biases at 7AM
in the winter were found to be influenced by the amount of observed cloud cover, changing
from a warm bias when all conditions were examined to a cold bias when only conditions
with <25% cloud cover were examined. Dewpoint errors in the western US tend to be too dry
while those in the eastern US are too moist. Biases for temperature, low pressure passage
timing, and wind speed/wind direction all tended to be larger in mountainous terrain as
compared to flatter areas.

We defined extreme temperature events as outside of the 10th and 90th percentiles of
the 30-year hourly climatology. Typically, the severity of these events was underestimated
in the forecasts where observed temperatures were > 90th percentile as too cool and where
observed temperatures were < 10th percentile as too warm. Median forecast biases for the
subset of extreme events were larger than for all events.

In regions outside of mountainous terrain, most low pressure passages were forecast to
occur within +/- 2 hours of the observed low pressure passage time. Both COAMPS and
GFS had notable timing errors for precipitation events with start times typically forecast
to occur too early and end times too late yielding precipitation event durations that were
several hours or more too long.

The model physics are identical and the initializations are very similar between two
COAMPS regional model runs that cover California with different grid spacing. We exam-
ined temperature errors for COAMPS NEPAC (15.5 km grid) and COAMPS CENCOOS (3.65
km grid). The finer grid CENCOOS model performed worse in temperature forecasts, partic-
ularly in the summer at both 7AM and 3PM local time, than the coarser grid NEPAC. Wind
speed errors large enough to impact aviation tended to occur more frequently at buoys,
along the coast, and near mountainous terrain at both grid resolutions.

Comparison of temperature and dewpoint biases for both models suggests that errors
in temperature and dewpoint forecasts only minimally influence each other. Comparison
of temperature biases and wind errors shows no real relationship, indicating errors in
wind speed/direction are not the largest cause of temperature biases. Stations with larger
temperature biases and more frequent wind speed/direction errors tended to be located in

complex mountainous terrain.



© Copyright 2023 by Rachel Erin Kennedy

All Rights Reserved



Assessing Numerical Weather Prediction Model Forecast Skill Under Different Weather
Conditions Using Surface Observations

by
Rachel Erin Kennedy

A thesis submitted to the Graduate Faculty of
North Carolina State University
in partial fulfillment of the
requirements for the Degree of
Master of Science

Marine, Earth, and Atmospheric Science

Raleigh, North Carolina
2023

APPROVED BY:

Dr. Matthew Parker Dr. Sarah Larson

Dr. Sandra Yuter
Chair of Advisory Committee



BIOGRAPHY

Rachel Kennedy was born and raised in San Jose, California with her parents, older
sister, and their cats. She began her undergraduate career in August 2016 at Pacific Lutheran
University (Tacoma, WA) with the aim of studying history. During her freshman year, she
took the university’s singular meteorology class and knew halfway through the semester
that this was what she wanted to do with her life. Rachel transferred to Valparaiso University
(Valparaiso, IN) in January 2019 and graduated with her Bachelor’s of Science in Meteorology
in May 2021. She moved to Raleigh in July 2021 to pursue a Master’s degree in Atmospheric
Sciences at North Carolina State University. After completing her Master’s degree, Rachel is

excited to begin her dream job working as a meteorologist for the National Weather Service.

ii



ACKNOWLEDGEMENTS

Thank you to my adviser Dr. Sandra Yuter for all of her time and guidance over the last
two years. This project would not have been possible without her support. Thank you to
my committee members, Dr. Matthew Parker and Dr. Sarah Larson, your feedback and
ideas about my thesis were invaluable. Thank you to the Naval Research Lab - Monterey
for their help and feedback throughout this project. The research was supported in part by
ONR grant N00014-21-1-2116. Thank you to my research group Environmental Analytics
but specifically to Dr. Matthew Miller, Laura Tomkins, Kevin Burris, and Jordan Fritz for
listening to me and talking through different issues as they came up with me. Special thanks
goes to Dr. Miller and Jordan Fritz for allowing me to use their codes and contributing
to the analysis of model biases in this study. Lastly I would like to thank my friends and
family but special thanks goes out to my mom, my sister, Miranda Silcott, Elizabeth Hartsog-
Chakrabarty, Valerie Ryba, and my cats. None of this would have been possible without
their support and [ would be lost without their guidance.

iii



TABLE OF CONTENTS

Listof Tables . . . . . .. ... .. vi
Listof Figures . . . . . . ... ... e vii
Chapter1 INTRODUCTION. . .. ... ..t e et e e 1
1.1 Background and Motivation . ................ ... . .. i 2

1.2 ResearchGoals. . ...... ... .. e 10

1.3 Roadmap . .. ...t e 11
Chapter2 DATAand METHODS ... ... ... . . . .. . . .. 12
2.1 Data ... e 12
2.1.1 COAMPSmodel ........ ... .. . . 12

2.1.2 GFSModel . ...... ... 17

2.1.3 Surface Weather Observations . ........................... 17

2.1.4 Historical Observations . . . ..............uiieinnee... 21

2.2 Subsetting by Weather Conditions. . . ........... ... ... ... ....... 21
2.2.1 Amount of Observed Cloud Cover ......................... 21

2.2.2 Temperature Periods Outside of 90th and 10th Percentiles. . . ... .. 22

2.3 Matched Model and Observations at Same Valid Time .. .............. 25
2.3.1 Leadtime-ishMethod ............. ... ... ... . ... ... ... 25

2.3.2 Calculation of Matched Time Model Error and Model Bias . ... ... 26

2.4 Bulk Distribution Analysis . ........... ... ... . . 27

2.5 LowPressureEventTiming .. ... ... ... .. .. ... ... 28
2.5.1 Pressure Time Series Filtering and Pressure Tendency Calculation . . 30

2.5.2 Low Pressure Passage and Offset Calculations. . ............... 33

2.6 Wind Speed and Direction Error Criteria . .. ....................... 36

2.7 Precipitation Event Timing Analysis . ............... ... ... ....... 37

Chapter3 Results 1 - Assessment of Errors in COAMPS and GFS across North

America . ... ... 40
3.1 Temperature . .. ... ... ..o it u ittt e e 40
3.1.1 Morning Low and Afternoon High Diurnal Variation . . . ......... 41
3.1.2  Bulk Seasonal Distributions of Temperatures ................. 51

3.1.3 Hourly events outside the 10th and 90th hourly temperature clima-
tological percentiles .......... ... ... . ... .. i . 54
3.2 Dewpoint. . . ... e e 62
3.3 WINAS . ..o 67

3.3.1 Geographic Patterns of Wind Speed and Wind Direction Errors . ... 68
3.4 Relationships Between Temperature Biases and Dewpoint/Wind Direction

Biases . . ... 71
3.5 Timingof Low Pressure Events ............. ... ... ... ... ... ... 72

iv



3.6 Timing of PrecipitationEvents ............ ... ... . ... ... ... ..., 82

3.6.1 EventStartTimeandEndTime ........................... 84

3.6.2 EventDuration ............. .. ... i 88

3.6.3 Missed PrecipitationEvents . . . ........... .. .. ... ... .. . ... 88

3.6.4 Sensitivity Tests. . . ... ... e 88

3.7 Summaryand Implications. . . ........ . ... . . . 92
Chapter4 Results 2 - CALIFORNIA - COAMPS at two grid resolutions. . . . . .. .. 94
4.1 Temperature Biasesat7AM and3PM........... ... .. ... . ........ 97
4.1.1 SummerSeason . ........... . e 98

4.1.2 WINtErSeasOm . . . . . vttt e e e e e e 101

4.2 Wind speed and direction error frequency for California .............. 105

4.3 Implications . ... ... ... .. 111
Chapter5 CONCLUSIONSAND FUTUREWORK ........................ 113
5.1 SummaryofResults . ........ .. . . .. . 113

52 Future Work . . ... ... e 116
References . . .. ... ... .. ... 118
APPENDIX . . . . e 123
Appendix A Supplemental Materials . ................ ... ... ...... 124



Table 2.1

Table 2.2

Table 2.3

Table 2.4

Table 2.5

Table 3.1

Table 3.2

Table 3.3

Table 3.4

Table 4.1

Table 4.2

Table 4.3

LIST OF TABLES

COAMPS and GFS model characteristics and parameterizations. Based

on AWS (2022) and J. Doyle personal communication . . . . ........ 19
Available variables for ASOS land stations and buoy data. Asterisk
indicates dewpoint data is available for some but not all buoys. .... 20
Airportland stations located in the ocean surface type in each COAMPS

domain. . . ... 20
Cloud cover categories used lItering by amount of observed cloud

UTC times used to represent daily high and low temperature by lon-

gitude for North America. Additionally, regions in Northern Canada

from longitude > -141.5°W but < -101°W and at a latitude > 60°N uses

a max temperature time of 21 UTC and a minimum temperature time

Of I3 UTC. . . 27

COAMPS and GFS median overall biases across North America and
25th/ 75th percentiles for temperature biases in the winter (11 /22 -

COAMPS and GFS median overall biases across North America and
25th/ 75th percentiles for temperature biases in the summer (5 /22 -

North America region median temperature biases for observed >90th
percentile warm and <10th percentile cold event biases in COAMPS

and GFSforsummerandinwinter. .. ....................... 54
Median biases for pressure tendency offsets in hours for COAMPS and

GFS in summer and in winter. Excludes stations with fewer than 12

low pressure passage events. . .. ... .. 82

ICAO ID and locations for 21 ASOS stations utilized in this study across
California. Stations that are located in the wrong surface type (ocean

surface type rather than on land surface type) are marked with an
asterisk. . ... 95
Temperature bias analysis from May - September 2022 at 7AM and

3PM for COAMPS NEPAC and CENCOOS models. Median, 25th per-
centile, and 75th percentile values from the temperature bias distri-

butions are further subset by observed cloud cover amounts. . . .. .. 100
Temperature bias analysis from November 2022 to February 2023 at

7AM and 3PM for COAMPS NEPAC and COAMPS CENCOOQOS California
model domains. Median, 25th percentile, and 75th percentile values

from the temperature bias distributions are further subset by observed

cloud coveramounts. . ... ... 102

Vi



Figure 1.1

Figure 1.2

Figure 1.3

Figure 1.4

Figure 1.5

LIST OF FIGURES

Example of model veri cation for seasonal (March /April/ May 2021)
mean 500 hPa geopotential height forecasts using the CMA-GFS
model forecast eld at a leadtime of 240 hours. Contours represent
the mean seasonal (MAM) geopotential height forecast values and
shading represents the corresponding model forecast geopotential
height errors over the same time period. The highest amount of er-
rors are found in between troughs and ridges, with blue shading
representing the model forecasted heights too low and red shading
representing the model forecasted heights too high. Adapted from
Sunetal. (2023),theirFigure2A4. . .. ... ... ... . .. ... .. ...
Example of model veri cation using model created surrogate storm
reports (SSR) compared to observed storm reports (OSR). A) Num-
ber of observed storm reports and surrogate storm reports on a 45
day rolling window using data from January 2008 - January 2016. B)
Surrogate storm report biases, blue is an underforecast and red is an

overforecast. Adapted from Sobash and Kain (2017), their Figure 3 A /B.

Example of model veri cation of the frequency biases associated with
the calculation of the 1 inch precipitation threat score (blue), where

a threat score depends on how similar the forecast and observed
precipitation events are for any given amount of precipitation, the
top 1.0% of extreme precipitation events threat scores (red), and
the top 0.1% of extreme precipitation events threat scores (black).
The frequency bias is calculated from the number of forecast verses
observed events at a given threshold (i.e. 1 inch, top 1.0%, or top
0.1%) with a bias of 1 corresponding to an unbiased forecast, a bias
> 1 meaning the model is overforecasting event occurrence, and a
bias of < 1 meaning the model is underforecasting event occurrence.
Adapted from Sukovich et al. (2014), their Figure5D. . . . ... ... ...
Example of model veri cation for the amount of forecast cloud cover.
Top row shows satellite observed and HRRR-model simulated IR
brightness temperatures for 22 January 2022 at 1900 UTC. Bottom
row shows extracted cloud feature objects and their bounding region
perimeters. Adapted from Grif n et al. (2017), their Figure 3. . . . . . .
Bias of 36-h lead time temperature forecasts from GFS (a, c; left col-
umn) and HRRR (b, d; right column) for 210 airports over the period

1 Nov 2019 to 31 March 2020 for observed sky conditions with < 50%
cloud cover valid at 3PM (a, b; top row) and 7AM (c, d; bottom row)
local time. Blue colors indicate cold bias, red colors indicate warm
bias. Adapted from Patel et al. (2021),their Figure 1.. . . ... .......

vii

4



Figure 2.1

Figure 2.2
Figure 2.3

Figure 2.4

Figure 2.5

Figure 2.6

Figure 2.7

Figure 2.8

Figure 2.9

COAMPS North West Atlantic (NWATL) model domain. Black circles
represent stations within the NWATL domain used in the bias statis-
tical analysis. Gray shading represents the land surface type in the
model, yellow shading represents the inland water surface type in
the model, and green shading represents the ocean surface type in

themodel.. . .. ... . . 14
Same as 2.1 except for COAMPS Northeast Paci c (NEPAC) model
domain. . ... . 15
Same as 2.1 except for COAMPS Central California (CENCOQOS) model
dOMaiN. . .. 16

Map of ASOS land stations in North America that are compared to

both COAMPS and GFS (pink) and GFS only (green). Buoys (white)

are compared to both COAMPS and GFS. . ................... 18
Hourly climatology for KRDU (Raleigh, NC) from 1991 to 2020. Solid

black line represents the median hourly temperature over this pe-

riod. Dashed red line represents the 90th percentile for temperatures

over this period. Dashed blue line represents the 10th percentile for
temperatures overthisperiod ........... ... . ... .. .. ... 23
Time series of forecast temperatures and observed temperatures from

5-10 May 2022. GFS forecast is marked in green, COAMPS forecast is
marked in red, observations are marked in solid black, and the black
dashed lines represent the 90th (upper line) and 10th (lower line)
percentiles. Times when the COAMPS forecast temperature is greater

than the climatological 90th percentile are shaded in red and times

when the observations and / or forecasts are below the climatological

10th percentile are shaded inblue. . .. ...................... 24
Number of observed hours with temperatures >90th climatological
percentile in North Americafor A)5 /22-9/22andB)11/22-2/23. . 24
Number of observed hours with temperatures  <10th climatological
percentile in North America A) 5 /22 -9/22 B) 11/ 22 - 2/ 23. Note that

the range of the color scale is half of whatitisinFig. 2.7. . . . . ... .. 25
48-hour lead time bulk analysis distributions for the North East Pa-

ci c COAMPS domain (Western North America) land stations in
February 2023 at (A) 7AM LT and (B) 3PM LT. Solid black boxes rep-
resent the distribution of observed temperature, blue line indicates
distribution of forecast COAMPS NEPAC temperatures, and orange

line indicates distribution of forecast GFS temperatures (orange).
Dashed red lines represent the 25th and 75th percentiles of observed
temperatures and solid red line represents the median observed tem-
perature value. The y-axis represents the number of occurrences, or
number of hours, that a certain value was observed for.. . .. ... ... 29

viii



Figure 2.10

Figure 2.11

Figure 2.12

Figure 2.13

Figure 2.14

Figure 3.1

An example showing the steps to process pressure time series for
COAMPS forecast pressure data (blue lines) and observed pressure

data (black lines) for 21-24 January 2022 at station KORF. Panel A)
shows the original pressure time series, panel B) shows the pertur-

bation pressure time series, and panel C) shows the perturbation
pressure time series repeated 3 times which is used as input to the
bandstop lter step (see text for details). . ................... 31
An example showing before (A, B; top row) and after (C, D; bottom

row) bandstop Itering of COAMPS forecast perturbation pressure

trace (A, C; left panel) and observed (B, D; right panel) pressure data

from 21-24 January 2022 at KORF (Norfolk, VA). . .............. 32
Time series of Itered perturbation pressure trace (A), 5-hour (B), 9-

hour (C), and 11-hour (D) pressure tendency for 21-24 January 2022

at KORF Blue line represents COAMPS data and black line represents
observeddata.. . ....... ... ... ... 34
Time series of 9-hour observed (black) and COAMPS forecast pressure
tendency (blue) for KCHO (Charlottesville, Virginia) for 1-4 February

2022 (COAMPS initialization time is 1 Feb 2022 at 00 UTC). Pressure
tendency crossovers from negative to positive that do not continue to
positively increase for at least three hours after switching sign (circled

in red) do not represent low pressure passages. Pressure tendency
crossover where pressure switches from being continuously negative

to continuously positive for more than 3 hours before / after pressure
tendency changes sign indicates a forecast / observed low pressure
passage (circledinpurple. . ........ .. ... .. . .. 35
Example of envelope classi cation for precipitation events used in
precipitation event timing analysis. Individual precipitation start and

end times are denoted as a blue x with individual event duration

marked as a solid blue line. Solid green line represents the classi ca-

tion of a larger precipitation event by combining individual events

with short gaps in the "envelope" of precipitation into one larger event. 38

Diurnal temperature biases for COAMPS (A, C; left) and GFS (B, D;

right) for November 2022 - February 2023 under all cloud conditions

for morning (A, B; top panels) and afternoon (C, D; bottom panels).
Stations marked with a pink 'X' denote stations with insuf cient

sample sizes (>30% missing data) to calculate a representative bias. 43



Figure 3.2

Figure 3.3

Figure 3.4

Figure 3.5

Figure 3.6

Figure 3.7

Figure 3.8

Figure 3.9

Figure 3.10

Diurnal temperature biases for COAMPS (left) and GFS (right) for
November 2022 - February 2023 under <25% observed cloud cover
(CLR, FEW). Stations marked with a pink X' denote stations with not
enough non-missing observations ( <30%) over the entire requested
period to calculate a bias from. Stations marked with a black X' de-
note stations with enough observations over the entire period but
that do not have enough observations when <25% cloud cover is

present to calculate a reliable temperature bias from. . .......... 44

Same as Fig. 3.1 but for biases observed under all cloud cover condi-
tions from May - September 2022. . .......... ... ... ... . ...
Same as Fig. 3.2 but for biases observed under <25% cloud cover
from May - September 2022. ... ... ... . ... e
Terrain elevation differences for COAMPS and GFS model grids and
observation station elevation. A positive value indicates model terrain

is too high. A negative value indicates model terrain is too low. A)
COAMPS B) GFS. . . ..
COAMPS 48-hour lead time temperature biases under all cloud condi-
tions with COAMPS elevation differences from observations. Marker
color represents the observation station elevation. A) 7TAMS5 /22-9/22
B) 7AM 11/22-2/23 C)3PM5/22-9/22D)3PM 11/22-2/23 .. ...
GFS 48-hour lead time temperature biases under all cloud conditions
with GFS elevation differences from observations. Marker color rep-
resents the observation station elevation. A) 7AM 5 /22 -9/22 B) 7AM
11/22-2/23 C)3PM5/22-9/22D)3PM 11/22-2/23 ...........
Scatter plots of temperature biases under all cloud cover conditions

at 7AM (x-axis) and 3PM (y-axis) set against each other. A) COAMPS
5/22-9/22B) GFS522-9/22 C) COAMPS 1122 -2/23D) GFS 11 22
-2l 23,
Bulk temperature distributions from May 2022-September 2022 (A,

C; left panels) and November 2022-February 2023 (B, D; right panels)
at 48-hour (A, B; top panels) and 72-hour (C, D; bottoms panels) lead-
times Black histogram represented observed temperature distribu-
tion, blue line represents COAMPS temperature forecast distribution,
and orange line represents GFS temperature distribution for North
America (all stations in COAMPS NEPAC and NWATL domains). . ..
Number of observed hours corresponding to the tails of the tem-
perature climatology. A) < 10th percentile for5 /22 -9/22,B) < 10th
percentile for 11 /22-2/ 23, C)> 90th percentile for 5 /22 - 9/ 22 and D)
> 90th percentile for 11 /22 - 2/ 23. Note that maximum value in the
color scale for cold spells (top row) is 500 hours as compared to 1000
hours for warm spells (bottomrow). .......................

46

4

53

7

52



Figure 3.11

Figure 3.12

Figure 3.13

Figure 3.14

Figure 3.15

Figure 3.16

Figure 3.17

Figure 3.18

Figure 3.19

Temperature bias for observed cold events (observed temperatures <
10th percentile temperatures based on climatology data) during the
summer (top row) and the winter (bottom row). A) COAMPS5 /22 -
9/22B) GFS 522-9/22 C) COAMPS 1¥22-2/23 D) GFS 1122 - 2/ 23.
Number of hours where temperatures < 10th percentile were forecast
by either COAMPS or the GFS but observed temperatures were not
below the 10th percentile (false alarms). A) COAMPS 5 /22 - 9/ 22 B)
GFS522-9/22C) COAMPS 1122 -2/23 D) GFS 1122 - 2/ 23.
Number of hours where temperatures < 10th percentile were not
forecast (missed events) by either COAMPS or the GFS but observed
temperatures were below the 10th percentile. A) COAMPS 5 /22-9/22
B) GFS 522-9/22 C) COAMPS 1122 -2/23D)GFS 1122-2/23. ..
Temperature bias for observed warm events (observed temperatures

> 90th percentile temperatures based on climatology data) during

the summer (top row) and the winter (bottom row). A) COAMPS 5 /22
-9/22B) GFS 322-9/22 C) COAMPS 1122 - 2/23 D) GFS 11 22 - 2/ 23.
Number of hours where temperatures > 90th percentile were forecast
by either COAMPS or the GFS but observed temperatures were not
above the 90th percentile (false alarms). A) COAMPS 5/22 - 9/ 22 B)
GFS522-9/22C) COAMPS 1122 -2/23 D) GFS 11 22 - 2/ 23.
Number of hours where temperatures > 90th percentile were not
forecasted by either COAMPS or the GFS but observed temperatures
were above the 90th percentile (missed events). A) COAMPS 5/22 -
9/22B) GFS 522 -9/22 C) COAMPS 1122 -2/23 D) GFS 1122 - 2/ 23.
Diurnal dewpoint biases for COAMPS (left) and GFS (right) for May
2022 - September 2022 under all cloud conditions. Stations marked
with a pink 'X' denote stations with insuf cient sample sizes ( >30%
missing data) to calculate a representative bias. A) COAMPS morn-
ing dewpoint biases B) GFS morning dewpoint biases C) COAMPS

56

57

59

60

afternoon dewpoint biases D) GFS afternoon dewpoint biases. . ... 63

Diurnal dewpoint biases for COAMPS (left) and GFS (right) for May
2022 - September 2022 under <25% observed cloud cover (CLR, FEW).
Stations marked with a pink 'X' denote stations with insuf cient
sample sizes (>30% missing data) to calculate a representative bias.
Stations marked with a black 'X' denote stations with enough observa-
tions over the entire period but that do not have enough observations
when <25% cloud cover is present to calculate a reliable dewpoint
bias from. A) COAMPS morning dewpoint biases B) GFS morning
dewpoint biases C) COAMPS afternoon dewpoint biases D) GFS af-
ternoon dewpointhiases. . . . ... . .. .
Same as Fig. 3.17 but for dewpoint biases under all cloud conditions
from November 2022 - February 2023. . ... ..................

Xi

65



Figure 3.20

Figure 3.21

Figure 3.22

Figure 3.23

Figure 3.24

Figure 3.25

Figure 3.26

Figure 3.27

Figure 3.28

Figure 3.29

Same as Fig. 3.18 but for dewpoint biases under <25% observed cloud
cover from November 2022 - February 2023. . . ... ............. 66
Percent of time that wind speed meets TAF amendment criteria for
COAMPS (A, C; left) and GFS (B, D; right) from May 2022 - September

2022 (A, B; top row) and November 2022 - February 2023 (C, D; bottom

row). The subset of stations plotted meet TAF amendment criteria

>2% of the time which is considered notable. . ... ............. 69
Same as Fig. 3.21 but for percent of time that wind direction meets
TAF amendmentcriteria. ... ... .. . 70

Scatter plot of COAMPS temperature biases (x-axis) and dewpoint bi-
ases (y-axis) set against a one-to-one line at 7AM / 3PM in the summer
and winter. Stations marked in red are mountain stations. Stations
marked in black are non-mountain stations. A)5 /22 -9/22 7AM B)

11/22-2/237AMC) 5/22-9/223PM D) 11/22-2/233PM. . ... ... 71
Same as Fig. 3.23 but for GFS. A) 322 -9/22 7AM B) 11/ 22 - 2/ 23 7TAM
C)5/22-9/223PMD) 11/22-2/233PM. . ......... .. ... ..... 72

Scatter plot of COAMPS temperature biases (y-axis) and percent of
time wind direction met TAF amendment criteria (x-axis) at 7AM  / 3PM
in the summer and winter. Stations marked in red are mountain sta-
tions. Stations marked in black are non-mountain stations. Dashed
horizontal lines are located at +/ - 2 and 0 on the y-axis and dashed
vertical line is located at 2% on the x-axis. A) 5 /22-9/22 7AM B) 11/ 22

-2/237AM C)5/22-9/223PMD)11/22-2/233PM. . ........... 73
Same as Fig. 3.25 butfor GFS. A) 322 -9/22 7AMB) 11/ 22 - 2/ 23 7TAM
C)5/22-9/223PMD) 11/22-2/233PM. . ............ ... .... 74

Observed number of low pressure passages per week across North
America from A) May - September 2022 and B) November 2022 -
February 2023. Stations marked with a pink 'X" indicate stations

where fewer than 12 forecast low pressure passages were paired with
observed low pressure passages. Biases at these stations are consid-

ered non-representative and wereexcluded. . . . ............... 75
Observed (black) and forecast (COAMPS - yellow, GFS - blue) pres-

sure trace values for A) KSAT - San Antonio, Texas from June 30 - July

5, 2022 and B) KFAT - Fresno, California from July 3 - July 8, 2022. Pres-

sure trace values in both plots cycle up and down each day (similar

to diurnal temperature cycles) instead of remaining relatively con-

stant with no major dips or rises when a low pressure system is not
present. Pressure traces marked in purple boxes indicate observed

and forecast pressure traces that indicate a false low pressure passage.
Dashed green lines indicate approximate time of low pressure passage. 76
Median daily observed and forecast pressure variation (hPa) for May

2022 - September 2022 for A) Observations B) COAMPS C)GFS . ... 77

Xii



Figure 3.30

Figure 3.31

Figure 3.32

Figure 3.33

Figure 3.34

Figure 3.35

Figure 3.36

Figure 3.37

Figure 3.38

Scatter plot of observed daily pressure variation (hPa) and the number

of observed low pressure passages per week at each station from May

2022 - September 2022. Stations in the southwest are marked with a

red circle, stations outside of the southwest are marked with a black

CITClE. . o 78
Distributions of timing offsets from all matched observed and fore-

cast low pressure passage offsets. The y-axis shows the number of low
pressure passages that occurred at each offset time, from A) COAMPS
in5/22-9/22,B) GFS 322 -9/22, C) COAMPS 1122 - 2/23 D) GFS
11/22 - 2/ 23. Each valid time is evaluated for 8 forecast initializations. 80
Interquartile range between the 25th and 75th percentiles for low
pressure passage offset timing biases at each station from COAMPS

(A, C; left panel) and GFS (C, D; right panel) valid for May - September

2022 (A, B; top row) and November 2022 - February 2023 (C, D; bottom

row). The larger the interquartile range, the more error prone a station
is.Stations marked with a black 'X' have too few samples to yield
representative statistics. . . . .. ... .. .. . 81
Geographic maps of the number of precipitation events matched
between observations and 48-hour lead time forecast for A) May

2022- September 2022 COAMPS, B) May 2022- September 2022 GFS,

C) November 2022 - February 2023 COAMPS, and D) November 2022
-February 2023 GFS. . ... ... 83
Histograms of COAMPS and GFS precipitation event start time er-

rors for A) COAMPS May 2022- September 2022, B) GFS May 2022-
September 2022, C) COAMPS November 2022 - February 2023, and D)

GFS November 2022 - February 2023 for 48-hour lead times. Dashed

red line represents the median start time bias. Solid black line repre-

sentsastarttime biasofOhours. . ......... ... ... .. ... . .... 84
Same as Fig. 3.34 but for precipitation event end time errors for 48-
hourlead times. . ... ... . . e 85

Median precipitation start time biases at individual stations for A)
COAMPS 522-9/22,B) GFS 322 -9/22,C) COAMPS 1122 - 2/ 23,

and D) GFS 11/ 22 - 2/ 23. Stations with less than 10 paired precipita-

tion events are marked usingablack"™X. .. ....... .. ... ... ... 86
Median precipitation end time biases at individual stations for A)
COAMPS 522-9/22,B) GFS 522 -9/22,C) COAMPS 1122 - 2/ 23,

and D) GFS 11/ 22 - 2/ 23. Stations with less than 10 paired precipita-

tion events are marked usingablack X' . .. ...... ... ... . ... 87
Paired model and observed precipitation event duration compared

against each other for A) COAMPS 5/22 -9/ 22, B) GFS 322 -9/22, C)
COAMPS 11¥22-2/23,andD) GFS 11/22-2/23. . .. ............ 89

Xiii



Figure 3.39

Figure 3.40

Figure 4.1

Figure 4.2

Figure 4.3

Figure 4.4

Figure 4.5

Figure 4.6
Figure 4.7
Figure 4.8

Figure 4.9

Number of observed precipitation events at each station that were

not paired with a forecast model precipitation event for A) COAMPS
5/22-9/22,B) GFS 322 -9/22,C) COAMPS 1122 - 2/ 23, and D) GFS

11/ 22 -2/ 23, e 90
Number of forecast precipitation events at each station that were not

paired with an observed precipitation event for A) COAMPS 5 /22 -
9/22,B) GFS 522 -9/22,C) COAMPS 1122 - 2/ 23, and D) GFS 11 22

-2l 2. 91

A) Map of all land airport ASOS stations and ocean buoy stations in the

NEPAC and CENCOOS domains. B) Map of all airport ASOS stations in

the Bay Area C) Map of all airport ASOS stations in Southern California. 96
May - September 2022 (summer) distributions of temperature error

of matched model forecast value minus observed value for 15 land

based stations (stations in land grid boxes only, 6 land stations in

ocean grid boxes excluded) COAMPS NEPAC and CENCOOS for all
cloud cover conditions at a 48 hour lead time. A) COAMPS NEPAC

7AM B) CENCOOS 7AM C) COAMPS NEPAC 3PM D) CENCOOS 3PM. 98
May - September 2022 map of temperature biases in degrees C at

7AM (A, B; top panel) and 3PM (C, D; bottom panel) for COAMPS
NEPAC (B, D; right panel) and CENCOOS (A, C; left panel) models at

a 48-hour lead time under all cloud conditions. . .............. 99
May - September 2022 scatterplot of COAMPS NEPAC temperature
biases versus CENCOOS temperature biases by station for all cloud
conditions at A) 7AM and B) 3PM. Blue line represents a 1-1 line

where COAMPS NEPAC temperature biases equal CENCOOS temper-
ature biases. In-land stations marked in black, buoys marked in blue,

NEPAC stations placed in the ocean instead of on land marked in pink. 100
November 2022 - February 2023 distributions of temperature error

at 7AM (A, B; top panel) and 3PM (C, D; bottom panel) for COAMPS
NEPAC (B, D; right panel) and CENCOOS (A, C; left panel) models at

a 48-hour lead time for all cloud cover conditions. . ............ 103
Same as Fig. 4.3 but for November 2022 - February 2023. . ....... 104
Same as Fig. 4.4 except for November 2022 - February 2023 . . . . . .. 104

CENCOOS 48-hour lead time temperature biases under all cloud
conditions with CENCOQOS elevation differences from observations.

Marker color represents the observation station elevation. A) 7AM
5/22-9/22B) 7TAM 11/ 22 - 2/ 23 C) 3PM 5/ 22 - 9/ 22 D) 3PM 11/ 22 -

2 23 106
NEPAC 48-hour lead time temperature biases under all cloud condi-

tions with NEPAC elevation differences from observations. Marker

color represents the observation station elevation. A) 7TAM5 /22-9/22

B) 7TAM 11/22 - 2/23 C) 3PM 5/ 22 -9/22 D) 3PM 11/22-2/23 .. ... 107

Xiv



Figure 4.10

Figure 4.11
Figure 4.12

Figure 4.13

Figure A.1

Figure A.2
Figure A.3

Figure A.4
Figure A5

Figure A.6

May 2022 - September 2022 scatterplot of frequency of exceeding
TAF amendment criteria for wind speed (right) and wind direction
(left) for NEPAC versus CENCOOS by station set against a 1-1 line. In-
land stations marked in black, buoys marked in blue, NEPAC stations
placed in the ocean instead of on land marked in pink. Stations with
frequencies < 2% arenotplotted . ... ......... . ... ... ... ...
Same as Fig. 4.10 but for November 2022 - February 2023. . . ... ...
Stations plotted where forecast wind speeds meet TAF amendment
criteria for wind speed (wind speed error > 5.14 m/ s) more than two
percent of the time. A) CENCOOS stations 5 /22 - 9/ 22, B) NEPAC
stations 5/22-9/ 22, C) CENCOOS stations 11 22 - 2/ 23, D) NEPAC
stations 11/ 22 - 2/ 23. Land stations that are misclassi ed as ocean in
land/ sea mask indicated by diamond shapes. . .. ..............
Same as Fig. 4.12 except for wind direction (direction error > 30 de-

greesazimuth) ... .. ... .. ... e

Map of ASOS stations considered part of mountainous terrain per

Federal Aviation Administration guidelines (Durham 2020). . ... .. 125
Model elevation differences for COAMPS (left) and GFS (right). . ... 126

Percent of time that COAMPS forecast wind speeds meet TAF amend-
ment criteria vs the percent of time that COAMPS forecast wind direc-
tions meet TAF amendment criteria. Z axis is the number of stations
that meet criteria for that wind speed and wind direction percent
category (both the x and y axes are in intervals of 2). The y axis is
the percent of time wind speed meets TAF amendment criteria. The
x axis is the percent of time wind direction meets TAF amendment

criteria. A) COAMPS 5/22 -9/22 B) COAMPS 1422-2/23 .. ......
Same as A.3 but for GFS. A) GFS 522 -9/22 B) GFS 1122-2/23 . ..

Median low pressure passage model timing biases using the 9 hour
pressure tendency at each station for COAMPS (left) and GFS (right)
from5/22-9/22 and 11/ 22 - 2/ 23. Positive indicates the model fore-
casts low pressure systems to arrive too late and negative values indi-
cates the model forecasts low pressure systems to arrive too early. As
in gures 3.27 and A.6, biases are not studied at stations marked with

a black 'X'. A) COAMPS 5/22 - 9/ 22 B) GFS 322 - 9/ 22 C) COAMPS

11/22-2/23D)GFS 11¥22-2/23. .. .. ... .

Number of forecast low pressure passages per week across North
America by station for COAMPS (left column) and GFS (right column).
Pink X's indicate stations where fewer than 12 forecast low pressure
passages were paired with observed low pressure passages. Biases
produced at these stations are considered non-representative and
were excluded from bias analysis. A) COAMPS 5/22 - 9/ 22 B) GFS

5/22-9/22 C) COAMPS 1122 -2/23D)GFS 11¥22-2/23 ........

XV



Figure A.7

Figure A.8

Figure A.9

Figure A.10

Figure A.11

Figure A.12

Figure A.13

Observed event durations of all paired and unpaired events at each

station. A)5/22-9/22B)11/22-2/23. ... .. ... ... 130
Paired model event durations for 48-hour forecasts on a station by sta-

tion analysis. Stations with less than ten paired precipitation events

are marked with a black 'X' as not enough paired precipitation events

in place of a precipitation event bias. A) COAMPS 5 /22 -9/22 B) GFS
5/22-9/22 C) COAMPS 1122 -2/23D)GFS 1122-2/23 ........ 131
COAMPS November 2022 - February 2023 precipitation start and end

time sensitivity tests with a pairing window of ~ +/ - 18 hours with gaps

of less than 3 hours, 5 hours, 7 hours, and 9 hours between events . . 132
GFS November 2022 - February 2023 precipitation start and end time
sensitivity tests with a pairing window of  +/ - 18 hours with gaps of

less than 3 hours, 5 hours, 7 hours, and 9 hours between events . . . . 133
COAMPS start biases for November 2022 - February 2023 for all pair-

ing windows ( +/ - 21 hours, +/ - 18 hours, +/ - 15 hours, +/ - 12 hours,

+/ - 9 hours, +/ - 6 hours, +/ - 3 hours) with <5 hour gap between
precipitation events. . ... ... ... . . 134
COAMPS end biases for November 2022 - February 2023 for all pairing
windows ( +/ - 21 hours, +/ - 18 hours, +/ - 15 hours, +/ - 12 hours,

+/ - 9 hours, +/ - 6 hours, +/ - 3 hours) with <5 hour gap between
precipitation events. . .. ... . ... . e e 135
CENCOOS and NEPAC model elevation errors for land stations in
California. Positive bias indicates model heights too high, negative

bias indicates model heights too low. A) CENCOOS B) NEPAC.. . . .. 136

XVi



CHAPTER

1

INTRODUCTION

Numerical weather prediction models are an essential tool for weather forecasters and
provide key information that is used create accurate and timely forecasts for the general
public and a wide variety of specialized users including agriculture, aviation, sporting
events, and military operations. It is well known that model forecast skill for a given lead
time varies among models and for different types of weather events and seasons. Both the
National Weather Service and commercial weather forecasters make bias adjustments to
correct for known forecast de ciencies as part of post-processing model output (Glahn and
Lowry 1972). But depending on how these bias adjustments are calculated, they can make
individual forecasts better or worse. For example, a bias adjustment that is calculated based
on daily averages may make diurnally-varying errors worse as the average bias adjustment
may overcompensate for one portion of the diurnal variation. Experienced forecasters are
often aware of local biases in the models, even after post-processing, that directly impact
their forecast region and adjust their predictions accordingly.

In addition to the recent advent of rapid and sophisticated machine learning, there
have been many differing opinions over the years on whether it is more fruitful to re ne
the underlying model physics (Wong et al. 2020), improve inputs to the model via upgrades
to data assimilation (Schultz et al. 2021), or if post-processing bias adjustments and /or



blending outputs of an ensemble of models is the better route to more skillful deterministic
forecasts (Vaittinada Ayar et al. 2021). For the purposes of this study, we take the position
that improving the physical representation of the atmosphere within a numerical weather
prediction model will yield the longest lasting bene ts. Modeling centers need information

on model strengths and weaknesses and diagnosis of likely error sources to know how best
to invest nite resources in improvements in the underlying numerical weather prediction
algorithms.

1.1 Background and Motivation

Operational numerical forecast model performance is usually evaluated over seasons
(e.g. Colle et al. 1999; Sobash and Kain 2017), annually, over decades (e.g. Sukovich et al.
2014), or for particular events (e.g. Chien et al. 2002) by groups outside of and within
the modeling centers responsible for a particular model. Most model evaluation efforts
utilize one or more veri cation scores such as skill score, anomaly correlation coef cient,
and root-mean-square error (Casati et al. 2008). Commonly, model output is compared
to reanalysis, which is helpful in the sense that there is a value for every grid box but
problematic since reanalysis is not truly an independent data set. Reanalysis data uses
observations at set locations as a starting point and interpolates between observation
points to reproduce values for those locations (Parker 2016). These values are calculated
using theory based equations that are used in rst-guess forecasts, meaning reanalysis
data are partially determined by NWP forecasts and are not based purely on observations
(Parker 2016). Typical metrics to assess model performance, such as 500 hPa geopotential
heights (e.g. Sun et al. 2023; Ji et al. 2021) are useful to address synoptic scale features but
have only an indirect relation to hour by hour surface conditions where people live and
work. Itis bene cial to evaluate forecasts at hourly time scales since the duration of weather
conditions such as timing of precipitation and periods of excessive heat and cold can have
large impacts on transportation and outdoor work and leisure activities.

This study evaluates strengths and weaknesses in the US Navy's regional weather fore-
casting model, the Coupled Ocean / Atmosphere Mesoscale Prediction System (COAMPS)
(Hodur 1997) relative to surface observations at 333 airports (plus an additional 88 for GFS
only) and 37 buoys in North America during summer season of May - September 2022
and winter season of November 2022 - February 2023. The speci ¢ months selected for
summer versus winter also represent the approximate dry season (summer) and wet season



(winter) for California which is a location of interest for the Naval Research Laboratory
based in Monterey, CA (NOAA 2023). We acknowledge that, given the limited number of
months used to represent the summer /winter seasons, biases calculated in this study may
be impacted by large scale patterns present during the requested time periods. Most of
the analysis examines the 48-hour lead time forecasts. A parallel analysis is undertaken
for NOAAs Global Forecasting System (GFS) model (AWS 2022) to provide context on how
the magnitude and regional distributions of biases vary between COAMPS and GFS. This
study builds on work by Patel et al. (2021) on assessing winter season diurnal temperature
forecasts from the NOAAs GFS and High Resolution Rapid Refresh (HRRR) models as a
function of observed cloud cover.

Figure 1.1: Example of model veri cation for seasonal (March / April/ May 2021) mean 500
hPa geopotential height forecasts using the CMA-GFS model forecast eld at a leadtime

of 240 hours. Contours represent the mean seasonal (MAM) geopotential height forecast
values and shading represents the corresponding model forecast geopotential height errors
over the same time period. The highest amount of errors are found in between troughs
and ridges, with blue shading representing the model forecasted heights too low and red
shading representing the model forecasted heights too high. Adapted from Sun et al. (2023),
their Figure 2 A4.

Standard forecast veri cation methods are typically de ned using statistical methods to
assess some form of skill score, mean square error, observation and forecast variance, bias,



Figure 1.2: Example of model veri cation using model created surrogate storm reports
(SSR) compared to observed storm reports (OSR). A) Number of observed storm reports and
surrogate storm reports on a 45 day rolling window using data from January 2008 - January
2016. B) Surrogate storm report biases, blue is an underforecast and red is an overforecast.
Adapted from Sobash and Kain (2017), their Figure 3 A /B.

Figure 1.3: Example of model veri cation of the frequency biases associated with the
calculation of the 1 inch precipitation threat score (blue), where a threat score depends

on how similar the forecast and observed precipitation events are for any given amount of
precipitation, the top 1.0% of extreme precipitation events threat scores (red), and the top
0.1% of extreme precipitation events threat scores (black). The frequency bias is calculated
from the number of forecast verses observed events at a given threshold (i.e. 1 inch, top
1.0%, or top 0.1%) with a bias of 1 corresponding to an unbiased forecast, abias > 1 meaning
the model is overforecasting event occurrence, and a bias of < 1 meaning the model is
underforecasting event occurrence. Adapted from Sukovich et al. (2014), their Figure 5D.



Figure 1.4: Example of model veri cation for the amount of forecast cloud cover. Top row
shows satellite observed and HRRR-model simulated IR brightness temperatures for 22
January 2022 at 1900 UTC. Bottom row shows extracted cloud feature objects and their
bounding region perimeters. Adapted from Grif n et al. (2017), their Figure 3.



and correlation (Casati et al. 2008). Newer evaluation metrics are providing veri cation
results that are more tailored to the applications of forecast users (e.g. agriculture, energy
sector, emergency management). The World Meteorological Organization in collaboration
with the National Meteorological Services developed a set of veri cation tools to standardize
the forecast veri cation process and create consistency in results (Casati et al. 2008). The
development and testing of forecast veri cation techniques is an ongoing process that has
allowed veri cation metrics to become more re ned and to provide better information on
model forecast skKill.

Previous work on operational regional and global model veri cation has mostly fo-
cused on synoptic scale features in 500 hPa geopotential heights (e.g. Sun et al. 2023) (Fig.
1.1). There has been some work analyzing model biases in speci c environments such as
Evans et al. (2018) which examines the model forecast skill for thunderstorm-supporting
environments in regional models such as RAP (Benjamin et al. 2016) and HRRR (Dowell
et al. 2022). Other studies (e.g. Sobash and Kain 2017), have assessed the forecast skill of
convection-allowing model (CAM) forecasts by creating surrogate severe probability fore-
casts and comparing these forecasts to storm reports from the Storm Prediction Center (Fig.
1.2). Other areas of long-term interest for model evaluation are quantitative precipitation
forecasts (Sukovich et al. 2014) (Fig. 1.3) and forecasting the amount of observed cloud
cover (Grif netal. 2017) (Fig. 1.4). The Model Evaluation Tools (MET) veri cation pack-
age developed by the Developmental Testbed Center was originally designed to evaluate
mesoscale model case studies and employs some object-based feature veri cation tools
(Bullock et al. 2016).

Li et al. (2022) analyzed the wintertime surface air temperature forecast skill of three
NWP models: Model for Prediction Across Scales-Atmosphere (MPAS-A), China Meteorolog-
ical Administration (CMA) model, and the European Centre for Medium-Range Forecasts
(ECMWEF) model at a two week lead time to assess forecast skill on a subseasonal timescale.
They found that skill and bias varied regionally. For wintertime surface temperatures,
ECMWF had a dominant cold bias in western North America, CMA had a dominant warm
bias in eastern North America, and MPAS had a dominant cold bias across all of North
America. Western North America displayed the lowest forecast skill likely due to the com-
plex topography of this region while eastern North America displayed the highest forecast
skill (Li et al. 2022).

Dutra et al. (2021) used hindcasts which are made by a recent NWP model version to
predict weather in previous years before that version was available. They used 29 years of
ECMWEF hindcasts to assess systematic temperature biases across CONUS in April-May



and June-July at leadtimes of 1, 2, 3, 4, 5, and 6 weeks. From April to May, ECMWF hindcasts
showed predominantly cold biases across the United States but transitioned to predomi-
nantly warm biases from June-July. Temperature biases at the time of the daily minimum
temperature were found to be too warm, indicating the ECMWF was not forecasting tem-
peratures to drop as low as observations overnight (Dutra et al. 2021). They noted that
there was a higher forecast skill in the winter than in the summer, hypothesizing that this is
related to more persistent synoptic scale activity in the winter in comparison to the summer
(Dutra et al. 2021).

Kaltzow et al. (2019) assessed the skill of short-range forecasts using all available hourly
leadtimes from the model run for conditions in the Arctic of four NWP models: ECMWEF Inte-
grated Forecasting System, Applications of Research to Operations at Mesoscale (AROME)-
Arctic, Canadian Arctic Prediction System (CAPS), and AROME-Meteo France. This study
was limited by the relatively small number of weather observing stations in the Arctic region
and found that forecast skill in the Arctic tended to be lower than it was in the middle and
lower latitudes (Kaltzow et al. 2019). The study found that Arctic temperature errors tended
to increase in magnitude when no cloud cover was observed, indicating a potential problem
with the model's parameterization of turbulent mixingand  /or in its representation of the
stable boundary layer (Kaltzow et al. 2019). Temperature forecast skill was also found to be
sensitive to associated forecasts of surface wind speed, the amount of snow cover, and sea
ice (Kgltzow et al. 2019).

Massey et al. (2016) assessed the diurnal trend of temperature biases across the Inter-
mountain West depending on surface soil moisture and the amount of observed cloud
cover. This was done by comparing operational 48-hour WRF (4DWX-DPG) forecasts using
nested grid spacing domains of 30, 10, 3.3, and 1km to observations taken from September
to October from 2011 to 2013. The authors found that the model diurnal temperature range
was underpredicted when soil moisture was too moist but diurnal temperature range fore-
cast skill increased when soil moisture was drier (Massey et al. 2016). They additionally
found that ADWX-DPG had an overall warm bias in the early morning /overnight and an
overall cold bias in the afternoon (Massey et al. 2016). Temperature biases were found to
be larger under clear conditions and smaller under cloudy conditions (Massey et al. 2016).
Sensitivity tests noted that temperature biases were reduced when a corrected soil moisture
parameterization was applied to the model (Massey et al. 2016).

Lu etal. (2011) assessed the skill of the MM5 (a fth generation mesoscale model from
Pennsylvania State University and NCAR), COAMPS (research mode), and the WRF model
over the southeast United States and the northern Gulf of Mexico at leadtimes of 24 and 36



hours during the 2003 warm season and 2004 cool season. Horizontal grid spacing for all
three models was 27km. Speci cally focusing on COAMPS, the authors found that in the
warm season COAMPS displayed a weak warm bias in the Southeast and cool biases located
in the Appalachians and in the Plains states (Lu et al. 2011). In the cool season, COAMPS
had cool biases extending from the Appalachians and the Mississippi Valley through Texas
and warm biases throughout the rest of the Southeast and over the Gulf of Mexico (Lu et al.
2011). In both the warm and cool seasons COAMPS tended to overforecast precipitation
with precipitation forecast skill decreasing as the intensity of the precipitation increased
(Lu etal. 2011).

Cheng and Steenburgh (2005) assessed the forecast skill of the 48-hour CIRP WRF
(12.5km grid spacing) and ETA models (12km grid spacing) in the Western United States
from June to August 2003.The authors found that both the CIRP WRF and ETA models
displayed positive warm biases with the largest biases occurring in the early morning and
in the late afternoon (Cheng and Steenburgh 2005). Biases were found to vary diurnally
with the largest warm biases occurring in the early morning for both models (Cheng and
Steenburgh 2005). Although both models were found found to be too dry (dewpoint too
low compared to observations), dry biases in the ETA model were greater than those in the
CIRP WRF (Cheng and Steenburgh 2005). The authors additionally assessed wind speed
forecast skill, nding that the CIRP WRF overforecast wind speed intensity while the ETA
underforecast wind speed intensity (Cheng and Steenburgh 2005).

The utilization of higher resolution models, de ned as a model with 10 km grid spacing
(Mass et al. 2002), can reduce errors in wind speed, wind direction, and precipitation
amounts associated with complex terrain by better resolving sharp gradients in elevation,
gaps, and multiple ridges that modify air ows and orographic enhancement (Mass et al.
2002; Casaretto et al. 2022). In coarser resolution models, mountain top elevations are
usually underestimated and smoothed out compared to the actual terrain. Grid resolution
is also important to the models ability to correctly resolve mesoscale convection. Coarser
resolution models parameterize convection (e.g. Kain 2004) while at ner grid spacings

4-6 km mesoscale convection can be handled explicitly (Mass et al. 2002). For regional
modeling over the Paci ¢ Northwest, Mass et al. (2002) found that forecast skill did improve
when between a model with a 36 km grid and the same model with 12 km grid. However,
comparisons between forecasts using a 12 km grid versus a 4 km grid did not yield a
signi cant increase in forecast skill. Hence, while increasing model resolution improves
the representation of topography and convection it does not guarantee that the associated
forecast will be more accurate (Mass et al. 2002; Hoadley et al. 2004).



Figure 1.5: Bias of 36-h lead time temperature forecasts from GFS (a, c; left column) and

HRRR (b, d; right column) for 210 airports over the period 1 Nov 2019 to 31 March 2020

for observed sky conditions with < 50% cloud cover valid at 3PM (a, b; top row) and 7AM
(c, d; bottom row) local time. Blue colors indicate cold bias, red colors indicate warm bias.

Adapted from Patel et al. (2021),their Figure 1.



This study follows and builds on the methodology of Patel et al. (2021). Patel et al. (2021)
analyzed numerical weather prediction model forecast biases for the GFS and the HRRR
during the winter season from 1 November 2019 to 31 March 2020. Their study examined the
diurnal trend of temperature biases at 7AM and 3PM local time as functions of the amount
of observed cloud cover, observed wind speed, and, when applicable, snow depth. Biases
were examined at 7AM and 3PM to represent the diurnal variation of biases where 7AM
represents the diurnal low temperature and 3PM represents the diurnal high temperature.
They used 210 ASOS stations located at airports across the contiguous United States and
examined temperature biases for the 36-hour leadtime. During the winter, the GFS model
was on average about 1 C too warm at 7AM and 2 C too cold at 3PM in conditions with
<50% cloud cover. At 3PM, sites across the US were consistently too cold in GFS but in
the HRRR there was a regional variation with locations east of the Great Plains too cold
and western locations too warm (Fig. 1.5). At 7AM, regional temperature biases were more
variable than at 3PM. The largest magnitude cold biases in GFS and warm biases in HRRR
were at locations in the Intermountain West (Fig. 1.5).

A key innovation in the model evaluation strategy of Patel et al. (2021) was the exam-
ination of model errors by similar weather conditions on many days as opposed to over
date ranges with varied conditions or for a small number of case studies. Subsetting by
weather condition helps to emphasize certain physical processes which aid in narrowing
the diagnosis of potential error sources. For example, at 7AM site by site temperature biases
increased with decreasing cloud cover and decreasing wind speed in both GFS and HRRR
implicating de ciencies in the representation of nocturnal temperature inversions as a
possible source of the large biases.

1.2 Research Goals

The Navy needs weather forecasts to plan training, ship routes, and combat operations.
The Naval Research Laboratory can use information on model strengths and weaknesses
to help determine priorities for revisions in model physics and forecast input elds. Addi-
tionally, information on systematic biases in the current version of the COAMPS model can
be used by forecasters to adjust their predictions.

This study is an exploratory data analysis rather than hypothesis based. We assess several
weather-conditioned biases within COAMPS and the GFS during the summer months
(May - September 2022) and the winter months (November 2022 - February 2023) for the

10



US and Canada. This analysis evaluates forecasts of several key variables of interest to
Navy operations, including temperatures, dewpoints, and winds. As part of investigating
potential error sources, we also examine low pressure passage and precipitation event
timing. Investigation of event timing helps to distinguish if a storm's structure is well
represented but in the wrong place at the wrong time or if the storm's structure in the model
is substantially different from what was observed.

Questions this study will address include:

« How do the temperature biases at 7AM ( daily low temperature) and 3PM ( daily
high temperature) in winter compare to those in summer?

« Do regions and seasons with larger temperature errors also have larger errors in other
variables such as dewpoint and wind speed / direction?

¢ Are seasonal biases in the matched model and observation temperature errors also
found in comparisons of seasonal temperature distributions when the distributions
of all forecast and observed temperatures are compared to each other?

« Are forecasts of the timing of low pressure passages and precipitation events within a
reasonable margin of error?

1.3 Roadmap

In Chapter 2, we describe the data sets used in this study and the evaluation metrics
used and developed for different variables. Analysis results will be discussed in Chapter 3
including biases in temperature subset by time of day, cloud cover, and by extreme events
relative to a 30-year climatology. We will also examine biases in dewpoints, wind speed and
direction, and the timing of low pressure passages and of precipitation events. By analyzing
these variables, we will develop a wide ranging assessment of COAMPS overall forecast skill
and assess how it is doing in comparison to the GFS under the same evaluation metrics.
How COAMPS is performing in comparison to GFS will help us to better understand if
a particular error is common to both models or not. Chapter 4 will address differences
between COAMPS at two different grid spacings for Central California. This will help us to
determine how COAMPS forecast skill changes depending on grid spacing. Chapter 5 will
summarize the results of this study and future work.
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CHAPTER

2

DATA AND METHODS

2.1 Data

This study analyzes the forecast skill of numerical weather prediction models. Several
key terms used throughout this paper include: initialization time , the rstvalid timeina
model run, lead time, the time between when a forecast for a speci c time is initialized
and whenitis valid, and valid time , the speci c time that a forecasted value occurs. For
example, if a model run were initialized at 00 UTC on 25 May the rst time in the model
run would be 00 UTC on 25 May. If we then wanted a lead time of 48 hours, we would need
to look 48 hours out from 00 UTC on 25 May to 00 UTC on 27 May.

For matched observation and model forecasts (Section 2.3), we assess the 48 hour lead
time and for the bulk analysis (Section 2.4) we examine both 48 and 72 hr leadtimes. Model
forecast skill typically increases at shorter leadtimes.

2.1.1 COAMPS model

The Coupled Ocean/ Atmosphere Mesoscale Prediction System (COAMPS) was devel-
oped by the Naval Research Laboratory (NRL). Re nements are incorporated into a new
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operational version of the model about once a year. COAMPS was rst used in 1996 to ana-
lyze and forecast ocean sea-surface temperatures (Chen et al. 2003). It uses nonhydrostatic,
compressible equations and a scheme C grid to represent atmospheric components using
either real data (in operational and case study modes) or idealized data (in research mode)
to model both large scale and mesoscale atmospheric phenomena on both short and long
term time frames. Operational COAMPS runs are initialized every 12 hours (0000, 1200
UTC) and forecasts can extend outwards for up to 4 days or as short as 2 days. Parame-
terization schemes used for COAMPS are listed in Table 2.1. For this work, we used the
operational COAMPS version 5.6 (S. Chen, personal communication). COAMPS output is
not run through any type of model output statistics (MOS) bias correction before the data

is released from the NRL (Chen et al. 2003). Soil moisture is initialized using NASAs Land
Information System (LIS) and land cover uses the community NOAH Land Surface Model
(LSM).

In this study we examine the forecast biases of several COAMPS model products, tem-
perature, dewpoint, and wind speed /direction, and the timing biases of precipitation and
low-pressure passage. Temperature and dewpoint values are forecast in the model at a
height of 2m above ground level and wind speed /direction values at a height of 10m above
ground level (Chen et al. 2003). Land ASOS stations take temperature / dewpoint data (2m
above ground level) and wind speed / direction (10m above ground level). The heights of
National Buoy buoy sensors vary but are usually between 3 and 5 m above the ocean surface
(https: /I www.ndbc.noaa.gov / fag/ bmanht.shtml).

COAMPS operational regional domains used in this study include the Northwest At-
lantic (Eastern North America - NWATL) (Fig. 2.1), Northeast Paci ¢ (Western North America
- NEPAC) (Fig. 2.2), and Central California (CENCOOQOS) (Fig. 2.3). The COAMPS domains in
North America do not include the Intermountain West region. COAMPS NWATL, NEPAC,
and NWPAC all have a grid spacing of 15.5 km. COAMPS CENCOOS has a smaller grid
spacing of 3.7 km. Model values at airports and buoys are determined using spatial linear
interpolation forthe  15.5 km grids and by nearest grid box forthe 3.7 km grid.

To assess to what degree COAMPS forecast skill is impacted by changes in model
grid spacing, in Chapter 4 we focus on the California region to compare forecasts from
COAMPS NEPAC (lower resolution, larger grid spacing) to COAMPS CENCOQOS (higher res-
olution, smaller grid spacing). NEPAC and CENCOOS have nearly identical model physics.
The primary difference between NEPAC and CENCOOS model physics is that NEPAC
uses a modi ed Kain-Frisch parameterization scheme to parameterize convection while
CENCOOS does not (convection is explicit). The Navy's Fleet Numerical Meteorology and
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Figure 2.1: COAMPS North West Atlantic (NWATL) model domain. Black circles represent
stations within the NWATL domain used in the bias statistical analysis. Gray shading repre-

sents the land surface type in the model, yellow shading represents the inland water surface

type in the model, and green shading represents the ocean surface type in the model.
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Figure 2.2: Same as 2.1 except for COAMPS Northeast Paci c (NEPAC) model domain.
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Figure 2.3: Same as 2.1 except for COAMPS Central California (CENCOQOS) model domain.
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Oceanography Center, which has responsibility for the COAMPS operational model, starts
the CENCOOS runs shortly after NEPAC runs in their processing queue (J. Doyle, personal
communication).

2.1.2 GFS Model

We used NOAASs Global Forecasting System (GFS) (AWS 2022) as a comparison metric
to assess COAMPS forecast accuracy. The GFS model internally uses a 13 km grid and are
output for distribution on a 0.25 degree ( 27-28 km) grid. GFS runs are initialized every six
hours at 0000, 0600, 1200, and 1800 UTC. The model output used in this study from May
2022 to February 2023 utilizes GFSv16 which was instituted in March 2021 (AWS 2022). The
0.25 degree GFS data are obtained from the NOAA AWS cloud. GFS model values at airport
and buoy locations are determined using spatial linear interpolation as in Patel et al. (2021).
Parameterization schemes used for COAMPS and GFS are listed in Table 2.1.

GFS forecasts are run through the National Center for Environmental Prediction (NCEP)
post processor, the Uni ed Post Processor (UPP), before being released to the public. UPP
is used for all of NCEPs operational models and converts input model data to standard
pressure level/ heights and standard output grids (Center 2020). For both land and ocean
stations, forecast temperature and dewpoint values are interpolated from the model bottom
level to 2m above ground level and wind speed /wind direction values are interpolated to
10m above ground level.

2.1.3 Surface Weather Observations

Numerical weather model forecast output are compared to hourly observation surface
data from Meteorological Terminal Air Reports (METAR) Automated Surface Observing
Systems (ASOS) at airports, and National Buoy Data Center buoys (Table 2.2). Comparisons
to model output in the COAMPS domains use 333 airports and 37 buoys across North
America (Fig. 2.4). For GFS, an additional 88 stations across central North America are
used for the region not covered by regional COAMPS domains. In accordance with Federal
Aviation Administration guidelines (Durham 2020), stations in the Western United States
and along the Appalachians are considered to be part of mountainous terrain (Fig. A.1).
METAR data are lItered to have only one observation per hour for each variable. Hours
with missing temperature data are lled in using the nearest value between the previous
non-missing time and the nearest non-missing time. Large gaps ( >6 hours) in the data
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