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Resumen

El crecimiento y desarrollo de sistemas de energia solar acoplados a las redes eléctricas,
han demostrado la importancia de contar con herramientas precisas para predecir su
generacion. Por lo que la variabilidad de los recursos renovables representa un desafio
significativo para garantizar la estabilidad y confiabilidad del suministro de energia.
Factores como el Cambio Climético, estan estrechamente relacionados al aumento de las
temperaturas extremas, las cuales influyen directamente en la variabilidad de la radiacion
solar. Por ejemplo, un aumento en la temperatura puede provocar una mayor evaporacion,
lo que a su vez afecta la formacion de nubes y, en consecuencia, la cantidad de radiacion
solar que llega a la superficie terrestre. Estudios previos han demostrado que la
variabilidad natural de la energia solar, debe ser dimensionada adecuadamente en escalas
espaciales y temporales en funcién al evento meteoroldgico o climéatico que mayor influya
durante el periodo de interés. Es decir, resulta necesario implementar predicciones a corto
y largo plazo para mejorar la planeacion y la operatividad de los sistemas de generacion
de energia.

Este trabajo explora dos metodologias de prediccion atmosférica para las energias
renovables: la primera se centra en analizar las alteraciones en las temperaturas extremas
a lo largo de los ultimos 30 afios en distintas ciudades mexicanas con el proposito de
revelar un patron general de calentamiento a largo plazo, analizando las tendencias de
temperaturas extremas en 12 ciudades mexicanas bajo un enfoque de clima no
estacionario. En donde se encontrd que la mayoria de las ciudades mexicanas muestran
un calentamiento urbano, especialmente en las temperaturas minimas, aunque existen
variaciones significativas entre las ciudades, como el caso de Guadalajara que presenta
una tendencia negativa en las temperaturas maximas. Mediante la distribucion
Generalizada de Valores Extremos (GEV) y pruebas estadisticas, se modelaron las
temperaturas extremas y se estimaron los periodos de retorno para futuros escenarios
climaticos. Los resultados indican que las temperaturas minimas mostraron una tendencia
mas uniforme, el 90% de las ciudades se mostraron no-estacionarias con tendencia
positiva, y solo un 10%, una zona metropolitana del Valle de México, y una ciudad costera
del Golfo de México, mostraron una serie estacionaria. El segundo estudio, se enfoca en
la prediccion numérica computacional de la radiacion solar a corto plazo, un recurso
fundamental para la generacion de energia solar en México. El estudio evalta la capacidad
del modelo meteoroldgico Weather Research Forecast (WRF) para predecir la irradiacion
solar global (GHI) en el noroeste de México durante la influencia de eventos frontales de
invierno. A partir de diferentes configuraciones de radiacion solar de onda corta y onda
larga propuestas para la simulaciéon en el modelo, se evaluaron estadisticamente los
resultados y se determind que dos configuraciones de parametrizaciones de radiacion,
fueron las que mejor desempefioc mostraron. Los resultados mostraron una
sobreestimacion del modelo WRF durante la mayor parte de los periodos analizados; las
predicciones mas acertadas, obtuvieron valores de correlacion entre 0.85 a 0.91 y un Error
Medio Absoluto (EMA) entre los 15-45 W.m™2,



Los periodos menos favorables de estimacion de GHI , indican que se observo hasta un
porcentaje maximo de sesgo promedio (Mbias) del 20%. La evaluacion de las diferentes
configuraciones propuestas, muestra las ventajas que la prediccion de la GHI tiene
principalmente con las parametrizaciones de radiacion Dudiah de SW y Rapid Radiative
Transfer Model (RRTM) de LW. Gran parte de los resultados obtenidos sugieren que el
modelo WRF, con las configuraciones adecuadas, puede ser una herramienta util para
mejorar la operatividad a corto plazo de sistemas de generacién de energia solar en
regiones con alta variabilidad meteorologica durante inviernos.

Ambos estudios pintan un panorama complejo y desafiante al relacionar algunos indices
de Cambio Climatico en México con la prediccion de tendencias en extremos de
temperatura y su relacion a la variabilidad de la irradiacién a escalas mas pequefias. Sin
embargo, también ofrecen valiosa informacién para tomar decisiones informadas en la
planeacién de proyectos futuros en el sector de las energias renovables y el desarrollando
de estrategias de operatividad de los sistemas de aprovechamiento conectados a redes
para optimizar su desempefio ante la variabilidad diaria ante eventos meteorolégicos y
mitigar los impactos del cambio climatico a largo plazo.



Abstract

The expansion of solar energy systems coupled to electricity grids has demonstrated the
importance of having accurate tools to predict their generation. Therefore, the variability
of renewable resources represents a significant challenge to ensure the stability and
reliability of energy supply. Factors such as climate change are closely related to rising
temperature extremes, which directly influence the variability of solar radiation. For
example, an increase in temperature can lead to increased evaporation, which in turn
affects cloud formation and consequently the amount of solar radiation reaching the
earth's surface. Previous studies have shown that the natural variability of solar energy
must be adequately dimensioned on spatial and temporal scales according to the most
influential meteorological or climatic event during the period of interest. In other words, it
is necessary to implement short- and long-term forecasts to improve the planning and
operation of power generation systems.

This paper explores two atmospheric forecasting methodologies for renewable energies:
the first focuses on analysing changes in extreme temperatures over the last 30 years in
different Mexican cities in order to reveal a general long-term warming pattern, analysing
extreme temperature trends in 12 Mexican cities under a non-stationary climate
approach. It was found that most Mexican cities show urban warming, especially in
minimum temperatures, although there are significant variations among cities, such as
Guadalajara, which shows a negative trend in maximum temperatures. Using the
Generalised Extreme Value (GEV) distribution and statistical tests, extreme temperatures
were modelled and return periods for future climate scenarios were estimated. The results
indicate that minimum temperatures showed a more uniform trend, 90% of the cities were
non-stationary with a positive trend, and only 10%, one metropolitan area in the Valley of
Mexico, and one coastal city in the Gulf of Mexico, showed a stationary series. The
second study focuses on the computational numerical prediction of short-term solar
radiation, a fundamental resource for solar power generation in Mexico. The study
evaluates the ability of the Weather Research Forecast (WRF) meteorological model to
predict global solar irradiance (GHI) in northwestern Mexico during the influence of winter
frontal events. From different configurations of shortwave and longwave solar radiation
proposed for simulation in the model, the results were statistically evaluated and it was
determined that two configurations of radiation parameterisations showed the best
performance. The results showed an overestimation of the WRF model during most of
the periods analysed; the most accurate predictions obtained correlation values between
0.85 and 0.91 and a Mean Absolute Error (MAE) between 15-45 W.m-2. The least
favourable periods of GHI estimation indicate that up to a maximum mean percentage
bias (Mbias) of 20% was observed.
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The evaluation of the different proposed configurations shows the advantages that the
GHI prediction has mainly with the SW Dudiah and LW Rapid Radiative Transfer Model
(RRTM) radiation parameterisations. Much of the results obtained suggest that the WRF
model, with the right settings, can be a useful tool for improving the short-term operability
of solar power generation systems in regions with high meteorological variability during
winters.

Both studies shows a complex and challenging picture by relating some indices of Climate
Change in Mexico to the prediction of trends in temperature extremes and their
relationship to irradiance variability at smaller scales. However, they also provide valuable
information for informed decision-making in planning future projects in the renewable
energy sector and developing operational strategies for grid-connected power systems to
optimise their performance in the face of daily variability in weather events and mitigate
the impacts of climate change in the long term.
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1. Introduccioén al Proyecto

Con el aumento de la poblacion mundial, también crece la demanda de electricidad; se
espera que para el 2050 esta se duplique, y su generacion cause efectos negativos en el
sistema climético a nivel global, debido al aumento significativo de las emisiones de gases
de efecto invernadero (GEI). El uso de combustibles fésiles ha causado un incremento en
la concentracion de GEI y a su vez el calentamiento del sistema climatico. Las
implicaciones de estas tendencias térmicas crecientes estan impulsando los esfuerzos en
la modelaciéon para comprender el futuro del clima de la Tierra. Existen distintas
propuestas que buscan la mitigacion de concentraciones de GEI en el futuro, y la transiciéon
de combustibles fésiles a fuentes de energia renovables continta siendo clave (Paulescu,
2016). En la actualidad, ha incrementado la colaboracion de disciplinas de investigacion
dentro del area de energias renovables, y se proyecta un gran crecimiento del mercado
para los préximo 10 afios (DELOITTE, 2019). De acuerdo a la informacién de la Comision
Nacional Regulatoria de Energia (NERC, por sus siglas en ingles), durante el mes de abril
del 2019 en los Estados Unidos, la generacion a partir de recursos renovables, super6 por
primera vez en la historia a la produccién media de energia eléctrica a partir de carbdn;
tan solo en el primer semestre del 2019, la suma de la produccion edlica y solar, represento
casi el 50% del total de energias renovables. En México, a pesar de que las politicas
actuales de desarrollo impuestas por la Secretaria de Energia, han proyectado un
crecimiento menor en el campo de las energias renovables en comparacion a paises del
norte, se espera que una tendencia generalizada a cumplir con los compromisos
internacionales en la disminucion de emisiones, lleve al pais a un gradual progreso en la
innovacion y la expansion de energias limpias. En una situacion similar al panorama actual
en México, la NERC prevé que, en los Estados Unidos, los clientes de energia edlica,
continten diversificando sus opciones de consumo, afiadiendo peso a la generacién solar
y a los sistemas de almacenamiento de energia para lograr cumplir sus compromisos.

Se espera que las energias renovables, mantengan competitividad ante la produccién de
energia por combustibles fésiles en un futuro cercano. Para que exista este proceso de
transicion a las renovables, las futuras instalaciones de sistemas de aprovechamiento,
deben contemplar que ademas de la disponibilidad suficiente del recurso, las condiciones
meteoroldgicas y climaticas deben ser consideradas. Cuando estas condiciones no se
conocen, es necesario proponer el desarrollo y la investigacion en el campo de las
energias renovables, con un enfoque en la mejora de proyectos futuros de generacion de
energia a partir de renovables, ademas de la busqueda de optimizaciones en los ya
operantes. Para el desarrollo de nuevos proyectos de generacion de energia y redes
eléctricas, la industria dedicada a la energia edlica y solar, ha mantenido una orientacion
hacia la innovacién de mejoras en el disefio y eficiencia de las turbinas y sistemas
fotovoltaicos, mientras que, en las ya operantes, las opciones se diversifican; la
adaptabilidad y la optimizacion en los procesos de almacenamiento de energia y
administracion de las redes, resultan las opciones mas viables.

Los pronésticos meteoroldgicos y climaticos, tienen como uno de sus objetivos principales,
predecir la variabilidad de la atmosfera en un determinado sitio hacia el futuro (cada uno



en diferentes escalas espaciales y temporales). Todos los dias se realizan y analizan
prondsticos del tiempo atmosférico que se utilizan como una herramienta de apoyo en
toma de decisiones en actividades relacionadas a la industria del transporte, navegacion,
energia, agricultura, proteccion civil, etc. Esto genera a su vez, la necesidad de distintos
tipos de pronosticos especializados que brinden una alta precision, lo cual se traduce en
un mayor interés en la busqueda de mejoras en su desarrollo computacional y resolucion.

Un desafio importante en la generacion de prondsticos, es la obtencion de datos medidos,
por ejemplo, la modelacion computacional de prondsticos meteorolégicos, requiere definir
los valores iniciales y de frontera de los modelos. Cuando un prondstico se integra en el
tiempo, la evolucion de la atmdsfera en un periodo futuro puede simularse a partir de las
observaciones meteorolédgicas actuales y datos de las ultimas horas previas al punto de
inicio de la simulacién (datos de condiciones iniciales), bajo la reserva de reproducir y
propagar errores si estos valores iniciales no son actualizados conforme el tiempo avanza.
Entonces, se asume que un modelo computacional es capaz de pronosticar
adecuadamente si cumple con dos aspectos principales; en primer lugar, contar con
precision en las condiciones iniciales y, en segundo lugar, tener una representacion fisica
adecuada de los procesos que rigen el comportamiento de la atmdsfera (Kalnay, 2003).
En la representacion fisica queda implicito otro aspecto importante en la modelacién
computacional: la topografia de la superficie terrestre. Se ha demostrado que la topografia
influye significativamente en las regiones climaticas, asi como en las interacciones entre
las capas bajas de la atmdsfera y la superficie (Kapos, et al., 2000), por lo que su
representacion fisica en los modelos computacionales resulta de gran importancia en la
simulacion de las variables meteorologicas a niveles bajos (Carvalho et al., 2012). De
acuerdo al autor Arnold et al. (Arnold etal.,2012) , un 8rea de nt
definirse como la superficie donde existe una importante variacion del gradiente de altitud
a lo largo de una corta extension de kildmetros y, a la vez, confluyen diferentes formas
topograficas, tales como colinas, montafas, planicies, valles, mesetas, etc; similar a las
caracteristicas topograficas de Baja California.

En el caso de los modelos climéticos, la necesidad de datos medidos en sitio, no es
suficiente, pues se requiere disponer de series de tiempo extensas (Optimamente mayores
a 30 afos) que cumplan condiciones de calidad de datos y homogeneidad para poder ser
procesadas. No todas las metodologias de prediccién climética, residen en la simulacion
computacional, otras relevantes como el analisis de tendencias de variables climéticas e
indices de Cambio Climatico, resultan muy Uutiles en la predicciéon a largo plazo, lo que
favorece en gran medida a proyectos de aprovechamiento de energias renovables que se
encuentran en una de las primeras fases de desarrollo. Las herramientas climaticas de
esta clase, no solo pueden brindar un mayor conocimiento del potencial del recurso en el
sitio, sino también permiten conocer los eventos extremos a los que las instalaciones y los
sistemas podrian exponerse a lo largo de afios de operacion basados en la climatologia
del lugar.

El clima desértico extremo de la zona fronteriza del sur de California, Estados Unidos y
norte de Baja California, México, la disponibilidad de datos medidos en superficie por
estaciones meteoroldgicas y el potencial de desarrollo en la instalacion de sistemas de
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aprovechamiento solar, fueron el objeto principal de estudio en esta investigacion. Este
trabajo busca abonar a la incorporacion de prondsticos climaticos en la planeacion de
posibles proyectos futuros de generacion de energia solar, analizando mediante el estudio
de tendencias de extremos de temperaturas e indices de Cambio Climético, las
predicciones de escenarios extremos de temperaturas y variables atmosféricas
relacionadas al aprovechamiento de la energia solar. Asi como analizar el potencial de los
prondsticos numéricos computacionales para realizar predicciones de la irradiacién solar
global a corto plazo en relacion a la variabilidad del recurso solar en invierno. Ambos
prondsticos, son herramientas de prediccion a diferentes escalas temporales y espaciales,
y por lo tanto con peso en la planeacion de potenciales instalaciones y la operatividad
diaria de sistemas en funcion.

1.1.1 Problematicade la prediccion atmosféricaenlas
Energias Renovables

Las redes eléctricas suelen tener problemas cuando existen periodos de interrupcion no
esperados. Tomando como ejemplo a las microrredes (MG), las cuales han sido
propuestas como una solucién complementaria que da mayor confiabilidad a una red
(Huang et al., 2012), y son consideradas un sistema de generacion eléctrica hibrido
autébnomo que consiste en un conjunto de cargas interconectadas y fuentes de energia
distribuida que pueden ser operadas de forma aislada o coordinada y controlada a una red
eléctrica (Marnay et al., 2015), se pueden considerar como un tipo de aplicacién de redes
eléctricas que se han posicionado a nivel mundial como opciones resilientes. La flexibilidad
en su configuracién, permite integrar distintas fuentes de energia renovables (Pascual et
al., 2015); como muestra la Figura 1.1, una MG aislada puede ser compuesta por paneles
PV, turbinas edlicas y generadores de diesel o gas. Una parte importante de la MG, es su
sistema de gestidn de energia. Este realiza las funciones de fijar el punto de operacién de
entrega de energia por parte de las baterias o generadores, administrar la potencia de
carga utilizada y regular el intercambio de energia entre otras redes.
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Figura 1.1. Microrred aislada. Fuente: Gonzéalez. (2016).
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Existen condiciones atmosféricas bajo las cuales, el sistema de administracion de energia
necesita mas informacion para optimizar su desempefio. Un ejemplo puede ser
representado por los sistemas fotovoltaicos, conocidos por su casi instantaneo tiempo de
respuesta para entregar energia y los abruptos cambios de radiacion solar que se pueden
registrar al paso de nublados bajos, provocando en estos, el conocido problemadefir a mp a
d e p ot;eaondeialavariar la incidencia de la radiacién directa sobre los paneles, su
desempefio se ve comprometido, y esto representa un obstaculo para la operacion de la
red si no ha sido previsto (Mills, 2009). Una respuesta a esta problematica es, contar con
un prondstico de la generacion de energia en un horizonte temporal que puede ir desde
pocos segundos, hasta horizontes mayores a 72 horas, de acuerdo a la necesidad de
informacion y a la resolucion temporal y espacial del modelo de prondstico empleado
(Figura 1.2). Sin embargo, como se menciond antes, no soélo la prediccion a corto plazo,
brinda beneficios a la operatividad de un sistema de generacion unido a una red. Resulta
atil complementar con un prondstico climético en un horizonte temporal mayor, destinado
a brindar informacion de los parametros atmosféricos méaximos a registrar en el sitio de
estudio.

1000
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100 I Imagen de Cielo
0 Modelo numérico 5 min -5 dias
1 km -~ 380 km

g 1w
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g 1s5~=30 min
5 25m=1km
x 20s —1mes

0.1 1m~-10 km

0,01
0,001 001 01 1 10 100 1000

Horizonte temporal (horas)

Figura 1.2 Horizonte temporal y resolucion espacial de distintos métodos de prondstico.
Fuente: Antonanzas et al. 2016.

A nivel internacional, con el propdsito de mejor los sistemas actuales o buscar nuevas
alternativas de optimizacion, se han realizado trabajos relacionados a los temas de
Al nteligencia de pron-stioc.osLapamayoerniear gde@ases
enfocado a aspectos eléctricos, computacionales y de arquitectura del sistema, que tienen
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como objetivo principal una meta econémica, pues existen algunos incentivos y sanciones
monetarias impuestas por los operadores de las redes nacionales, que buscan evitar
problemas en la congestion de las lineas y la estabilidad de la red (Rodriguez et al., 2018).
En el caso particular de un sistema de generacion de energia solar, reside en gran parte
en los recursos renovables, el propésito principal en el disefio de una estrategia de manejo
del sistema, se enfoca en mantener en funcionamiento a la MG en todo momento,
restringiendo la salida de energia cuando es necesario, y en ocasiones haciendo uso de
técnicas de manejo en la demanda, para evitar la descarga total del sistema de
almacenamiento (baterias) y el colapso de la red (Pascual et al., 2015).

Como se mencion0 anteriormente, existe una estrecha relacion entre la variacion de las
condiciones de la atmosfera y el desempefio de las MG, es por esto que sus sistemas de
control, deben monitorear constantemente informacion meteorolégica para poder
pronosticar dicha variabilidad y lograr ser mas eficientes. Sin embargo, esto no resulta una
tarea sencilla si no existe informacion climatica y meteoroldgica confiable y de libre acceso,
gue propicie la aplicacion de distintas metodologias de pronéstico (Chowdhury y Crossley,
2009). Ademéas de considerar que cuando existen la influencia de mdltiples variables y
procesos, como ocurre en el sistema de manejo de una MG, el disefio de estrategias de
optimizacién sugiere también un andlisis multivariable para poder prever decisiones (Fu y
Zhang, 2019). Como se muestra en la figura 1.2, la constitucion de los diversos modelos
de pronéstico meteorologico para la generacion de energia solar y edlica, puede
comprender técnicas de modelacion estadistica, numérica computacional o de analisis de
imagenes, asi como distintas fuentes de datos de entrada para su desarrollo y operacion,
con el fin de satisfacer diferentes horizontes temporales y espaciales de acuerdo a la
necesidad de la red en estudio.

1.1.2 Servicios climaticos a disposicion de redesléctricas
estudios previos

La informacion meteorolégica y climatica es de gran importancia en la planeaciéon de
estrategias de manejo en una red eléctrica, esta ayuda a determinar la generacion de
energia de los recursos renovables, y en menor grado, la carga del sistema (Lorenz et al.,
2012). Mediante los prondsticos meteoroldgicos, esta informacion puede ser obtenida en
una primera fase, es decir, las variables meteoroldgicas como la temperatura, radiacion
solar, humedad relativa y velocidad del viento, se pronosticardn para un determinado
horizonte de tiempo; posteriormente seran procesadas por un software de simulacion de
redes como Trnsys (Transient System Simulation Tool) o SAM (System Advisor Model),
gue a partir de la descripcion técnica de la configuracion del sistema de generaciéon de la
red, e informacion meteorolégica del sitio, estimara la generacion de energia para un
determinado horizonte temporal.

Slusarewicz y Cohan en el 2018, propusieron integrar una herramienta capaz de reducir
la variabilidad de produccién de energia en una red alimentada principalmente por
generadores edlicos y paneles PV en Texas, emplearon el modelo SAM de la NREL
(National Renewable Energy Laboratory) para generar diversos escenarios de simulaciéon
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a distintos horizontes de tiempo (30 min, 1 h y mayores para incluir la variabilidad
interanual). En una primera fase, el estudio model6 la energia solar y edlica, y
posteriormente contrasto los resultados con la base de datos de la red nacional de
radiacion solar de Estados Unidos. Las conclusiones mostraron que a pesar de los
distintos experimentos, algunos valores maximos de produccion no pudieron ser
estimados con precisién; sin embargo, el experimento también demostré6 que las
predicciones funcionaron mejor para especificas temporadas del afio, por lo que alternar
y diversificar sus fuentes de energia para alimentar a la red, era recomendable; ademas,
otro problema fue que el modelo SAM, carece de la capacidad de configurar los procesos
computacionales dinamicos que ajustan el prondstico a un sitio de estudios con
caracteristicas climaticas y geograficas particulares, lo que puede generar una menor
precision en las predicciones.

En teoria, se esperaria que una alta precision en el prondstico de las variables
meteoroldgicas, brindara una confiable estimacién de la produccion de energia, sin
embargo, también existen errores de prondéstico que deben ser minimizados. Estos pueden
ser disminuidos en la mayoria de los modelos de prediccion meteorolégica, mediante el
ajuste adecuado de las parametrizaciones y la caracterizacion de procesos atmosféricos
del sitio de estudio, lo cual se vuelve un proceso clave para reducir su incertidumbre. Esto
coincide con lo sefialado por Aglera-Perez et al. en el 2018, quien a nivel mundial realizé
la revisiéon de cerca de 190 estudios asociados al manejo de MG y la implementacion de
prondsticos, y mostré una carencia generalizada en la descripcion de las metodologias y
la uniformidad de la evaluacion, comparacién e interpretacion de los resultados
meteorolégicos obtenidos en las investigaciones. Por lo que extrapolar los estudios y
replicar los métodos en una region distinta, no era posible. En diversos articulos revisados
en esta publicacién, también se sefialo la aparente falta de robustez en las comparaciones
y la duracion de los experimentos de simulacion, debido a que la mayoria de los estudios,
reali zaron pruebas para periodos no mayo
cielo despejado. Sin embargo, el desempefio de la prediccién, no puede ser corroborado
adecuadamente a menos de incluir dentro de estos periodos, lapsos de prueba mucho
mas extensos que incluyan condiciones meteoroldgicas diversas, como cielos nublados,
precipitacion ligera o vientos fuertes. En el mismo sentido de la falta de representatividad
de la evaluacion de escenarios, s6lo poco menos de la tercera parte de los estudios
revisados por Aglera-Perez, realizaron pruebas para periodos mayores a 24 horas y
menores a 30 dias, por lo cual la variabilidad estacional y anual, no fue evaluada en
ninguno.

Se puede considerar que los métodos de prondstico en redes eléctricas mas utilizados en
las investigaciones, son:

1 Arbitrarios: pruebas a partir de datos sintéticos disefiados especificamente para el
experimento o simulacién, con un grado muy similar a los datos reales.

1 Historicos: los prondsticos que se realizan a partir de largas series histéricas, que
pueden ser consideradas como un prondstico perfecto o introducir variabilidad para
simular errores.
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1 Prondsticos locales: son generados a partir de procesar la actualizacion de las
mediciones de un sistema de operacion, incluyendo las condiciones meteorolbgicas
del sitio. En este caso, los modelos de prondstico estan basados en estadistica y
aplicaciones estadisticas de aprendizaje automatico. En algunos casos, las series
histéricas son usadas para calibrar el modelo.

1 Prondsticos externos: las predicciones son directamente recibidas de algun servicio
publico o privado. En algunos casos, bajo ciertos ajustes de parametrizacion,
adecuados al sitio.

Este ultimo caso, es actualmente uno los métodos con mayor flexibilidad y disponibilidad
de informacién para modelar el prondstico meteoroldgico de cualquier parte del mundo.
Pues estos son obtenidos a partir de modelos globales de prediccibn numérica que
permiten pronosticar a horizontes temporales entre 1 a 72 horas y que ademas pueden
ser modificados en las condiciones iniciales para obtener diferencias en las simulaciones
a futuro, y adecuar la configuracion del modelo a las caracteristicas del sitio estudiado. Por
otra parte, los pronésticos locales e histéricos, también han sido utilizados en la
investigacion, y brindan precisién aceptable cualitativamente en las predicciones, y suelen
tener un mejor desempefio en prondsticos a corto plazo o bajo un andlisis promedio a
mediano o largo plazo.

1.2Hipotesis

El desarrollo de un modelo de prondstico meteorolégico, basado en técnicas de
modelacién estadistica y numérica computacional para variables atmosféricas como las
temperaturas extremas y la variabilidad de la irradiacion solar, contribuye a optimizar las
estimaciones de generacion de energia en sistemas de aprovechamiento solar.

1.30bjetivo

Realizar un estudio enfocado en la inteligencia de prondsticos meteoroldgicos y climaticos,
aplicado a energia solar, para generar informacion atmosférica a distintos horizontes
temporales que contribuya a la prediccidon de la generacién eléctrica y favorezca la toma
de decisiones en la planeacion, administracién y gestion operativa del sector eléctrico.

1.4Descripcion del contenido

Esta tesina, es presentada de la siguiente manera: en la seccidon 2, se muestra una sintesis
del trabajo realizado para el analisis de tendencias de temperatura extremas en ciudades
de México (Prediccion estadistica). En esta seccidn se rescatan puntos clave de la
metodologia aplicada y algunos de los resultados obtenidos con mayor relevancia para la
region de Baja California. En la seccién 3, se presenta de manera similar, una sintesis del
disefio de experimentos y la metodologia para la evaluacion del prondstico computacional
para eventos frontales en la region desértica de Baja California (Prediccion numeérica
computacional). Se elabora en alguno de los resultados de mayor relevancia para el
estudio y finalmente se mencionan algunas de las conclusiones obtenidas. Ambas
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secciones previamente mencionadas, se encuentran al final del documento como anexos
en los correspondientes articulos arbitrados en donde las investigaciones fueron
publicadas.

2. Implementacion deun prondstico basado ermétodos
estadisticos Analisis deindicesy extremosclimaticos en
Meéxico (articulo 1)

2.1 Introduccion

Los fendbmenos climaticos extremos (ECE) deben ser objeto de un seguimiento periddico
y un analisis detallado, debido a su papel como agentes de alto impacto en la sociedad, el
medio ambiente y los ecosistemas. Un evento extremo, climético o meteoroldgico, se
refiere a la ocurrencia del valor de una variable climéatica o meteoroldgica por encima o por
debajo de un valor umbral que esta cerca de los limites superior (o inferior) del rango de
valores observados de la variable (Seneviratne et al. 2012). Los ECE son importantes por
sus impactos, pero son dificiles de cuantificar estadisticamente, ya que son poco
frecuentes y se producen a multiples escalas (Palmer y Raisdnen 2002). Las definiciones
de "raro" varian, pero un ECE seria normalmente tan raro como, 0 mas raro que, el
percentil 10 o 90 de la funcién de densidad de probabilidad observada. Es probable que
diferentes ECE afecten a regiones especificas y se han detectado aumentos de frecuencia
e intensidad en varias regiones del mundo (Brown et al. 2008, Almazroui et al. 2014, Chen
et al. 2015; Wypych et al. 2017; Caloiero 2017). Se espera que estos ECE se intensifiquen
en el futuro en respuesta a los cambios climéticos globales causados por la emision de
gases de efecto invernadero (Beniston et al. 2007; Lau y Nath 2012; Gao et al. 2012;
Easterling et al. 2016; Grotjahn et al. 2016; Schoof y Robeson 2017).

Existen basicamente dos enfoques fundamentales para estudiar la ECE: Los Modelos de
Circulaciéon Global (MCG), y los modelos estadisticos, que utilizan la Teoria de los Valores
Extremos (TVE). Los MCG contemporaneos, como los utilizados para el 5th Coupled
Model Intercomparison Project (Taylor et al. 2012) son un componente clave de las
proyecciones regionales del cambio climatico, pero su limitada resolucion espacial reduce
su utilidad para estimar extremos locales o regionales sin un postprocesamiento sustancial
(Schoff y Robeson 2016). Por otro lado, en la EVT la modelizacién de eventos extremos
es su tema central y el principal objetivo de esta teoria es proporcionar modelos asintéticos
para las colas de la distribucion (Furié y Meneu 2011). Por lo tanto, la EVT tiene como
objetivo derivar una distribucion de probabilidad de eventos en el extremo mas alejado de
los rangos superiores o inferiores de las distribuciones de probabilidad (Coles 2001); su
principal ventaja es que permite estimar y analizar la probabilidad de ocurrencia de eventos
gue estan fuera del rango de datos observados (Raggad 2018). Por estas razones, la EVT
es el enfoque que se ha elegido en esta investigacion, y debido a su amplia aplicabilidad
en diferentes campos que estan relacionados con eventos meteorologicos y climaticos
extremos y su impacto: en ecologia (Moritz et al. 1997; Meehl et al. 2000; Dixon et al. 2005;
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Katz et al. 2005; Friederichs 2010; Papalexiou y Koutsoyiannis 2013; Kim et al. 2015;
Boucefiane 2019); y en dafios a las comunidades que afectan a los agroecosistemas a
través de cambios en la humedad del suelo y las tasas de evapotranspiracion (Miralles et
al. 2014; Whan et al. 2015; Guan et al. 2015; Hatfield y Prueger 2015).

Los cambios en los extremos de temperatura y precipitacion se han evaluado en distintas
regiones del mundo. Sin embargo, hasta el Cuarto Informe de Evaluacién del Grupo
Intergubernamental de Expertos sobre el Cambio Climatico (Trenberth et al. 2007), las
ciudades habian sido tratadas como entidades generadoras de "ruido" en las sefales
climaticas estudiadas a escala mundial. En el Quinto Informe de Evaluacion del Grupo
Intergubernamental de Expertos sobre el Cambio Climatico (IPCC 2013), se dedico un
capitulo especial al tema de las ciudades y su papel en el cambio climatico. Esto no es
sorprendente, ya que aunque las ciudades contribuyen de manera muy importante al
bienestar social y econdmico, requieren una fuente ininterrumpida de energia para todas
sus actividades. Las ciudades consumen aproximadamente el 75% de la energia primaria
mundial y emiten entre el 50% y el 60% de los gases de efecto invernadero (GEI) del
planeta (Rosenzweig et al. 2011). Esta cifra puede elevarse hasta el 80% si se incluyen
las emisiones indirectas generadas por los habitantes de las ciudades (ONU-Habitat 2011,
Kraussmann et al. 2017). Asi pues, las ciudades favorecen el calentamiento global y
contribuyen a aumentar la temperatura media de la superficie a nivel planetario.

Ademas de los efectos globales de los GEI, hay que tener en cuenta la tendencia mundial
al alza del crecimiento urbano, tanto en poblacién como en su extension de area. Este
crecimiento ha generado problemas ambientales, no sélo de contaminacion atmosférica y
residuos solidos, sino también los relativos a un producto ambiental diferente, como es la
génesis de un clima urbano. En particular, la principal connotacion del clima urbano es la
formacion de una isla de calor urbana, que a su vez requiere agua y energia adicionales
para mantener el confort térmico a través de espacios climatizados (Coutts et al. 2012;
Wang et al. 2016; de Munck et al. 2018, Skelhorn et al. 2018). Asi, las ciudades que ya
son especialmente vulnerables a los ECE causados por el cambio climatico global, ahora
también deben considerar los efectos causados por el cambio climatico local. Por tanto,
se puede inferir que al ser una ciudad el espacio geogréfico que aglutina una mayoria de
poblacion y prestacion de servicios, serd donde se manifiesten las mayores
vulnerabilidades asociadas a los impactos del cambio climatico (ONU-Hé&bitat 2011).

En México aproximadamente tres de cada cuatro personas (72.3%) viven en ciudades
segun la Fundacién Centro de Investigacién y Documentacion de la Casa y Sociedad
Hipotecaria Federal (CIDOC y SHF, 2011). Se espera que este porcentaje aumente en el
mediano plazo, ya que, de acuerdo con proyecciones del Consejo Nacional de Poblacién,
el numero de personas en 384 localidades del Sistema Urbano Nacional se incrementara
en 16.6 millones (de 82.6 millones en 2010 a 99.3 millones en 2030) como resultado de
una tasa de crecimiento promedio anual de 0.92% (Hernandez et al. 2014). La proporcion
urbana de la poblacion nacional aumentara a 77.9% (18.1 millones de nuevos habitantes
urbanos). Esta tendencia de la dinamica geografica de las ciudades es inequitativa con
bajos niveles de calidad de vida y sustentabilidad urbana, y no todas las ciudades tienen
el mismo potencial de desarrollo. Asi pues, los retos para hacer frente a riesgos climaticos
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como las olas de calor y las inundaciones seran enormes si no se llevan a cabo estudios
cientificos cuantitativos.

En México se han realizado muy pocas investigaciones sobre valores climéaticos extremos
en entornos urbanos (Cavazos y Rivas 2004; Rios-Alejandro 2011; Magafia et al. 2003;
Magafa et al. 2012; Garcia-Cueto et al. 2013, 2014, 2018; Martinez-Austria y Bandala
2017). Esto puede explicarse por un acceso limitado a los datos climaticos medidos,
limitaciones en la cobertura geogréfica de las redes de estaciones e interrupciones en las
series climaticas por falta de datos. Ante ello, y dada la incertidumbre cuantitativa de los
extremos climaticos mencionados a nivel urbano y su gran importancia para la evaluacion
de riesgos y propuestas de adaptacion, en este estudio se seleccionan algunas ciudades
de México con incrementos importantes en poblacién y en extension areal, que han sido
afectadas recientemente por ECE.

Asi, este estudio tiene tres objetivos principales: a) detectar el comportamiento térmico en
algunas ciudades en crecimiento de México, b) modelar las temperaturas extremas a
través de la EVT, y c) realizar proyecciones de niveles de retorno para temperaturas
extremas en un futuro clima cambiante.

2.2 Los indices de Cambio Climético contexto y

antecedentes

Se utilizaron los indices de Cambio Climatico (ICC) propuestos por el Grupo de Expertos
en Deteccion e indices de Cambio Climatico (ETCCDI, por sus siglas en inglés). Este grupo
coordinado por la Comisién de Climatologia de la Organizacion Meteoroldgica Mundial en
el proyecto sobre Predictibilidad Climatica y Variabilidad Climéatica, y la Comision Técnica
de Oceanografia y Meteorologia Maritima, propuso un conjunto de 27 indices para detectar
modificaciones en el comportamiento de los extremos del clima. Estos indices se estiman
a partir de la serie de datos diarios observados de temperatura y precipitacion.

Los indices son estadisticamente robustos, cubren una amplia gama de climas, y tienen
una alta relacién sefal-ruido. Algunos estan basados en umbrales fijos que son de
relevancia a aplicaciones particulares. En estos casos los umbrales son los mismos para
todas las estaciones climaticas. Otros indices estan basados en umbrales que varian de
lugar a lugar, lo cual fue propuesto y realizado en este estudio.

Algunos indices incluidos son el numero total de dias al afio con heladas y el nUmero
maximo de dias secos consecutivos en un afio. Otro tipo de indice estima los maximos o
minimos mensuales y/o anuales de temperatura diaria o cantidad maxima de precipitacion
diaria. Estos tipos de indices extremos han sido ampliamente utilizados en aplicaciones
de ingenieria para inferir valores de disefio en estructuras. Hay un tipo de indice que
involucra realizar el calculo del nimero de dias en un afio que exceda umbrales
especificos que tienen valores fijos, 0 umbrales que son relativos a un periodo climatico
base. Algunos otros se definen para estimar periodos de sequedad, humedad, calor o frio,
o periodos de vernalizacibn como en el caso de periodos de duracion de la estacion de
crecimiento.

Ejemplos de 2ndices de fAconteo de dzaso
temperatura minima diaria inferior a 0 °C (es decir, los dias con heladas) o el nUmero de
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dias con la cantidad de lluvia superior a 20 mm. Estos indices son menos adecuados para
las comparaciones espaciales de los extremos que las basadas en umbrales de
percentiles. La razon es que, en grandes areas, los indices de conteo de dias basandose
en umbrales fijos pueden muestrear diferentes partes de las distribuciones de temperatura
y precipitacion. Por ejemplo, mientras que el nimero de dias con una temperatura minima
por debajo de 0 °C puede ser un buen indicador de frio extremo en muchos climas de
latitudes medias, en latitudes més altas, donde casi todas las noches de invierno estan por
debajo de 0 °C incluso en inviernos suaves, la variabilidad en el nimero anual de noches
por debajo de 0 °C es impulsada en gran medida por las condiciones en primavera y otofio.
Por otra parte, un indice como el numero de dias de verano por encima de 25 °C puede
ser un indicador de calor anormal en un clima donde la media de temperatura maxima en
verano es de 18 °C, pero de frio anormal en un clima donde la temperatura maxima media
en verano es de 35 °C.

Muchos indices ETCCDI se basan en los percentiles con los umbrales establecidos para
evaluar extremos moderados que ocurren tipicamente unas pocas veces al afio en lugar
de los de alto impacto, que son eventos climaticos que ocurren una vez en una década.
Para la temperatura, los umbrales de percentiles en los indices ETCCDI se calculan a
partir de ventanas de cinco dias centradas en cada dia del calendario para tener en cuenta
el ciclo medio anual. Para precipitacion los umbrales percentiles en el ETCCDI se calculan
de la muestra de todos los dias humedos en el periodo base sin consideracion del ciclo
anual. Tales indices permiten monitoreo directo de tendencias en la frecuencia o
intensidad de eventos, que aungque no son particularmente extremas, potencialmente
podrian causar estrés a los seres humanos o al medio ambiente. La razon para elegir
umbrales de percentil es que el nimero de dias que los superen se distribuye de manera
mas uniforme en el espacio y es significativo en todas las regiones. Los umbrales se
establecen de manera que la frecuencia de cruce de umbral durante el periodo base, tal
como 10% de todos los dias registrados, es fija. Estos indices permiten comparaciones
espaciales mas sobre grandes regiones con topografia compleja debido a que muestrean
la misma parte de la distribucion de probabilidad de temperatura y precipitaciéon en cada
lugar. También pueden dar cuenta de los valores aislados que faltan de una manera
relativamente sencilla.

Varios estudios han sido realizados aplicando los indices definidos en la tabla 2.1 (por
ejemplo, Alexander et al., 2006; Christidis et al., 2005; Peterson et al., 2009; Donat et al.,
2013). La tabla 2.1, presenta los indices que se estiman y analizan en el estudio.
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Tabla 2.1 indices Climaticos Extremos recomendados por el ETCCDI

TMAXmean Temperatura Maxima media Valor medio de temperatura maxima media anual °C
TMINmean Temperatura Minima media Valor medio de temperatura minima media anual °C
TXx Tmax MAX Valor maximo mensual de temperatura maxima diaria °C
TNx Tmin MAX Valor maximo mensual de temperatura minima diaria °C
TXn Tmax MIN Valor minimo mensual de temperatura maxima diaria °C
TNn Tmin MIN Valor minimo mensual de temperatura minima diaria °C
TN10p Noches Frias % tiempo cuando la temperatura minima diaria < P10 %
TX10p Dias Frios % tiempo cuando la temperatura maxima diaria < P10 %
TN90p Noches Calidas % tiempo cuando la temperatura minima diaria > P90 %
TX90p Dias Calidos % tiempo cuando la temperatura maxima diaria > P90 %
DTR Rango diurno de temperatura Diferencia mensual entre las temperaturas maximas y minimas °C
diarias
GSL Longitud de la estacion de Conteo anual (1 enero a 31 diciembre en HN; 1 julio a 30 junio  Dias
crecimiento (TG es la temperatura  en HS) entre el primer lapso de al menos 6 dias con TG > 5°C,
media diaria) y primer lapso después del 1 julio (1 enero en el HS) de 6 dias
con TG <5°C
FDO Dias con heladas Conteo anual cuando la Tmin diaria < 0°C Dias
SuU25 Dias de verano Conteo anual cuando la Tmax diaria > 25°C Dias
TR20 Noches tropicales Conteo anual cuando la Tmin diaria > 20°C Dias
WSDI Duracién de periodo célido Conteo anual cuando al menos 6 dias consecutivos de Tmax > Dias
P90
CSDI Duracién de periodo frio Conteo anual cuando al menos 6 dias consecutivos de Tmin < Dias
P10
RX1day Méaximo de precipitacion en 1 dia Valor maximo anual de la precipitacion diaria mm
RX5day Maximo de precipitacion en 5 dias Precipitacion maxima anual consecutiva de 5 dias mm
SDIl indice simple de intensidad diaria Relacion de precipitacién anual al nimero de dias himedos (O~ mm/dia
1 mm)
R10 NUmero de dias de precipitacion Conteo anual cuando la precipitacion es 010 mm Dias
fuerte
R20 NUmero de dias de precipitacion Conteo anual cuando la precipitacion es 020 mm Dias
muy fuerte
CDD Dias secos consecutivos NUmero méaximo de dias consecutivos cuando la precipitacion Dias
<lmm
CWD Dias himedos consecutivos Ndmero maximo de dias consecutivos cuando la precipitacion Dias
01 mm
R95p Dias muy himedos Precipitacion total anual de dias > P95 mm
R99p Dias extremadamente himedos Precipitacion total anual de dias > P99 mm
PRCPTOT Precipitacion total anual de dias Precipitacion total anual de dias O1 mm mm

Humedos

2.3 Climatologia de Temperaturas Extremas

Las Figuras 2.1y 2.2 muestran los percentiles 10" y 90" de las temperaturas minimas y
maximas, respectivamente (Cavazos et al. 2013), para el periodo 1961-2000. De acuerdo
con los indices climaticos extremos derivados del Reliability Ensemble Averaging (REA)
(Fig. 2.1), los inviernos mas frios y su percentil 10" (P10) durante los meses invernales de
diciembre, enero y febrero (DJF) para México se caracterizan por temperaturas minimas
por debajo de 0 °C en las tierras altas de la Sierra Madre Occidental y el Altiplano
Mexicano, y entre 0 y 5 °C en gran parte del norte de México. La Figura 2.2 muestra que
los valores extremos del percentil 90" (P90) de las temperaturas maximas durante los
meses de verano de junio, julio y agosto (JJA) amplian el area cubierta por las isotermas
de 25 y 40 °C a una franja mas estrecha en la region fronteriza. Esta region de clima
semiarido es la mas extrema de México; por lo tanto, es la mas susceptible a los impactos
negativos causados por los aumentos de temperatura.

Los cambios climaticos proyectados a nivel nacional (Cavazos et al. 2013) coinciden con
los obtenidos a nivel global (Alexander et al. 2006; Caesar et al. 2011; Song et al. 2014).
En cuanto a los relacionados con el aumento en la frecuencia de los dias de calor, las olas
de calor y la variabilidad en la precipitacion agravaran los problemas relacionados con los
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sistemas naturales y humanos (Ummenhofer y Meehl 2017). Si analizamos los percentiles
10" y 90™ de temperaturas extremas a nivel nacional, es notable la falta de informacién

confiable y oportuna a nivel regional y urbano para la evaluacion de riesgos, y justifica el
estudio aqui realizado.
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Figura 2.1 Umbrales de P10 de temperatura minima (Tmin) de invierno, obtenidos con el
ensemble del reliability ensemble averaging (REA) para 1961-2000 (Cavazos et al.
2013).
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Figura 2.2 Umbrales de P90 de temperatura maxima (Tmax) de verano, obtenidos con el
ensemble del REA para 1961-2000 (Cavazos et al. 2013).
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2.4 Metodologia

Posterior al analisis de calidad realizado a la informacion climatolégica diaria de
temperatura y precipitacion, las ciudades y/o regiones que cumplieron los requerimientos
estipulados para su estudio son las que se presentan en la tabla 2.2; en ésta se puede ver
el nimero y nombre de estacién climatica disponibles para su analisis, de acuerdo al
Servicio Meteorologico Nacional de México, el periodo inicial y final de informacion, y el
periodo de datos utiles.

Tabla 2.2. Ciudades elegidas para el estudio de tendencias climaticas y eventos
extremos, estaciones climaticas y periodo disponible de datos Uutiles.

Aguascalientes 01030(Aguascalientes) 1972 2007 36
Mexicali 02033(Mexicali) 1944 2012 69
Tijuana 02038(Tijuana) 1950 2012 63
Tuxtla Gutiérrez 07165(TuxtlaGutiérrez) 1980 2010 31
Ciudad deMéxico  09014(Santa Ursul€oapa) 1971 2013 43
y ZMVM* 09029 (Gran Canal) 1952 2010 59

09032 (Milpa Alta) 1963 2012 50

15002(Aculco) 1970 2011 42

15126(Toluca) 1974 2011 38

15170(Chapingo) 1954 2010 57
Ledn 11095(Ledn) 1959 2014 56
Guadalajara 14066(Guadalajara) 1960 2013 54
Monterrey 19049(Monterrey) 1950 2001 52
Puebla 21035(Puebla) 1953 2013 61
Tlaxcala 29030(Tlaxcala) 1969 2013 45
Veracruz 30192(Veracruz) 1930 2014 85

*2MVM significaZonaMetropolitanadel Valle de México

La localizacion de estas estaciones en las ciudades o regiones en la Republica Mexicana
se pueden ver en la Figura 2.3.

Una vez obtenida la base de datos diarios se procedio al calculo de los ICC mediante la
utilizacién del software Rclimdex (Zhang y Yang, 2004), que es un software libre
(http://cccma.seos.uvic.ca/ETCCDI/software.shtml) que funciona bajo una plataforma R
(http://www.r-project.org). Un nivel de confianza del 95% se propuso como umbral para
gue un indice se considerara estadisticamente significativo.
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Figura 2.3 Localizacion de las estaciones climéticas seleccionadas

Debido a que muchos indices no son adecuados para calcularse tal cual ha propuesto el
grupo del ETCCDI, se realiz6 una modificacion de acuerdo a la realidad climatolégica de
cada ciudad o region estudiada. De tal suerte, los indices climéticos que fueron propuestos
para estimarse en base a las normales climatoldgicas locales fueron los siguientes: a) SU
(Summer Days/Dias de Verano), estimado con el umbral superior de la temperatura
maxima diaria; b) ID (Icing Days/Dias de hielo), estimado con el umbral inferior de la
temperatura maxima diaria; c) FD (Frost Days/Dias de heladas), estimado con el umbral
inferior de la temperatura minima diaria; y d) TR (Tropical Nights/Noches tropicales),
estimado con el umbral superior de la temperatura minima diaria.

Para que este reporte fuera consistente y se pudieran comparar las tendencias entre
ciudades, se utilizé el periodo de referencia de 1980 al 2010, aunque Aguascalientes y
Monterrey no cumplieron este requisito, igual que en el caso de Toluca, Col. Santa Ursula
Coapa de la Delegacién Coyoacan y Gran Canal de la Delegacion Gustavo A. Madero de
la ZMVM, pero que se dejaron porque su base de datos era de calidad adecuada, aunque
su periodo de analisis fue un poco menor que el periodo base seleccionado.
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2.5 Andlisis de tendencia

Las detecciones de tendencias monoténicas de aumento o disminucion de TXXy TNN en
una serie temporal se analizaron mediante la prueba no paramétrica de Mann-Kendall
(Mann 1945; Kendall 1975) y utilizando el método de Sen para las estimaciones de la
pendiente (Sen 1968). La prueba de Mann-Kendall se basa en rangos y ha resultado ser
una herramienta excelente para detectar tendencias en aplicaciones climéticas (Burn y
Hag Elnur 2002; Mugume et al. 2016). Una de las ventajas de esta prueba es que no es
necesario ajustar los datos a ninguna distribucion. La segunda ventaja de esta prueba es
su baja sensibilidad a las rupturas repentinas debidas a series temporales no homogéneas,
valores extremos (valores atipicos) y tendencias no lineales (Helsel y Hirsch 1992; Tabari
et al. 2011). Dada su solidez, la prueba de Mann-Kendall se ha hecho muy popular en la
evaluacion de tendencias en datos medioambientales y permite realizar comparaciones
adecuadas entre regiones (Qiang et al. 2011; Fengjin y Lianchun 2011; Wang et al. 2013;
Dumitrescu et al. 2015; Ongoma et al. 2016). EI método de Sen utiliza un modelo lineal
para estimar la pendiente de una tendencia, y la varianza de los residuos debe ser
constante a lo largo del tiempo (Salmi et al. 2002). Muchos estudios (Taxak et al. 2014;
Caloiero 2017; Raggad 2018; Garcia-Cueto et al. 2018, entre otros) han descrito estos
meétodos de forma explicita.

2.6 Los valores GEV estacionarios y no estacionarios

El marco general de este estudio es una EVT estadistica. La EVT pretende caracterizar
los sucesos raros describiendo las colas de la distribucion subyacente. La EVT se refiere
al comportamiento estocastico asintético de los estadisticos de orden extremo de una
muestra aleatoria, como los valores maximo y minimo de variables aleatorias
independientes idénticamente distribuidas (Coles 2001). El postulado del Teorema de
Fisher-Tippett (1928) establece que si la distribucion del maximo normalizado de una
secuencia de variables aleatorias converge, siempre converge a la distribucién GEV,
independientemente de la distribucién subyacente. A este respecto, sea X1, ..., Xn una
secuencia de variables aleatorias independientes idénticamente distribuidas con una
funcion de distribucién comdn F; la muestra maxima, Mn , siendo n el tamafio del bloque,
se define como Mn = max {X1, Xz, ..., Xn }. Xi suele representar los valores maximos (o
minimos) medidos en una escala temporal regular o en bloques de tiempo, por lo que Mn
representa los valores extremos del proceso en n unidades de tiempo de observacion. Los
bloques de datos en este estudio son secuencias de observaciones que tienen la duracién
de un afio, es decir, el enfoque utiliza los valores maximos y minimos por bloques anuales
de temperatura.

Para estos datos, las distribuciones de Mn segun la EVT pueden modelizarse como
blogues de valores extremos idénticamente distribuidos con una distribucion GEV definida
por la ecuacion (1), con una funcion de distribucion acumulativa con tres parametros dada
por (Coles 2001):

vU

CUupKhs AgD p £ (1)
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Esta distribucion se define en el conjunto {z: 1 + 3(z - €) / 1 > 0}. Aqui, € es el pardmetro
de localizacion (- &< Hl)es el parametro de escala (0 > 0), y 3-es el parametro de
forma (-b &< D) gue determina | a n aotde faadleede da
distribucion maxima. La justificaciéon de la distribucibn GEV surge de un argumento
asintético. La distribucion GEV combina las tres posibles distribuciones limite sobre
valores extremos en datos muestrales en una Unica expresion. Es una familia de
distribuciones de probabilidad continua desarrollada para combinar las tres distribuciones
de valores extremos: Gumbel (3= 0), Fréchet (3> 0) y Weibull (3-< 0), o distribuciones de
valores extremos tipos I, Il y lll, respectivamente. Cada uno de los tres tipos de
distribuciones tiene formas distintas de comportamiento en la cola. La Weibull esta acotada
por arriba, lo que significa que existe un valor finito que el maximo no puede superar. La
distribucion de Gumbel presenta una cola ligera, lo que significa que, aunque el maximo
puede tomar valores infinitamente altos, la probabilidad de obtener tales niveles se hace
exponencialmente pequefia. La distribucion de Fréchet tiene una cola pesada y decae
polinébmicamente, de modo que los valores mas altos del maximo se obtienen con mayor
probabilidad, como ocurriria con una cola mas ligera (Gilleland y Katz 2006). La flexibilidad
de la GEV para describir los tres tipos de comportamiento de la cola en una Unica familia
simplifica enormemente la aplicacion estadistica.

Como se menciona mas adelante, las temperaturas extremas de varias ciudades
analizadas muestran tendencias temporales, por lo que el supuesto de una serie de datos
distribuidos de forma independiente e idéntica con propiedades constantes a lo largo del
tiempo (estacionaria) debe modificarse para considerar los efectos del cambio climético a
largo plazo. De hecho, cada vez hay mas pruebas de que las series extremas, ya sean
térmicas o hidroclimaticas, no son estacionarias, debido a la variabilidad climatica natural
o al cambio climético antropogénico (Jain y Lall 2001; Milly et al. 2008). La modelizacién
de la no estacionariedad dentro del esquema de distribucion GEV requiere modelos
mejorados, en los que los pardmetros del modelo se expresen en funcién del tiempo, y
posiblemente con la incorporacion de otras covariables (ElI Adlouni et al. 2007; Leclerc y
Ouarda 2007; Panagoulia 2013; Parey et al. 2018).

Incorporamos la no estacionariedad permitiendo que el parametro de localizacion (¢) de la
distribucion GEV dependa del tiempo (Renardt et al. 2013). Utilizando la notacién (g, G, 3)
para denotar una distribuciéon GEV con parametros ¢, @, 3; un modelo adecuado para las
temperaturas extremas en el afio t, Zt, podria ser el presentado en la ecuacion (2) (Furid
y Meneu 2011):

Zz48 GEV 0 #H(t), (2)

En la ecuacion (2), € (t) = €o + €1 (t) para los parametros €0 y €1 . De este modo, las
variaciones temporales del proceso observado se modelizan como una tendencia lineal
para el parametro de localizacion del modelo de valores extremos, que en este caso es la
distribucion GEV. El parametro €o corresponde al valor de € cuando t es el tiempo inicial,
mientras que el parametro €1 corresponde a la tasa anual de variacion de las temperaturas
extremas anuales.
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2.7 Resultados
2.7.1 Indices de cambio climatico para Mexicali (1980 2010)

En el caso de la ciudad de Mexicali los indices que fueron estimados en base a valores
climatoldgicos locales se mencionan a continuacion: el indice SU42 (SUmmer days) fue
fijado segun las normales climatoldgicas de la estacion en el umbral de 20-42° C en la
temperatura maxima diaria, en lugar del propuesto por default de 25° C (SU25); ID20 (Icing
Days), el umbral inferior de la temperatura maxima diaria se eligio de 20° C, en lugar de
tomar el default de 0 °C (ID0). FD5 (Frost Days) fue seleccionado el umbral inferior de la
temperatura minima diaria, se eligié el valor de 5° C, en lugar del propuesto de 0°C; TR25
(Tropical Nights), el umbral superior de la temperatura minima diaria se eligié con un valor
de 25° C (en lugar del propuesto de 20° C TR20), que es el valor mayor en el umbral de las
normales de temperatura minima. En la tabla 2.3 se listan los indices climéaticos que
resultaron estadisticamente significativos ( & 0.05) para la ciudad de Mexicali, B.C.

Tabla 2.3 indices de cambio climético (ICC) estadisticamente significativos al 95% en
Mexicali, B.C.indices de cambio climatico (ICC) estadisticamente significativos al 95%
en Mexicali, B.C., tendencias lineales (Pendiente, Unidad/afio), desviacion estandar de
la pendiente (DE, Unidad/afio), y significancia estadistica (p_value). Las unidades de
los ICC, pueden ser revisadas a detalle en la tabla 2.1

ICC Pendiente | DE (Unidad/afo) p_value
(Unidad/afo)
TMAXmean 0.06 0.02 0.001
TMINmean 0.05 0.01 0.000
Su42 1.00 0.32 0.004
FD5 -0.53 0.20 0.013
TNn 0.11 0.03 0.004
TX10p -0.31 0.10 0.004
TX90p 0.24 0.09 0.016
TN10p -0.39 0.08 0.000
TN9Op 0.18 0.08 0.044
CSDI -0.45 0.14 0.002
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Los resultados mostraron una tendencia positiva en los siguientes indices climaticos:
temperatura maxima media (TMAXmean, fig. 2.4), temperatura minima media
(TMINmean, fig. 2.5), frecuencia de dias cuando la temperatura maxima diaria > 42°
C (Su42, fig. 2.6), valor minimo anual de la temperatura minima diaria (TNn, fig. 2.8),
porcentaje de dias con temperatura maxima mayor a la del P90 (TX90p, fig. 2.10), y
porcentaje de dias con temperatura minima diaria > P90 (TN9O0p, fig. 2.12)

De los indices con tendencia positiva, TX90P y SU42 son los que muestran el mayor
aumento. El indice SU42 que relaciona el valor maximo normal de temperatura,
muestra la mayor tendencia al aumento; a pesar de mostrar una disminucion en la
tendencia durante finales de los 80°s, en los ultimos veinte afios el incremento fue mas
evidente. También el indice TX90P, el cual es una importante referencia de los valores
mayores de temperaturas maximas, muestra una clara tendencia positiva. A partir de
los valores de estos dos importantes indices con tendencias positivas y los
anteriormente mencionados como significativos con tendencia positiva pero con
menores valores en la pendiente, se sugiere que podria existir evidencia estadistica de
un aumento significativo en los valores de temperaturas maximas a lo largo de la serie
de tiempo.

Por otra parte entre los indices significativos que mostraron una tendencia al
decremento, estan la frecuencia de dias cuando la temperatura minima es < 5° C
(FD5, fig. 2.7), el porcentaje de dias con la temperatura maxima menor al percentil
(TX10p, fig. 2.9), el porcentaje de dias con la temperatura minima menor al percentil
10 (TN1O0p, fig. 2.11), el porcentaje de dias con la temperatura minima diaria mayor
a la del percentil 90 (TN9Op, fig. 2.12), y el conteo de periodos de al menos 6 dias
consecutivos menor al percentil 10 de temperatura minima (CSDI, fig. 2.13). Las
tendencias negativas mayores, se mostraron en los indices FD5, CSDI y TN10p. El
decremento en la frecuencia, porcentaje y nimero de dias con temperaturas minimas
por debajo de los valores promedio mostrado en FD5, CSDI y TN10p, concuerda con
el incremento de los dias célidos (SU42 y TX90p, mencionados anteriormente) y
ratifica la tendencia al incremento en las temperaturas minimas y maximas promedio
en la ciudad de Mexicali.
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Figura 2.4 Tendencia de temperatura maxima media (°C) en Mexicali, B.C. (1980-2010)
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Figura 2.5 Tendencia de temperatura minima media (°C) en Mexicali, B.C. (1980-2010)



Mexicali, B.C.: SU42

Q

I
I\

(days)

Su42

——— SUS2
Tendencia lineal Su42

l — = Tendencia poli SU42

20
|

10
|

[ [ | [ | [
1980 1985 1990 1995 2000 2005 2010

Year

Figura 2.6 Tendencia de dias cuando la temperatura maxima diaria es >42°C
Mexicali, B.C. (1980- 2010)
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Figura 2.8 Tendencia de valores minimos anuales de temperatura minima diaria en

Mexicali, B.C. (1980-2010)
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Figura 2.10 Tendencia de dias con temperatura maxima superior al P90 en Mexicali,
B.C. (1980- 2010)
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2.7.2 Estudio de Extremos Climaticos deTemperatura Maxima,
Temperatura Minima y Precipitacion Pluvial para Mexicali, B.C.

2.7.2.1 Aplicacion de la distribuciéon GEV a valores maximos de Temperatura

Maxima.
La informacion de valores méaximos de temperaturas maximas, extraida de informacién
diaria, fueron en total 62 datos, derivados de bloques maximos anuales de los afios de
1950 al 2012. Previo a la aplicacion de la funcion de Valores Extremos Generalizados (GEV,
por sus siglas en inglés) se verifico que la serie de valores de temperatura maxima
maximorum (TMAXmax) correspondiera a una serie estacionaria o no estacionaria, por
la necesidad de insertar en el proceso de ajuste de la GEV una covariable adecuada que
expligue ese comportamiento, ya que esto se debe tomar en cuenta para la estimaciéon de
periodos de retorno. Tras analizar la tendencia de TMAXmax, resultd una serie no
estacionaria. En estos casos, se obtiene un modelo ajustado por una GEV estacionaria, y
posteriormente un segundo modelo con una GEV no estacionaria mediante la inclusion
de la covariable que probablemente mejore el desempefio de la funcién de densidad
propuesta. Como algunos valores de la GEV estacionaria se toman en cuenta para el
calculo de los periodos de retorno, se presentan algunos resultados Utiles de este
proceso.

La funcién de verosimilitud de la distribucion GEV estacionaria para la temperatura
méaxima maximorum (TMAXmax), encontré que los valores para los estimadores, en °C,
fueron (4, 0, 3)= (46.74, 1.37, -0.17), con errores estandar de 0.18, 0.12 y 0.06,
respectivamente. Combinando los estimadores y errores estandar asociados, los intervalos
de confianza al 95%, también en °C, son (46.56, 46.92) para l, (1.25, 1.49) para U, y (-0.23,
-0.11) para 3: Se observa gue el valor del parametro de forma (3) es negativo, por lo que se
concluye que la distribucién de Weibull ajusta bien a este conjunto de datos.

2.7.2.2 Incorporacion de una covariable al modelo de TMAXmax en Mexicali, B.C.
Debido a la tendencia positiva de la TMAXmax se incorporo al modelo de distribucion GEV.
Las gréficas de diagndstico para evaluar la precision de la distribucion GEV ajustada a la
TMAXmax se muestran en la figura 2.14. Las graficas de cuantiles de probabilidad (panel
superior) muestran la validez del modelo ajustado: el conjunto de puntos sigue una
conducta casi-lineal, a excepcién de una ligera discrepancia en algunos valores mas
extremos. La correspondiente funcion de densidad es bastante consistente con la funcion
empirica (panel inferior izquierdo). En el panel inferior derecho se muestran los niveles de
retorno asociados con la variable respuesta TMAXmax que en este caso se refiere a la
tendencia temporal incluida; obsérvese que de acuerdo a los niveles de retorno mostrados, la
temperatura maxima va ligeramente en aumento de acuerdo al tiempo.
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Figura 2.14 Gréficas de diagndstico de la distribucion GEV con la tendencia temporal
como covariable para la TMAXmax de Mexicali, B.C., México. Los cuantiles y niveles
de retorno estan °C.

Como medida de la calidad relativa de los modelos, estacionario y no estacionario, se utilizd
el criterio de Akaike y el criterio de Bayes, que mostraron que la incorporacion de una
covariable, en este caso el tiempo en afios, mejoraba sustancialmente al modelo de
ajuste propuesto inicialmente. Otra prueba estadistica que se utilizo es la de prueba de
razon de verosimilitud, cuyo valor de 7.36 es un valor mas grande que el nivel critico de
G nho mque es de 3.84.

La inclusion de una tendencia lineal como covariable en el parametro de ubicacion () de
la distribucion GEV, produjo una mejoria significativa (al nivel del 5%) al ajuste que sin
la tendencia, por lo que se seleccion6 este modelo para la estimacion de la variabilidad
de los periodos de retorno.

Especificamente, el modelo que se toma en cuenta es el siguiente:
e(t) = €0+ €4(t) =46.74+ 0.028*(t) 3)
En la ecuacion 3, €0 es el parametro de ubicacion (location = 46.74) de la distribucion

GEV estacionaria, mientras que €1 (me1 = 0.028) es el parametro estimado de la serie

GEV no estacionaria, que se refiere a la inclusién como pendiente de la variable tiempo; en
este casot es el tiempo en afios en los que se desea estimar el valor de € (t), que indica que
a nivel decadal se esta experimentando un incremento de 0.28°C.
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2.7.2.3EstimaciondePeriododeRetornode TMAX o €nMexicali, B.C.

Aplicando la ecuacion 3, si se desea, p.e., estimar el periodo de retorno de 5 afos:
€(2017)=46.74+(0.028)*(20171950)=48.61°C

Al valor anterior (48.61 °C) se le debe aplicar una correccidon por ser una GEV no
estacionaria. Se puede ver que conforme la variable t se incrementa, los valores del
parametro de ubicacién también, indicando que los valores extremos de temperatura
maxima, seran mayores conforme se incrementa el tiempo. La tabla 2.4 muestra los
resultados finales de periodos de retorno con la correccidn realizada a los niveles de
retorno estimados con los intervalos de confianza al 95% de confiabilidad.

Tabla 2.4 Niveles estimados de retorno e intervalos de confianza al 95% para varios
periodos de retorno, obtenidos con el modelo GEV no estacionario para la TMAXmax
en Mexicali, B.C., México

5 47.1 46.6 47.5
10 47.2 46.6 47.7
15 47.3 46.7 47.9
20 47.5 46.8 48.1
25 47.6 46.9 48.3
50 48.3 47.5 49.2
75 49.1 48.1 50.0
100 49.8 48.7 50.8

De acuerdo a los resultados encontrados con una tendencia lineal en el parametro de
ubicacién (¢), se esperaria, p.e., que la TMAXmax en Mexicali, B.C., México, en
promedio con una probabilidad de 0.1 (periodo de retorno de 10 afios) sea mayor de
47.2 °C,y en el largo plazo, con una probabilidad de 0.01 (periodo de retorno de 100
afos) el valor de TMAXmax sea mayor a 49.8 °C; los intervalos de confianza al 95%, en
°C, para esos periodos de retorno son de 46.6 a 47.7 y de 48.7 a 50.8, respectivamente.
En resumen, se observa que los valores de TMAXmax en el futuro seran cada vez
mayores, respecto a los valores actuales.

2.7.2.4Aplicaciondela distribucion GEV a valoresminimosde TemperaturaMinima en
Mexicali B.C.
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La informacién de valores minimos de temperaturas minimas (TMINmin), igual que
para las temperaturas maximas, extraida de informacion diaria, fueron en total 62 datos,
derivados de bloques minimos anuales de los afios de 1950 al 2012. Se verificé que la
serie de valores de TMINmin correspondiera a una serie estacionaria o no estacionaria,
con el propdsito de insertar en el proceso de ajuste de la GEV una covariable adecuada
gue explicara ese comportamiento, ya que se debe tomar en cuenta para la estimacion
de periodos de retorno. En este caso, la TMINmin fue una serie no estacionaria. Como
se ha mencionado, se obtiene primero un modelo ajustado por una GEV estacionaria, y
posteriormente un segundo modelo con una GEV no estacionaria mediante la inclusion
de la covariable que mejoraria el desempefio de la funcion de densidad propuesta. Ya que
algunos valores de la GEV estacionaria se toman en cuenta para el calculo de los
periodos de retorno, se presentan algunos resultados utiles.

La funcion de verosimilitud de la distribucion GEV estacionaria para la temperatura
minima minimorum (TMINmin), encontré que los valores para los estimadores, en °C,
fueron (u, G, 3) = (-1.73, 2.91, -0,49), con errores estandar de 0.40, 0.32 y 0.10,
respectivamente. Combinando los estimadores y errores estandar asociados, los
intervalos de confianza al 95%, en el caso de la TMINmin, son (-1.33, 2.13) para y, (3.23,
2.59) para U, y (-0.39, -0.59) para 3: Se observa que el valor del pardmetro de forma (3)
es negativo, por lo que se concluye que la distribucion de Weibull ajusta bien a este
conjunto de datos. Esto significa que la TMINmin tiene un limite superior, por lo que
hay valores finitos que no pueden ser excedidos.

2.7.2.5 Incorporacion de una covariable al modelo de TMINmin en Mexicali, B.C.
Por la tendencia positiva de la TMINmin se decidio incorporarla al modelo de distribuciéon
GEV. Las gréficas de diagnéstico para evaluar la precisién de la distribucion GEV
ajustada a la TMINmin se muestran en la figura 2.15. Las graficas y cuantiles de
probabilidad muestran la validez del modelo ajustado: el conjunto de puntos sigue una
conducta casi-lineal, aunque algunos de los valores mas extremos discrepan, lo cual
tiene explicacion por la incertidumbre asociada. La correspondiente funcién de densidad
es bastante consistente con la funcion empirica (panel inferior izquierdo). En el panel
inferior derecho se muestran los niveles de retorno asociados con la TMINmin, que en
este caso se refiere a la tendencia temporal incluida; obsérvese que de acuerdo a los
niveles de retorno mostrados, la temperatura minima va siendo cada vez mayor de
acuerdo al avance del indice anual.

36



n
%
o Q
s o
Z (Gumbel Scale) g
g & Voo BT s o
B o N n 1 1-1 lne e 1)
3 > e ¥ regression in2 L
o o X e, 3
5 T Y. i 1 5% confidence bandsess >+
« 2 71 P
AT L™ E © 1 -
v i
g T T T ) T T T
£ 1 0 2 3 4 3 $ § 4 2 2
o T
3
{Standarcized) Model Quantles ﬁ, Tminme Emprrical Quenties
Transformed Data
5 oLy il ! — Empincal | = @ o — 2-yearlevel
P / \ ot e kecd v Mvis N i adl
& / ~ Modekd | > 20-year bvel I~ A==
- / ™ ® o~ ; p | o D v Vo
v 1 =3 100-year el Ly ——a—1—71 '
< o d - 7 \J JV
Q -3 gl y wJ 7 '\ I
A (I Ceewtia T v J
o T T o T
-2 0 2 4 6 0 10 20 30N 40 5 &0
N=03 Bandwmdth = 04353 Indax

Figura 2.15 Gréficas de diagndstico de la distribucion GEV con la tendencia temporal
como covariable para la TMINmin de Mexicali, B.C., México. Los cuantiles y niveles de
retorno estan °C.

Como medida de la calidad relativa de los modelos, estacionario y no estacionario, se
utilizé el criterio de Akaike y el criterio de Bayes, los cuales mostraron que la
incorporacion de una covariable, en este caso el tiempo en afos, mejoraba
sustancialmente al modelo de ajuste propuesto inicialmente. Otra prueba estadistica
gue se utilizo es la de prueba de razén de verosimilitud, cuyo valor de 31.40 es un valor
mayor que el nivel criticode 62, r o - que es de 3.84.

Por lo analizado, se concluye que la inclusion de la tendencia lineal como covariable
en el pardmetro de ubicacién ( edg la distribucion GEV, produjo una mejoria significativa
(al nivel del 5%) al ajuste que, sin la tendencia, por lo que se seleccion6 el modelo GEV
no estacionario para la estimacion de los periodos de retorno.

El modelo que se toma en cuenta es el siguiente:

e (Fe)p+eqt)=-1.73+ 0.07%(t) 4

En la expresion 4, €0 es el parametro de ubicacion (location = -1.73) de la distribucién
GEV estacionaria, €1 (mul = 0.07) es el parametro estimado de la serie GEV no

estacionaria, que se refiere a la pendiente del modelo GEV, y t es el tiempo en afios en
los que se desea estimar el valor de € ( tA hivel decadal se estima un incremento de
0.7°C por el valor de la pendiente estimada.
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2.7.2.6 Estimacion de Periodos de Retorno de TMINmin en Mexicali, B.C., México
Con la aplicacion de la ecuacion 4, si queremos estimar el periodo de retorno de 5 afios, se
tiene lo siguiente:

e ( 20473+ €.07)*(201#1950)=2.96 °C

Al valor anterior (2.96 °C) se le debe aplicar una correcciéon por ser una GEV no
estacionaria. Se puede ver que al incrementarse t, los valores del parametro de
ubicacion también se incrementan, indicando que los valores extremos de temperatura
minima seran mayores conforme el tiempo avance. La tabla 2.5 muestra los resultados
finales de periodos de retorno con la correccion realizada a los niveles de retorno
estimados con los intervalos de confianza al 95% de confiabilidad.

Tabla 2.5 Niveles estimados de retorno e intervalos de confianza al 95% para varios
periodos de retorno, obtenidos con el modelo GEV no estacionario para la TMINmin
en Mexicali, B.C., México

5 0.3 -0.4 0.9
10 0.7 0.1 1.2
15 11 0.5 1.6
20 15 0.9 2.0
25 1.8 13 2.4
50 3.8 3.2 4.5
75 5.8 5.1 6.5
100 7.8 7.0 8.6

De acuerdo a los resultados encontrados con una tendencia lineal en el parametro de
ubicacion ( € 9e esperaria, por ejemplo, que la TMINmin en Mexicali, B.C., México, en
promedio con una probabilidad de 0.1 (periodo de retorno de 10 afios) sea mayor a 0.7
°C, y en el largo plazo, con una probabilidad de 0.01 (periodo de retorno de 100 afios) el
valor de TMINmin sea mayor a 7.8 °C; los intervalos de confianza al 95%, en °C, para los
periodos de retorno mencionados son de

0l1.4al.2yde 7.0 a8.6, respectivamente. En resumen, se observa que los valores de
TMINmin en el futuro seran cada vez mas altos, respecto a los valores actuales.
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2.7.2.7Aplicaciondela distribucion GEV a valoresmaximosdePrecipitaciénPluvial en
Mexicali, B.C.
Los datos extremos de precipitacion pluvial de Mexicali, B.C., obtenidos de informacion
diaria, fueron 62 datos, es decir 62 bloques de maximos anuales de los afios de 1950 al
2012.La funcion de verosimilitud de la distribucion GEV para la precipitacion maxima
maximorum (PMAXmax), debido a que no se encontrd evidencia de tendencia, se realizd

para una serie estacionaria.

La funcion de verosimilitud de la distribucion GEV estacionaria para la PMAXmax, encontro
que los valores para los estimadores de los parametros fueron (u, & ,3 ¥ (15.06, 10.13,
0.14), con errores estandar de 1.49, 1.17 y 0.12, respectivamente. Combinando los
estimadores y errores estandar asociados, los intervalos de confianza al 95%, en el caso
de la PMAXmax, son (13.57, 16.55) para |, (8.96, 11.30) para 0 y (0.02, 0.26) para 3 En
este caso se observa que el valor del parametro de forma ( 3e$ positivo, y su intervalo de
confianza al 95% indica que la franja de valores puede ser positiva. Lo que se concluye
es que la distribucion de Fréchet ajusta a este conjunto de datos.

Las gréaficas de diagnéstico resultante para evaluar la precision de la distribucion GEV
ajustada a la PMAXmax se muestran en la figura 2.16. La gréafica en la esquina superior

izquierda muestra que los cuantiles empiricos contra los derivados de la funcién de
densidad ajustada GEV, parecen agruparse razonablemente a lo largo de la linea recta y
el modelo parece satisfacerse. La gréafica del panel superior derecho muestra la grafica
QQ para datos generados aleatoriamente de la funcién de densidad ajustada GEV contra
los cuantiles empiricos de datos junto con bandas de confianza del 95%, una linea 1-1y
una linea de regresion ajustada; se puede observar como las bandas de confianza
adquieren una forma concava. La grafica de densidad en el panel inferior izquierdo
muestra relativamente buena correspondencia entre la densidad empirica (linea sélida) y la
funcion de densidad GEV ajustada (linea punteada). La gréafica del nivel de retorno (panel
inferior derecho) muestra el aumento de los valores. Los niveles de retorno empiricos
estan situados sobre la banda de confianza del 95%.

39



S0 Bt o LN v Pwcac omed

Figura 2.16 Graficas de diagndstico de la distribucion GEV a la PMAXmax en Mexicali,
B.C., México.Los cuantiles y niveles de retorno estan en mm.

2.7.2.8 Estimacion de Periodos de retorno de PMAXmax en Mexicali, B.C.

Los periodos de retorno para la PMAXmax se presentan a continuacion. Esta gréfica se
ha mostrado en el panel inferior derecho de la figura 2.16, junto con las bandas de
confianza al 95%, estimada por el método delta. Este método, como se ha mencionado
asume que los estimadores de los parametros son simétricos, que no es siempre el caso
para el parametro de forma o periodos extremos de retorno. En el caso bajo analisis se
opto, para la estimacién de periodos de retorno, por el de bootstrap paramétrico. En la
tabla 2.6 se muestran los periodos de retorno de 5 a 100 afios, y los intervalos de confianza
al 95%, con la distribucion GEV para la PMAXmax.
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Tabla 2.6 Niveles estimados de retorno e intervalos de confianza del 95% para varios
periodos de retorno, obtenidos con el modelo GEV estacionario para la PMAXmax en
Mexicali, B.C., México.

5 31.9 26.7 37.7
10 41.9 33.8 51.4
15 48.0 37.3 61.6
20 52.5 40.5 67.4
25 56.2 42.8 73.5
50 68.9 48.4 101.0
75 77.6 51.5 118.4
100 82.9 52.6 128.1

De acuerdo a los resultados de la tabla 7 se esperaria que la PMAXmax en Mexicali, B.C.,

México, en promedio, con una probabilidad de 0.1 (periodo de retorno de 10 afios)
excederaelvalorde 41.9 mm, y en el largo plazo, con una probabilidad de 0.01 (periodo
de retorno de 100 afios) excedera el valor de 82.9 mm; los intervalos de confianza al 95%,
en mm, para esos periodos de retorno son de 33.8 a 51.4, y de 52.6 a 128.1,
respectivamente.

2.8 Conclusiones

Es importante resaltar que acuerdo a Gosling et al. (2011), México ha experimentado un
calentamiento generalizado desde 1960. La frecuencia de dias frios ha disminuido y la
de noches célidas ha aumentado. También se ha producido un aumento generalizado
de las temperaturas medias invernales en el pais como consecuencia de las influencias
humanas sobre el clima. Asi, durante la estacion invernal, los casos de temperaturas
calidas son mas frecuentes, y los de temperaturas frias, menos. Asi también, las
tendencias significativas de las temperaturas maximas y minimas extremas encontradas
en muchas partes del mundo (Heim Jr. 2015; Easterling et al. 2016; Houngninou et al.
2017) refuerzan los resultados obtenidos en este trabajo.

La aplicacion de una teoria de eventos extremos a la TXX y TNN en 16 estaciones
climatolégicas ubicadas en 12 zonas urbanas de México, en series de tiempo con
diferentes periodos, mostr0 tendencias generales en el calentamiento urbano,
especialmente nocturno. Sin embargo, los valores variaron de una ciudad a otra. Una
sefal de deteccion menos clara fue el calentamiento diurno. Aunque las causas de este
comportamiento de tendencias heterogéneas para TXX y TNN pueden ser de origen
puramente local y causadas por la dinAmica de urbanizacion (cambio de uso de suelo,
actividades antropogénicas), no se puede descartar que puedan ser causadas por

41



algunos otros fendmenos climéaticos de mayor escala. Por ejemplo, México podria estar
expuesto a patrones de bloqueo, o modos de variabilidad climatica, como El Nifio
Oscilacion del Sur, la Oscilacion Decadal del Pacifico, la Oscilacion del Atlantico Norte,
o la Oscilacion Madden-Julian, entre otros. Estos podrian ser factores causales que
contribuyan a las tendencias térmicas ya que en otras regiones del mundo han influido
significativamente en el comportamiento de las temperaturas extremas. (Arblaster y
Alexander 2012; Parker et al. 2014; Matsueda y Takaya 2015; Burgess y Klingaman
2015). Todos estos factores se consideran importantes para una posible atribucion pero
no son objeto de este estudio.

Las ciudades seguiran siendo los espacios geograficos mas vulnerables, sobre todo en
paises en desarrollo como México, ya que suelen concentrar grandes poblaciones sin
infraestructura adecuada. Asi, el conocimiento de las regiones donde el clima es
inestable (cambiante), y el saber que los eventos climaticos extremos no son
controlables, servira para generar algunas posibles estrategias de adaptacion urbana
para enfrentar las temperaturas extremas actuales y futuras. Por ejemplo, dichas
temperaturas pueden abordarse redisefiando el espacio urbano, haciéndolo seguro,
ecoldgico y aceptable, para reducir la vulnerabilidad y reforzar la seguridad hidrica
urbana. Cada ciudad es un caso de analisis, y que un esquema adecuado de planeaciéon
urbana sustentable s6lo puede lograrse mediante la participacion de autoridades
gubernamentales, sectores productivos, sector académico y actores locales.

En este estudio se modelaron las TXXy TNN registradas en 16 estaciones climatologicas
correspondientes a 12 ciudades de México, para periodos que variaron de acuerdo con
las series de datos disponibles. Mediante la aplicacion de la prueba no paramétrica de
Mann-Kendall y el método de Sen, se detecté una tendencia al calentamiento urbano,
pero no se encontré un comportamiento homogéneo en todas las ciudades analizadas.
Una observacion importante fue la prevalencia significativa de series no estacionarias
con la TXX en la mitad de las ciudades analizadas. En el centro-occidente del pais, se
presento una tendencia negativa significativa, quiza debido al efecto de "oscurecimiento"
por incrementos en la contaminacién por aerosoles. Por lo tanto, las tendencias anuales
del calentamiento diurno, representadas por el TXX, no son similares en todas las zonas
urbanas seleccionadas de México. En el caso del TNN, relacionado con el calentamiento
nocturno, el comportamiento fue mas uniforme. Especificamente, 90% de las ciudades
son no estacionarias con una tendencia positiva significativa, y sélo dos areas
presentaron una serie estacionaria. Con el ajuste de la distribucion GEV no estacionaria
al conjunto de datos e incorporando la tendencia del parametro de localizacion, se
estimaron las tendencias de los niveles de retorno de 10, 20, 50 y 100 afios, manteniendo
constantes los parametros de forma y escala. Los resultados son muy similares a los de
los métodos no paramétricos de deteccion de tendencias, tanto para TXX como para
TNN. Esto confirma el comportamiento no estacionario de la mitad de las estaciones para
TXX, y del 90% de las estaciones para TNN. Los periodos de retorno de los extremos
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térmicos estimados en un clima cambiante para muchas de las ciudades analizadas en
este estudio varian significativamente, y la regularidad con la que se producen las
temperaturas extremas es cada vez mayor. Por ello, la modelizacién estadistica debe
considerar este comportamiento, debido a su importancia para la evaluacion de riesgos
para la salud humana, la flora y la fauna, y las infraestructuras urbanas. El modelo GEV
no estacionario propuesto ha proporcionado nueva e importante informacion relativa a
los cambios en las temperaturas extremas, y mediante la estimacion de los periodos de
retorno, ha proporcionado su probabilidad de recurrencia. Algunos modos principales de
variabilidad climatica como mecanismos causales de atribucion de temperaturas
extremas no han sido estudiados, por lo que es una tarea pendiente.
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3 Implementacion del prondstico computacionay la
simulacion de eventogle invierno (articulo 2)

3.1 Introduccion
Los sistemas fotovoltaicos (SFV) aprovechan la irradiacion solar global (GHI) y la
convierten directamente a energia eléctrica a partir de la implementacion de materiales
semiconductores; la constante busqueda por disminuir las emisiones de gases de efecto
invernadero a nivel global, han favorecido el crecimiento de plantas solares y redes
eléctricas mixtas que implementan tecnologia que aprovecha diversas fuentes
renovables. Se prevé que los SFV se conviertan progresivamente en tecnologias
accesibles y costeables para cualquier usuario, continden su expansion a gran escala
por diferentes regiones geograficas y su investigaciéon y desarrollo permanezcan
vigentes en afios futuros. Uno de los problemas operativos mas importante que enfrenta
la generacion de energia solar, radica en la incertidumbre que la intermitencia y la
variabilidad natural del recurso pueden generar. La prediccion meteoroldgica, considera
dos escalas temporales importantes para diferenciar la variabilidad que afecta a la
prediccidn del recurso solar: 1) la prediccion a mediano plazo, la cual se ve influenciada
principalmente por patrones meteoroldgicos de larga duracion en la atmosfera, que
pueden comprender periodos mayores a 120 horas, o corresponder a oscilaciones
climaticas que regulan las condiciones meteorologicas de una regién por largos
periodos (ciclos anuales o mayores); otra escala de interés, y sobre la cual se enfoca el
analisis de este trabajo, comprende una menor cobertura temporal y espacial, y se
conoce como 2) la prediccién a corto plazo, la cual engloba las variaciones relacionadas
a fenobmenos meteoroldgicos de corta duracion que pueden ir desde pocos minutos
hasta dias (aprox. 72 horas) y que su cobertura espacial comprende desde los 0.01 km
i 100 km. Las variaciones que producen los fendmenos meteorolégicos como,
tormentas, tornados y frentes, se desarrollan dentro de los horizontes espaciales y
temporales que un pronostico meteorolégico a corto plazo es capaz de prever
(Figura.3.1). Los modelos climaticos son una herramienta fundamental en la
investigacion de variaciones atmosféricas a largo plazo, son capaces de representar
patrones generales de temperatura, humedad y precipitacion sobre una regién extensa,
sin embargo, su baja resolucién dificulta el analisis de escalas espaciales menores a
100 km. Dentro de los métodos de prediccion que son capaces de captar la variabilidad
local, se encuentran los modelos estadisticos y los modelos numéricos
computacionales de prediccion meteorologica (NWP). Los modelos estadisticos
requieren de una robusta base de datos climaticos y meteoroldgicos del sitio, a partir
del cual se establecen relaciones estadisticas significativas para la prediccion de las
variables atmosféricas (Pirovano et al., 2014); los NWP pueden prescindir de
informacion medida in situ, y optar por datos iniciales disponibles a partir de diversos
modelos globales, datos satelitales e informacién de reanalisis, también permiten
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configurar dominios de alta resolucion para una region especifica, y cuentan con la
opcion de seleccionar distintas parametrizaciones fisicas de los procesos atmosféricos,
con fines de experimentacion a pequefias escalas.

En teoria, se espera que una adecuada prediccion de la variable GHI obtenida del NWP,
permitird al usuario realizar una confiable estimacién de la produccion de energia a corto
plazo basado en la capacidad instalada y las caracteristicas de la tecnologia del SFV,
no obstante, los NWP cometen errores de prediccion que deben ser analizados y
evaluados, con el fin de proponer nuevas configuraciones que contribuyan a
minimizarlos. El ajuste adecuado de las parametrizaciones y la caracterizacion de
procesos atmosféricos del sitio de estudio, es un proceso clave para reducir la

incertidumbre de las predicciones.
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Figura 3.1 Diagrama de escalas meteorol6gicas con referencia a escalas espaciales y
temporales de algunos fendmenos atmosféricos. (AEMET, 2018)

El objetivo del presente trabajo fue evaluar el desempefio del modelo meteoroldgico
computacional WRF, mediante la simulacion de un evento meteorolégico de
mesoescala en la region desértica del noroeste de México, para el periodo de invierno
del 2017; el evento de interés fue elegido por haber generado a su paso sobre el sitio
de estudio, cambios abruptos en la GHI y las variables de temperatura ambiente (Tamb)
y humedad relativa (Hrel), asi como haber favorecido nublados a diferentes alturas.
Cada experimento fue ejecutado en el modelo WRF bajo 4 configuraciones distintas de
parametrizaciones de radiacion solar y los resultados obtenidos se compararon con las
mediciones en superficie de estaciones meteorolégicas automaticas y piranémetros
solares. La comparacion estadistica de los valores pronosticados por el modelo y las
mediciones en superficie, mostraron las configuraciones del modelo y los esquemas de
parametrizacion solar que lograron estimar las variables de GHI, Tamb y Hrel con
menores errores durante el paso del evento.
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3.1.1 El modelo numérico computacional WRF

WRF es un modelo NWP y un sistema de simulacién atmosférica disefiado para
investigacion y aplicaciones operacionales (Skamarock et al., 2008); representa el
estado de la atmdsfera en una malla tridimensional en términos de variables
fundamentales, es considerado un modelo tipo no-hidrostatico que resuelve las
ecuaciones primitivas que controlan la circulacion atmosférica, permite pronosticar
variables meteoroldgicas con una alta resolucion a partir de una condicion inicial y una
de frontera. Dentro del modelo existe la posibilidad de configurar parametros que
influyen en procesos atmosféricos fisicos relacionados a la radiacion, conveccion,
microfisica de nubes, etc. Dichos procesos tienen lugar principalmente a niveles bajos
de la atmésfera y son representados mediante modulos denominados
parametrizaciones fisicas, que consisten en algoritmos que calculan el efecto del
fendmeno de manera indirecta a partir de las variables que el modelo si es capaz de
resolver, y una vez resuelto, el efecto o tendencia se aplica a subyacentes campos del
modelo (Garcia-Diez, 2013).

3.2 Parametrizaciones de radiacion solar
Las principales variaciones que afectan a la radiacidn solar a su paso por la atmosfera,
se deben en su mayoria a los procesos de dispersion por nubosidad, sin embargo, la
dispersion por aerosoles y la humedad, también juegan papel importante. Muchos
modelos NWP, han minimizado las afectaciones debido a la dispersion por aerosoles,
y se han limitado al uso de datos climaticos para sustituir la carencia de métodos de
medicidn para obtener estos valores en el area modelada. Esta simplificacion ha llevado
a gue los modelos cometan errores de hasta el 20% en sus predicciones (Ruiz-Arias et
al. 2013). Actualmente, mas modelos incluyen avanzados esquemas de
parametrizacion de radiacion solar. Muchos estan basados en la solucion de la teoria
de transferencia radiativa para 2 y 4 corrientes en 14 bandas espectrales. Un ejemplo
es el esquema RRTMG (lacono et al., 2008) y su antecesor RRTM (Clough et al., 2005);
estos esquemas conjuntan la necesidad de los modelos globales y regionales en la
prediccién solar. RRTMG se enfoca en la representacion de variaciones debido al vapor
de agua, diéxido de carbono, nitrégeno, aerosoles, dispersion de Raleigh y nubosidad.
RRTMG y RRTM guardan gran similitud, pero su mayor diferencia radica en sus
multiples calculos de dispersion y las parametrizaciones de nubosidad a subescalas.
Bajo condiciones de cielos despejados, se puede esperar que RRTMG cometa un error
de prediccion cercano al 0.3% con respecto de RRTM (lacono et al., 2008). Otro
esquema importante es Goddard, desarrollado por la NASA en el Goddard Space Flight
Center (Chou y Suarez, 1999) para su aplicacién a modelos climaticos. Con similitud al
esquema Goddard, Fu-Liou-Gu (FLG) (Gu et al., 2011), calcula el flujo a partir del
meétodo delta de 4 y 2 corrientes para 6 bandas espectrales; menos que cualquier otro
esquema anterior. EI modelo WRF cuenta con mas de 10 esquemas en radiacion de
onda corta (SW) y larga (LW). Los cuatro esquemas de parametrizacion mencionados
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anteriormente, corresponden a la metodologia utilizada por Incecik et al., en el 2019
para Turguia, y de acuerdo a su estudio, se consideran las opciones mas relevantes
por sus distintos algoritmos de célculos de flujos, representaciones de numero de
bandas espectrales y simulacion de diversas fuentes de dispersion (gases y aerosoles);
estas parametrizaciones destacan también por su exploracion en estudios previos y su
vigencia en el modelo.

3.3 Eventos meteoroldgicos en la zona de estudio
Mexicali, B.C., es una ciudad fronteriza localizada al extremo noroeste de México,
colinda al norte con el estado de California y al noreste con Arizona y Sonora. Durante
verano, promedia una temperatura maxima de 42 °C y maximas extremas de 45 °C; en
invierno, durante los meses de diciembre a febrero, se pueden registrar temperaturas
minimas promedio de 9 °C y minimas extremas de 2.5 °C (Urias et al., 2021). Es posible
alcanzar una GHI méaxima de 1200 W/m? en verano y 600 W/m? algunos dias de
invierno. Uno de los principales eventos meteoroldgicos que afectan a la region
desértica del noroeste del pais durante el invierno y generan intermitencia a corto plazo
en la GHI, son los frentes frios (FF). Cuando dos masas de aire, una fria y otra célida,
chocan entre si, la masa de aire frio desplaza a la de aire célido y la superficie que
separa una de otra se denomina Afrente fr2oo
FF, genera intensos desplazamientos verticales en la atmoésfera, el aire forzado a
ascender es enfriado adiabaticamente y como el ascenso del aire célido es rapido y
abrupto, no sélo hay formacion de nubes bajas y medias sino también de grandes nubes
de desarrollo convectivo, asociadas a tormentas, niebla o intensa lluvia, en periodos
cortos. Los FF que se registran en el pais, tienen origen cerca del polo norte, cruzan
parte de la costa oeste de los E.U.A. y llegan al norte de México. Son por lo regular
sistemas con duracién de tres a siete dias, usualmente generan lluvia moderada,
favorecen la disminucion de las temperaturas y el aumento de las velocidades del
viento, su influencia también favorece la formacién de nublados parciales, lo cual genera
una gran variabilidad de la GHI que llega a superficie. Su ocurrencia va de septiembre
a mayo Yy la mayoria acontece en temporada invernal. Por cumplir con las caracteristicas
de duracién y variabilidad que genera la influencia de un caso tipico de invierno en la
region, se seleccioné como caso de estudio un evento frontal que afecté a la zona
noroeste de México durante enero del 2017; periodo del cual se cuenta con registros de
informacion meteoroldgica medida en superficie.

3.4 Metodologia

3.4.1 Datos iniciales y observaciones

Para las condiciones iniciales del modelo WRF se utilizaron los datos de Analisis Global
Operacional Final (FNL, por sus siglas en inglés) del Centro Nacional de Prediccion y
Medio Ambiente (NCEP, por sus siglas en inglés), tienen una resolucion espacial de 1°x
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1° y una resolucion temporal de 6 horas, 26 niveles en la vertical y una cobertura global.
Con la finalidad de realizar una comparacioén visual y estadistica de las salidas
obtenidas del modelo WRF, se utilizaron datos observados en superficie por estaciones
meteorolégicas automaticas modelo Davis Vantage Pro2 y un pirandmetro
Kipp&Zonnen CMP-10, instalados en el Instituto de Ingenieria UABC-Mexicali. Para
contrastar los resultados de las simulaciones, también fueron recabados los datos
horarios correspondientes en la base de informacion climatica POWER de NASA y se
afadi - una comparaci-n de control con |
cual consiste en mantener los mismos valores medidos en un dia, para las proximas 24
horas, es decir, prescindir de una prediccion y esperar que las condiciones del dia
anterior se repitan.

3.4.2 Dominios y configuracion del experimento

Se utilizaron tres dominios, un dominio madre (D01) y dos anidados o interiores (D02
y D03), como se detalla la figura 3.2. En estos dominios se mantuvo una relacién en la
resolucién de 3:1, con la resolucién mayor en el D03, centrada en el sitio de estudio.
Los dominios fueron dimensionados de esta manera para poder captar la ocurrencia y
el progresivo desplazamiento de los fendmenos de mesoescala que se desarrollan
cerca de la costa al noroeste e ingresan por el oeste de la region.

El experimento comprendid un periodo de simulaciéon de 120 horas (FF0:17/01/2017-
21/01/2017). Las simulaciones se realizaron con el modelo WRF version 4.3
(Skamarock et al., 2008) y se aplicaron 4 opciones distintas de configuracion (Tabla
3.1). El enfoque de este trabajo hacia la mejora de la prediccion de GHI, propuso variar
principalmente las parametrizaciones de radiacién en cuatro combinaciones de SW y
LW, mientras que el resto de las parametrizaciones como Microfisica, Superficie y
Cumulus sélo sufrieron cambios necesarios debido a la compatibilidad de las opciones
entre si. Los resultados fueron extraidos del dominio de mayor resolucion (D03), de
acuerdo a las coordenadas de la estacién meteorologica de donde se obtuvieron las
mediciones.

™

‘ 3 dominios

|| DO1: 21 x 21 km

‘ D02: 7x 7 km

‘ D03: 2.3 x 2.3 km

125" 120w 1ns"w 1e'w 15

Figura 3.2 Dominios de las simulaciones del area de estudio. (Elaboracion propia)
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Tabla 3.1 Opciones de configuracion utilizadas en las simulaciones del FFO.

Parametrizacion op0 opl op2 op3
Radiacion
SWI/LW RRTMG/RRTM FLG/FLG Dudiah/RRTM N Godard/N Godard
Microfisica WSM6 Thompson WREF single Godard ICE
Superficie Monin Obukhov Monin Obukhov Monin Obukhov Monin Obukhov
Cumulus Kain Firtsch Kain Firtsch Kain Firtsch Kain Firtsch

©)

(6)

Para la evaluacion de los resultados, se calcularon los errores estadisticos entre los
datos simulados y los medidos de GHI, Tamb y Hrel, se utilizaron el Error Absoluto
Medio (Mean Absolute Error, MAE), que representa la medida de la cercania entre los
valores medidos y estimados en términos de valor absoluto (Ec. 5), y el Porcentaje de
Sesgo (Pbias%), que representa una medida de la tendencia media de los valores
simulados a ser mayores 0 menores gue los observados (Ec.6). También se utilizaron
diagramas de Taylor; estos muestran un resumen estadistico de cdmo los resultados
de un modelo, coinciden en términos de dispersion (desviacion estandar) y correlacion
(coeficiente de correlacién de Pearson) entre si. El diagrama compara entre valores
modelados y observados. Los valores de referencia normalizados para GHI, Tamb y
Hrel, corresponden a los valores medidos y se ubican en la parte central inferior del
diagrama.

WA 0 ARDI QisL GQD
0

OQI O QARGRGI QI VLHQAG
B Ofol Q1 VOQK

I B
0 WP p TMFE

3.5 Discusion de resultados

Los principales resultados en términos de la comparacién de los errores de prediccion,
se discutieron mediante los estadisticos MAE y Pbias% (Tabla 3.2). Los valores de MAE
menores en la Tamb fueron simulados en la opt2 con un valor de 1.2 °C, similar al valor
mostrado por el pronéstico de persistencia; la optO y los valores de NASA, fueron las
opciones que presentaron un mayor error. Respecto a los valores simulados de Hrel,
las opciones del modelo obtuvieron mejores resultados por encima de NASA vy el
prondstico de persistencia, con apenas un delta de variacion del MAE de 1.3% entre
estas. Finalmente, la GHI mostré los valores menores de MAE en la Opt2 (32.2 W/m?)
y NASA (21.5 W/m?). A diferencia del MAE, los valores del Pbias% pueden ser
comparados entre variables distintas mediante un porcentaje que indica la
sobreestimaciéon o subestimacion de los valores, sin embargo, es necesario considerar
la magnitud de las variaciones diarias y el comportamiento nocturno de la GHI. Los
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valores de Pbias% muestra que los porcentajes menores correspondieron al prondstico
de persistencia (-1.2%), seguido por NASA (4.3%). De las opciones de configuracion
propuestas, la opt2 mostro los valores mas favorables de Pbias% con un 14.6% en GHI,
mientras que la optl obtuvo el mayor porcentaje de sesgo con 32.3%. También en la
opt2, las variables Tamb y Hrel tuvieron una buena estimacién con valores bajos de
1.6% y -2.9% respectivamente. Por ultimo, es importante destacar que los datos NASA
cometieron los mayores errores en ambos estadisticos para Tamb y Hrel.

Tabla 3.2 Resultados del MAE y Pbias% para cada opcidn de configuracion de la simulacion

del FFO comparadas con los datos medidos.
| Persistencial opt0 | optl | opt2 | opt3 | NASA

MAE
T ambiente °C 1.2 1.7 1.4 1.2 1.3 2.4
H relativa % 13.9 11.4 12.3 11.7 11.0 15.8
GHI W/m?2 53.0 45.1 454 32.2 46.2 215
Pbias %
T ambiente °C -0.7 10.0 7.3 1.6 6.1 -11.9
H relativa % 0.4 -13.8 -11.5 -2.9 -11.7 26.2
GHI W/m?2 -1.2 24.4 32.3 14.6 24.1 4.3

Los resultados de los valores simulados por las opciones de configuracion, también
fueron calificados graficamente en términos de los valores del coeficiente de correlacion
de Pearson y la desviacion estandar con un diagrama de Taylor (Figura 3.3); una de las
predicciones con mayor similitud a los datos medidos, fue NASA en la variable GHI,
seguido muy cerca por la configuracién opt2; el resto de las opciones de la misma
variable, se ubican muy cerca entre si con valores que rondan una correlacién de 0.92-
0.94. La variable Tamb, rondé los valores de correlacion 0.85-0.89 en las opciones de
configuracion, mientras que la NASA mostro el valor mas bajo con 0.82. Finalmente, es
posible observar que las predicciones de Hrel tienen los valores mas bajos de
correlacion y mas alejados de los valores de referencia.
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Figura 3.3 Diagrama de Taylor de los resultados de GHI (amarillo), Tamb (rojo) y Hrel
(negro) para cada configuracion, datos medidos de NASA y el prondstico de

persistencia (persi).
3.6 Conclusiones

Las predicciones de las variables GHI, Tamb y Hrel realizadas por el modelo WRF bajo
4 opciones de parametrizacion, mostraron en su evaluacion, que son capaces de
simular el comportamiento de las condiciones atmosféricas ante el paso de un sistema
de invierno de mesoescala. En este trabajo, el objetivo principal se centré6 en mejorar
las predicciones de GHI, sin embargo, se analizaron las variables de Tamb y Hrel por
ser consideradas de gran variabilidad durante eventos de invierno, ademéas de la
busqueda de una posible correlacién entre la mejora de la prediccion de estas con
respecto a la GHI. Las predicciones que obtuvieron los errores menores, fueron las de
la variable Tamb; de igual manera se reflej6 una sobreestimacion en los valores del
Pbias%. Las predicciones de Hrel, mostraron valores diversos en los errores, sin
embargo, no rebasaron el 13% de sobreestimacidn en los casos menos favorables. Que
la variable Hrel haya respondido con valores bajos de correlacién y un porcentaje de
error relativamente alto, podria obedecer al comportamiento y la variabilidad natural de
las mediciones en sitio, un ejemplo es la humedad relativa, pues registra cambios
rapidos durante la llegada de una masa de aire frio y hUumedo. Se puede concluir para
la Hrel que el modelo no logré simular la magnitud de esta a lo largo de todo el periodo,
sin embargo, si fue capaz de simular la variabilidad que produjo la influencia del sistema
frontal.
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Las simulaciones de GHI, destacaron por su favorable representacion en la variabilidad
y magnitud del evento. Fue durante los periodos de ingreso del sistema frontal sobre la
region, cuando el modelo cometié algunos errores de sobreestimacion y falta de
sensibilidad a la rapida variabilidad generada por la nubosidad y humedad. Los datos
NASA, destacaron como una herramienta potencial para ajustar los valores de las
mediciones satelitales a futuros eventos frontales, pues como prondstico a futuro, no
son una herramienta con acceso a informacion actualizada en tiempo real.

La comparacién del prondstico de persistencia y las predicciones generadas, denotaron
la capacidad del modelo y sus configuraciones, para mejorar la prediccién del evento
simulado; sin embargo, en el caso de la GHI, el analisis de resultados no demostré de
manera clara el desempefio de las predicciones, debido a que en la evaluacion
estadistica fueron considerados los periodos nocturnos de GHI=0 W/m?, y que los
periodos de variabilidad debido a nublados intermitentes representaron menos del 20%
del total del periodo, por lo que en futuros ejercicios de simulacion, se propone que esta
variable sea evaluada excluyendo los periodos nocturnos. De manera generalizada y
basado en la observacion de los diagramas de Taylor y los estadisticos de error, se
puede concluir que la configuracién del modelo correspondiente a la opt2, tuvo el mejor
desempeiio en la prediccion de la variabilidad de un sistema frontal en la region
desértica. Este andlisis brinda una configuracion del modelo WRF que puede ser
utilizada como una herramienta de prediccion meteorologica operativa a corto plazo
para sistemas fotovoltaicos y redes mixtas, ante la influencia de sistemas invernales en
regiones desérticas. En investigaciones futuras, se propone que la configuracion opt2
sea probada bajo distintas opciones de parametrizaciones de capa limite planetaria, se
evalle su desempefio en otras regiones climaticas similares y se incremente la muestra
de eventos meteoroldgicos simulados.
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Anexo A (articulo 1)

Trends in Temperature Extremes in Selected Growing Cities of México
Under a Non-Stationary Climate

Revista:Atmosfera
34(3), 233254 (2021)
https://doi.org/10.20937/ATM.52784

México es un pais vulnerable a los eventos climaticos extremos, sin embargo, el impacto no es uniforme
en todas sus regiones, por lo que se analizan y modelan las temperaturas extremas de 12 ciudades de
México, bajo la sposicion de un clima nestacionario. A partir de la base climatolégica disponible de
temperaturas maximas y temperaturas minimas, se estimd su tendencia temporal con las pruebas no
paramétricas de Marikendall y el método de pendiente de Sen, y se utdiddistribuciéon Generalizada

de Valores Extremos (GEV), para modelar ambas temperaturas. Para evaluar la fortaleza de los modelos
propuestos con la incorporacion de una covariable, se utilizé la Prueba de Raz6n de Verosimilitud, y los
Criterios de Informeion de Akaike y de Bayes, y se estimaron los niveles de retorno para escenarios
temporales futuros. Se detecté una tendencia al calentamiento urbano, tanto con las pruebas no
paramétricas, como con la distribucién GEV, aunque con comportamiento heteragéiee serie de la
temperatura maxima, la mitad de las ciudades analizadas se messtacionaria, de las cuales, la ciudad

de Guadalajara, situada en el cemtcoidente del pais, presentd tendencia negativa. En el caso de las
temperaturas minimas sndencia fue mas uniforme, el 90% de las ciudades se mostragstanmnarias

con tendencia positiva, y solo un 10%, una zona urbana al oriente de la zona metropolitana del Valle de
México (Milpa Alta), y una ciudad costera del Golfo de México (Vemg¢rmostraron una serie
estacionaria. Se concluye que los periodos de retorno de extremos térmicos estimados en un clima
cambiante, varian temporalmente, por lo que la modelacién estadistica debe tomar en cuenta ese

comportamiento debido a su importancégvaloraciones de riesgos y propésitos de adaptacion.
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RESUMEN

Meéxico es un pais vulnerable 4 los eventos climiticos extremos: sin embargo, el mnpacto no es uniforme
en todo el territorio, por 1o que se analizan v modelan las temperaturas extremas de 12 ciudades de México
con la suposicion de que existe un clima no estacionano en todas las regiones del pais. A partir de la base
chmatologica disponible de temperaturas maximas y temperaturas minnmas, se estimo una tendencia temporal
con las pruebas no paramétricas de Mam-Kendall y el método de pendiente de Sen, y se wtilizo la distribu-
cion generalizada de valores extremos (GEV) para modelar ambas temperaturas. Para evaluar la fortaleza
de los modelos propuestos con la incorporacion de una covariable, se utilizaron tanto la prueba de razon de
verosimilitud como los criterios de mformacion de Akaike y de Bayes, y se estimaron los niveles de retorno
para escenarios temporales futuros. Se detectd una tendencia al calentamiento urbano, tanto con las pruebas
no paramétricas como con la distribucion GEV, aunque con comportamiento heterogénco. En la sene de
temperatura maxima, la mitad de las ciudades analizadas se mostré no estacionaria; de éstas, la ciundad de
Guadalajara, situada en el centro-occidente del pais, presentd tendencia negativa. En el caso de las temperaturas
minimas la tendencia fue mas uniforme: 90% de las ciudades se mostraron no estacionanas con tendencia
positiva y solo el 10% (una zona urbana al oriente de la zona metropolitana del Valle de Mexico [Milpa Alta]
y una ciudad costera del Golfo de México [Veracruz]) mostraron una serie estacionaria, Se concluye que
los periodos de retorno de extremos térmicos estimados en un clima cambiante varian temporalmente. por
1o que la modelacion estadistica debe tomar en cuenta ese comportamiento en razoén de su importancia para
valoraciones de riesgos v propositos de adaptacion.

ABSTRACT

Mexico 15 vulnerable to extreme climatic events; however, their impact is not uniform in all the country. This
study presents an analysis of extreme temperatures in 12 Mexican citics, modeled under the assumption of a
non-stationary chimate. Temporal trends were estimated from an avalable climatological base of maximum
and minimum temperamres with the non-parametric tests of Mann-Kendall and Sen’s slope method, and a
generalized extreme value (GEV) distribution was used to model both temperatures. A likelihood ratio test
and Akaike and Bayesian information criteria were used to evaluate the optimal model choice with mncorpo-
ration of a covariate. Using the best model, retum levels and confidence intervals for future scenarios were
estimated. A trend towards urban warnung was detected from both the non-parametric tests and the GEV
distribution, although with heterogeneous behavior. In the series of the maxinnun temperatures, half of the
cities analyzed were non-stationary, and of those, the city of Guadalajara, located m the center-west of the
country had a negative trend. The trend for minmmum temperatures was more uniform, as 90% of the cities
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were non-stationary with a positive trend, and only 10%, in an urban area to the east of the metropolitan area
of the Valley of Mexico (Milpa Alta) and a coastal city of the Gulf of Mexico (Veracruz), showed stationary
series. It is therefore concluded that return periods of thermal extremes estimated in a changing climate
temporanly showed a significant variation. so statistical modelmg must consider this behavior due to its
importance for nisk assessments and adaptation purposes.

Keywords: extreme temperatures, non-stationary climate, generalized extreme value distnbution, retumn

periods, cities of Mexico.

1. Introduction

Extreme climate events (ECE) must be periodically
monitored and analyzed in detail, due to their role
as high impact agents on society, environment, and
ecosystems. An exireme climatic or meteorological
event refers to the occurrence of a climatic or mete-
orological vanable which value is above or below a
threshold that is close to the upper (or lower) lumits
of the range of observed values of the variable
(Senevirame et al., 2012). ECE are important because
of their impacts, but they are difficult to quantify sta-
tistically. as they are infrequent and occur at multiple
scales (Palmer and Réisdnen, 2002). The definitions
of “rare” vary. but an ECE would nonmally be as rare
as, or rarer than. the 10th or 90th percentile of the
observed probability density function.

It is likely that different ECE affect specific re-
gions and increases in their frequency and intensity
have been detected i several regions of the world
(Brown et al,, 2008; Almazroui et al., 2014; Chen et
al., 2015; Wypychetal., 2017: Caloiero, 2017), It is
expected that these ECE will intensify in the future
in response to global climate changes caused by the
emission of greenhouse gases (Beniston et al., 2007,
Gao et al., 2012: Lau and Nath. 2012: Easterling et
al., 2016; Grotjahn etal., 2016; Schoof and Robeson,
2016).

There are basically two fundamental approaches
1o study ECE: global circulanon models (GCMs),
and statistical models using the extreme value theory
(EVT). Contemporary GCMs, such as those used
for the 5th Coupled Model Intercomparison Project
(Taylor et al., 2012) are a key component of regional
climate change projections, but their limited spatial
resolution reduces their utility in estimating local or
regional extremes without substantial post-process-
ing (Schoof and Robeson. 2016). On the other hand,
the central issue of EVT is the modeling of extreme
events, and the main purpose of this theory is to

provide asymptotic models for the distribution tails
(Furié and Menen, 2011). Therefore, EVT aims at
deriving a probability distribution of events at the far
end of the upper or lower ranges of the probability
distributions (Coles, 2001): its main advantage is
that 1t allows for estimating and analyzmg the prob-
ability of occurrence of events that are outside of the
observed data range (Raggad, 2018),

For these reasons, EVT is the approach that has
been chosen in this research due to its wide appli-
cability in different fields that are related to extreme
weather and climate events and their impact: ecology
(Moritz, 1997, Meehl et al., 2000; Dixonet al., 2005,
Katzet al., 2005; Jentsch et al.. 2007; Burgman etal.,
2012): extreme temperatures and heat waves (Meehl
and Tebaldi, 2004; Della-Marta et al., 2007: Parey et
al., 2007; Garcia-Cueto et al., 2010; Waylen et al.,
2012: Tanarhte etal., 2015; Lin et al., 2015; Shen et
al., 2016). extreme rainfall (Katz et al., 2002: Kout-
soyiannis, 2004; Friederichs, 2010: Papalexiou and
Koutsoyiannis, 2013; Kim et al., 2015 Boucefiane
and Meddi. 2019): and damages to the communities
that affect agroecosystems through changes in soil
moisture and evapotranspiration rates (Miralles et al..
2014; Whan et al,, 2015; Guan et al., 2015; Hatfield
and Prueger, 2015).

Changes in extremes of temperature and precipi-
tation have been evaluated in different regions of the
world. However, until the Fourth Assessment Report
of the Intergovernmental Panel on Climate Change
(Trenberth et al., 2007), the cities had been treated
as “noise-generating” entities i globally studied cli-
matic signals. In the Fifth Assessment Report of the
Intergovernmental Panel on Climate Change (IPCC,
2013), a special chapter was dedicated to the subject
of cities, and their role in climate change. This is
not surprising, as although cities are very important
contributors to social and economic well-being,
they require an uninterrupted source of energy for
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all their activities. Cities consume approximately
75% of global pnimary energy and emit between 50-
60% of the greenhouse gases (GHG) on the planet
(Rosenzweig et al., 2011). This figure can be raised
to 80% when indirect emissions generated by inhab-
itants of the cities are included (UN-Habitat, 2011;
Kraussmann et al., 2017). Thus. cities promote global
warming. and contribute to an increase in average
surface temperature at the planetary level.

In addition to the global effects of GHG, the
worldwide upward trend of urban growth must be
considered, both in population and in its areal ex-
tension, This growth has generated environmental
problems, not only air pollution and solid waste,
but also those concerning a different environmental
product. such as the genesis of an urban climate. In
particular, the main connotation of urban climate is
the formation of an urban heat island, which in tam
requires additional water and energy to maintain thes-
mal comfort through air-conditioned spaces (Coutts
etal, 2012: Wang etal,, 2016: de Munck et al., 2018,
Skelhomn et al.. 2018). Thus, cities that are already
particularly vulnerable to ECE caused by global
climate change must now also consider the effects
caused by local climate change. Therefore, it can be
inferred that becaunse a city is the geographical space
that brings together a majority of the population and
provision of services, it will be where the greatest
vulnerabilities associated with the impacts of climate
change manifest themselves (UN-Habitat, 2011).

In Mexico approximately three out of four people
(72.3%) live in cities according to Fundacion Cen-
tro de Investigacion y Documentacién de la Casa
and Sociedad Hipotecaria Federal (CIDOC-SHF,
2011), This percentage is expected to increase in
the mediwm term, as according to projections of the
National Population Council the munber of people
in 384 localities of the National Urban System will
increase by 16.6 million (from 82.6 million in 2010
10 99.3 million in 2030) as a result of an annual av-
erage growthrate of 0.92% (Hemindez etal.. 2014).
The urban proportion of the national population will
increase to 77.9% (18.1 million new urban inhab-
itants). This trend of the geographic dynamics of
cities is inequitable with low levels of quality of life
and urban sustainability, and not all cities have the
same development potential. Thus, the challenges in
facing climatic risks such as heat waves and floods

will be massive if quantitative scientific studies are
not carried out.

Very little research has been conducted in Mexico
on extreme climate values in urban environments
(Magafia et al. 2003, 2012; Cavazos and Rivas, 2004:
Rios-Alejandro, 2011; Garcia-Cueto et al., 2013,
2014. 2018, Martinez-Austria and Bandala, 2017).
This can be explained by a limited access to mea-
sured climate data, limitations in the geographical
coverage of the networks of stations, and interrup-
tions in climate series due to missing data. In view
of this and given the quantitative uncertainty of the
climate extremes mentioned at the urban level and
their great importance for the assessment ofrisks and
adaptation proposals, this study selects some cities
in Mexico with important increases in population
and in areal extension, which have recently been
affectated by ECE.

Thus, this study has three main objectives: (a) to
detect thermal behavior in some growmg cities of
Mexico, (b) to model extreme temperatures through
the EVT. and (c) to make projections of return lev-
els for extreme temperatures in a future changing
climate.

This paper is orgamzed as follows: section 2 pres-
ents the climatology of extreme values in Mexico:
section 3 presents the study area and the climate data.
and section 4 provides a theoretical outline of the
methodology. The results and discussion are present-
ed i section 5. In section 6, conclusions are drawn.

2. Climatology of extreme temperature values of
Mexico

Figures 1 and 2 show the 10th and 90th percentiles of
minimum and maximum temperatures, respectively
(Cavazos et al., 2013), for the period 1961-2000; the
methodology used in these figures is described in
Colorado-Ruiz et al. (2018). According to extreme
climate indices derived from reliability ensemble av-
eraging (REA) (Fig. 1). the coldest winters and their
10th percentile (P10) during the winter months of De-
cember, January, and February (DJF) for Mexico are
characterized by mintmum temperatures below 0 °C
in the highlands of the Sierra Madre Occidental and
the Mexican High Plateau, and between 0 and 5 °C
in much of northern Mexico. Figure 2 shows that the
extreme values of the 90th percentile (P90) of the
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Fig. 1. Thresholds of P10 of mininmun temperature for wmn-
ter, obtained with the ensemble of the Reliability Ensemble
Averaging (REA) for 1961-2000 (Cavazos ef al., 2013).
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Fig. 2. Thresholds of P90 of maximum temperature for
summer, obtained with the ensemble of the Reliability
Ensemble Averaging (REA) for 1961-2000 (Cavazos et
al., 2013).

maximun temperatures during the summer months of
June, July, and August (JJA) expand the area covered
by the isothenns of 25 and 40 °C to a narrower strip in
the border region. This region of semiarid climate is
the most extreme in Mexico; therefore, it is the most
susceprible to negative impacts caused by increases
in temperatre.

The projected climate changes at a national level
(Cavazos et al.. 2013) agree with those obtained
globally (Alexander et al., 2006; Caesaretal , 2011;
Song et al., 2014). Regarding those related to the
mcrease in the frequency of heat days, hearwaves and
variability in precipitation will exacerbate problems
related to natural and human systems (Ummenhofer
and Meehl, 2017), If we analyze the 10th and 90th
percentiles of extreme femperatures at the national
level. there is a notable lack of reliable and timely

information at the regional and urban levels for risk
assessment, which justifies the study carried out
herein.

3. Data and study area

A digital histonical collection of daily temperature
data for several cities in Mexico was possible using
mformation from climatological stations operated
by the Servicio Meteorolégico Nacional (SMN, Na-
tional Weather Service). Unfortunately. the selection
of urban areas of interest faced some limitations, as
not all climate stations have the same record length,
and none had a strict data quality control. Based on
a previous analysis of the growth of some cities in
Mexico and the occurrence of climatic events that
have affected them in important ways, 21 cities were
selected in the first instance. However. an analysis of
the quality of climate information limited the study to
only 12 cities. These cities are heterogeneously dis-
tributed in the country because, as mentioned above,
they were selected for their population growth and
urban development. Data quality control was carried
out for the daily information for each city, consisting
of the following synthetic process.

The SMN database from the Climate Computing
Project (CLICOM) was extracted in the .csv format.
using Matlab and RClimdex software. The climatic
information was explored, and quality control was
performed for the onginal database. The daily me-
teorological values of naximum temperature (TXX)
and mmimum temperature (TNN) were selected
with a computation routine; at the same time, a
continuity of the time series was sought by adding
missing dates and values, if possible, and adding
a —99.99 label for missing data. Subsequently, the
database was imported into the RClimdex program
(Zhang and Yang, 2004), ensunng the mtemal and
temporal consistency of the daily climatological
information. This quality control validated the
following: (1) internal coherence, by verifying
that the maximumn femperanure was always greater
than the minimum temperature: (2) identification of
atypical values and changes in the seasonal cycle
or variability of the data through visual inspection
of the time series of TXX and TNN, and (3) identi-
fication of values located more than four standard
deviations (a) from the mean as outliers and possible
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errors. Finally, outliers were verified individually to
determine if they had been caused by an atypical
event or if the measurement was incorrect and had
to be discarded.

Temporal homogeneity of the data was theneval-
nated using the RHtest V3 software (Wang and Feng,
2010) to identify abrupt jumps or change-points. This
homogeneity test is based on a two-phase regression
model with a linear trend for the entire series, applied
1o selected series for each of the cities.

The final selection included the following
cities and/or intra-urban regions for the detailed
analysis of extreme temperatures: Aguascalien-
tes. Mexicali, Tijuana, Tuxtla Gutiérrez, Mexico
City (with analysis of the climatological sta-
tions of Ursula Coapa, Gran Canal, and Milpa
Alta), Leon. Guadalajara. Monterrey. Puebla,
Tlaxcala. Veracruz and the metropolitan area of
the Valley of Mexico, including the urban ar-
eas of Toluca, Aculco and Chapingo (Table I).
Their locations are presented in Figure 3 and. as
can be seen, the analysis includes cities distributed
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in central Mexico (18-25° N latitude), a city in
southeastern Mexico (Tuxtla Gutiérrez), another
mnortheastern Mexico (Monterrey), and twomore in
northwestern Mexico (Tijuana and Mexicali).
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Fig. 3. Locations of intra-urban cities or regions according
1o Table 1.

Table L. City or urban region, climatological station number, elevation, period of useful data,
historical values of extreme maximum temperature, and extreme mininum temperature.

ID City or urban region Climatological Elevation Period TXX TNN

station number®  (masl) (°C) (°C)
| Aguascalientes 01030 1889 1950-2015 400 -6.0
2 Mexicali 02033 4 1950-2012 520 -7.0
3 Thijuana 02038 120 1950-2012 450 0.0
4 Tuxtla Gutiémez 07165 570 1980-2010 420 7.1
5 Ursula Coapa, CDMX 09014 2256 1971-2013 345 -3.0
6  Gran Canal, CDMX 09029 2239 1952-2008 385 -75
7 Milpa Alta, CDMX 09032 2420 1963-2012 340 -2.5
8 Ledn 11095 1828 1959-2014 395 =25
9 Guadalajara 14066 1550 1957-2013 470 -1.5
10  Aculco, ZMVM 15002 24%) 1970-2011 320 -5.0
11 Toluca, ZMVM 15126 2726 19742009 336 ~100
12 Chapingo, ZMVM 15170 2250 1954-2010 373 -8.5
13 Monterrey 19049 495 1949-2009 480 -7.5
14 Puebla 21035 2122 1955-2013  36.5 ~6.0
15 Tlaxcala 29030 2230 1969-2013 392 -74
16 Veracruz 30192 16 1930-2014 427 7.9

*Climatological station number refers to the key that the National Weather Service (SMN) of

Mexico manages in its files.

TXX: extreme maximum temperature; TNN: extreme mmumum temperature; CDMX: Mexico
City; ZMVM: metropolitan area of the Valley of Mexico.
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Our study focused on ECE using a parametric
non-stationary generalized extreme value (GEV)
distribution model, which tacitly assumes that
extreme events are changing over time as climate
changes. Instead of the climate change indices used in
Garcia-Cueto et al. (2018), the current study directly
applies extreme temperature values. In addition. the
non-stationary GEV model 1s applied to investigate
how the return levels of extreme temperatures might
change in the future.

It1s worth mentioning that for the city of Mexicali,
due to the importance of extreme temperatures for
human comfort and energy consumption for use m
air conditioning, other studies have been carried out
(Garcia-Cueto et al., 2010, 2013). Unlike current re-
search, in Garcia-Cueto et al. (2010) warm days were
modeled with the GEV and the maximum tempera-
ture was included as a covariate, without performing
a temporal trend analysis of extreme temperatures,
Their difference with respect to Garcia-Cueto et al.
(2013) 1s that the trends of extreme temperaures
and their return periods are updated with a method-
ological process that requires a re-parameterization
of the GEV model, which gives greater reliability in
its estimation.

4. Methodology

In this section we present the techmques used for
trend analysis and a brief review of the GEV dis-
tribution, to provide a basis for the modeling of ex-
treme temperanure events, As described in section 1,
the GEV distribution is used to model extremes i
atmospheric science and in many other scientific
fields. Using the trends of annual temperature series,
we descrnibe the non-stationary models, the cniteria
for deciding which GEV model to use, the estimation
of the parameters of the GEV distribution, and the
return levels.

4.1 Trend analysis

The detections of monotonic trends of mcrease or
decrease in TXX and TNN in a time series were
analyzed using the Mann-Kendall non-parametric
test (Mann, 1945, Kendall, 1975) and Sen’s method
for slope estimates (Sen, 1968). The Mann-Kendall
test 1s based on ranges and has been found to be
an excellent tool for detecting trends in climatic

applications (Burn and Hag Elmur, 2002; Mugume
et al., 2016). One of the advantages of this test is
that the data does not need to be adjusted to any
distribution. The second advantage of this test is its
low sensitivity to sudden breaks owing to non-homo-
geneous time senes, extreme values (outliers), and
non-linear trends (Helsel and Hirsch. 1992: Tabari et
al., 2011). Given its robusmess, the Mann-Kendall
test has become very popular in evaluating trends in
environmental data and allows adequate compari-
sons across regions (Fengjin and Lianchun, 2011;
Qiang et al., 2011; Wang et al., 2013: Dumitrescu et
al., 2015: Ongoma et al., 2016). Sen’s method uses
a linear model to estimate the slope of a trend. and
the vanance of the residuals must be constant over
time (Salmi et al,, 2002). Many studies (Taxak et
al.. 2014; Caloiero, 2017: Garcia-Cueto et al., 2018:
Raggad, 2018, among others) have described these
methods explicitly.

4.2 Generalized extreme values (GEV) stationary
distribution
The general framework of this study is a statistical
EVT. The EVT aims to characterize rare events by
describing the tails of the underlying distnbution. The
EVT concerns the asyiptotic stochastic behavior of
the extreme order statistics of a random sample. such as
the maximum and minimum values of identically dis-
tributed independent random variables (Coles, 2001).

The Fisher-Tippett theorem (1928) states that if
the distribution of the normalized maximum of a
sequence of random vanables converges, it always
converges to the GEV distmbution, independently of
the underlying distribution. In this regard, let X7, ...,
X, be a sequence of identically distributed indepen-
dent random variables with a comumon distribution
function £ the maximun sample. M, with » being
the size of the block, is defined as M, = max {.X;.
Xo, ... AL} X usually represents the maximum (or
mininun) values measured on a regular time scale or
blocks of time, s0 M, represents the extreme values of
the process in n units of observation time. The blocks
of data in this study are sequences of observations
having the length of a year. i.e., the approach uses
the maximum and minimum values per annual blocks
of temperature,

For these data, the distributions of M, according
to the EVT can be modelled as blocks of identically
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distributed extreme values with a GEV distribution
as defined by Eq. (1), with a cumulative distribution
function with three parameters given by (Coles,
2001):

G (z 4,0, =exp [~ {1 + =z~ p)a} '] M

This distribution is defined on the set {=: 1 +&(=-
)a>0}. Here, uis the location parameter (—o0 < u <
w), 7 is the scale parameter (o > 0), and £ is the shape
parameter (—oo < < o0) that determines the nature of
the behavior of the tail of the maximum distribution.
The justification for the GEV distribution anses from
an asymptotic argument,

The GEV distribution combines the three possible
limiting distributions on extreme values in sample
data in a single expression. It is a family of continuous
probability distibutions developed to combine the
three distributions of extreme values: Gumbel (E=0).
Fréchet (S > 0), and Weibull (£ < 0), or distributions of
extreme values types I, IT, and III, respectively. Each
of the three types of distributions has distinct forms
ofbehaviorin the tail. The Weibull is bounded above,
meaning that there is a finite value which the maxi-
mum cannot exceed. The Gumbel distribution yields
a lighr rail, meaning that although the maximum
can take on infinitely high values, the probability of
obtaining such levels becomes exponentially small.
The Fréchet distribution has a heavy tail and decays
polynomially, so that higher values of the maximum
are obtained with greater probability, as would be the
case with a lighter tail (Gilleland and Karz, 2006).
The flexibility of the GEV in describing all three
types of tail behavior in a single family greatly sim-
plifies the statistical implementation.

4.3 GEV non-stationary distribution

As we will see later, the extreme temperatures in
several cities being analyzed show temporal trends,
so the assumption of an independently distributed
and identically distributed series of data with constant
properties over time (stationary) needs to be modified
to consider the effects of long-term climate change. In
fact, there is increasing evidence that extreine series,
whether thermal or hydroclimatic, are not stationary.
due to natural climatic variability or anthropogenic
climate change (Jain and Lall, 2001; Milly et al,,
2008). Modeling of the non-stationarity within the

GEV distribution scheme requires improved mod-
els, in which model parameters are expressed as a
function of time, and possibly with the incorporation
of other covanates (El Adlouni et al., 2007; Leclerc
and Ouarda, 2007 Panagoulia et al., 2013; Parey et
al., 2018).

We incorporate the non-stationarity by allowing
the location parameter (¢) of the GEV distribution
to be time dependent (Renardt et al., 2013). Using
the notation (x, @, ) to denote a GEV distribution
with parameters u. ¢. <, a suitable model for extreme
temperatures in year . Z,. could be as presented in
Eq. (2) (Furio and Menen, 2011):

Z,= GEV [u(1), o.<) (2)

where s (1) = ptg + gy (r) for parameters g and ze;. In
this way. temporal variations in the observed process
are modeled as a linear trend for the location param-
eter of the extreme value model, which in this case is
the GEV distribution. The parameter jg corresponds
to the value of i when ¢ is the initial time, whereas
the parameter x, comresponds to the anmual rate of
change in annual extreme temperatures.

4.4 Paramerter estimation

Many techniques have been proposed for the esti-
mation of parameters in extreme value models. The
maximum likelihood method is a general and flexible
estimation method for the unknown parameters y,
o.and £ within a family F. This technique estimates
the parameters to give maximum probability to the
observed values. In addition, the method allows
for the inclusion of covariates such as time into the
model (Katz et al., 2005). This approach is partic-
ularly attractive, due to its adaptability to complex
constructions of models in techniques based on plau-
sibility (Coles, 2001). It should be mentioned that this
estimation technique has an inherent difficulty. in that
the maximum likelihood estimators must be within
certain limits, so that the conditions of regularity
required by the asymptotic properties are valid. That
15, if &> 0.5, the obtained parameter estimators are
regular in the sense of having the usual asymptotic
properties; when —1 < & < —0.5, the estimators can
generally be obtained. but do not have standard as-
ymptotic properties; and when $ <1, the estimators
are unlikely to be obtained (Smith, 2001).
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The maximum likelihood method was chosen
in this study to estimate the parameters, mainly
because: (a) the data sample for each climate station
is sufficiently large (with the exception of Tuxtla
Gutiérrez and Toluca, all ofthe other clunate stations
have series larger than 40 years), and accordingly
it is comparable in performance to other methods;
(b) it allows for the easy incorporation of covariate
information (non-stationary distributions, which, as
we will see, are frequently presented in this study),
and (c) it is easier to obtain error lunits than in most
alternative methods. Eq. (1)assumes that the data are
maximum or mimmum annual blocks. The estima-
tion of u, ¢, and ¢ 1s performed using the maximum
likelihood function for the mdependent maxima of
annual blocks =y, ..., =, according to Eq. (3):

dGiz, . a, &
Ly, o ) = [T (d—lj"ﬂ (3)

4.5 Retwrn levels

When considering the extreme values of a random
variable, the interest lies in determining the level of
return of an extreme event, which is defined as a certain
value z;. In that regard, p 1s the probability that the =
value is exceeded in a year or, altematively, the level
that is expected to be exceeded on average once every
L/p years (1/p1s often referred to as the return period).
In the terminology of extreme values, =, is the level of
return associated with the retwrn period 1/p (Cooley et
al., 2007), and basically refers to the average waiting
time until the = level 1s exceeded again.

The retum level is obtained from the GEV distri-
bution by the cumulative distribution function, which
is equal to the desired probability/quantile ratio, 1-p.
Estimates of the retum levels for the distribution of
maximum or minimum annual values can be obtained
with Eq. (4), by obtaining estimators of their param-
eters by the maximum likelihood method:

Ve RS A B

K4 0
S (4)
n—alogy, for =0

~
<
where p = —log (1 — p). In addition. by the delta
method (Eq. [5]):

Var(z,) = V2] Vs, (5)

where ¥ is the variance-covariance matrix of (u, o.
£). and with Eq. (6):

&, oz, &2
% o Pl s St 6
V% =\3 " %a a,] ©)

The above is evaluated in (1, , §). Caution should
be exercised in interpreting inferences of return levels,
especially for long periods of return; thisis because the
normal approximation to the distnbution of the maxi-
mum likelihood estimator may be poor, and generally
better approximations are obtained with the likelihood
profile function. This methodology can be applied
when it 1s required to make an inference regarding
some combination of parameters. We can obtain con-
fidence intervals for any =, retum level. This requires
a reparameterization of the GEV model, so that = is
one of the parameters of the model. the log-likelihood
profile is obtained by maximization with respect to the
remaining parameters in the usual way (Coles, 2001)
and is obtained by means of Eq. (7):

H=2z +% [1-4-log (I ~PH ] Y

In this way, the GEV model 1s expressed in terms
of the parameters (=, 4, $). For the choice of the GEV
model and to evaluate the strength of the evidence of
more complex models (stationary or non-stationary),
the criteria of the likelihood ratio test were applied,
along with those of Akaike and Bayes.

4.6 Likelihood ratio test

By including more parameters in the model, the max-
imized likelihood function will necessarily increase
(Coles. 2001), and this method confirms whether
the improvement is statistically significant. The test
compares two nested models, and thus one model,
a base model, must be contained in another model
with more parameters.

Formally. the likelithood ratio test (LRT) says that
if you have two models, one called Mg which is the
simplest model adjusted to the extreme data set, and
another called M; to which a covanate has been added
to improve the behavior of the same extreme data,
then a proof of the validity of the model M relative
to the model M, at the level of significance « is to
reject My in favor of M ift
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D =241, (M) -1, (M)} >c. 8)

where ¢, is the quantile of the distribution. In Eq.
(8)./; (M) is the maximized likelihood logarithm for
the M, model, and /5 (My) the maximized likelihood
loganthm for the My model.

4.7 Akaike and Baves information critevia
Altematives to the LRT for comparing the relative
quality of a statistical model include the Akaike in-
formation criterion (AIC) and the Bayes information
criterion (BIC), which were also used in the selection
of the best model for adjustment. None of these cri-
tena require a nested model as in the LRT. The AIC
is defined according to Eq. (9):

AIC (p) = 2n, -2/ (9)

where n,, is the number of parameters in a model of
order p. and /is its maximized value of log-likelihood
(Thiombiano et al., 2017). The best model is the one
with the smallest AIC value (Katz, 2013; Mondal and
Mujumdar, 2015). Sunilarly, for the adjustment of a
model of order p to data with a sample size of n. the
BIC is determined with Eq. (10):
BIC (p) = n, (In an) - 2/ (10)

Both the AIC and BIC attempt to counteract the
problem of over adjusting a model by adding more
parameters, through the incorporation of a penalty
based on the number of parameters (Panagoulia et
al.. 2013). The BIC is more parsimonious than the
AIC. Among the candidate models, the model with
the lowest AIC/BIC ratio is preferred.

Given that the database for each city appears to
be sufficiently large (n > 30 years), the maximum
likelithood method is confirmed for the estimation
of the three parameters of the GEV distribution.
This is basically because the method easily incor-
porates covariable information into the estimates
of the parameters. Besides, it has a series of at-
tractive properties and it seems to be more suitable
for situations in which climate change within the
sample analyzed cannot be ignored (Kharin and
Zwiers, 2005).

The modeling was supported by the free software
R and the in2extRemes package that is designed to be

used in the analysis of extreme weather and climate
events (Gilleland and Katz, 2005, 2013).

5. Results and discussion

In this section we present and analyze the results of
the parametric approach based on the GEV distribu-
tion for modeling the maximum annual value of the
TXX and TNN for each of the selected urban areas in
Mexico. The data series are analyzed in each climato-
logical station, the use of stationary and non-station-
ary models is evaluated, and a statistical evaluation
of the changes in TXX and TNN is presented.

We modeled the data series through the GEV
distribution of three parameters, using stationary and
non-stationary models for periods that varied from
83 vears (Veracruz) to 31 years (Tuxila Gutiérrez);
the other cities had intermediate periods (Table I).
The mclusion of non-stationarity is plausible for our
modeling approach, as can be visualized for many
locarions. As an example, time series of TXX (Figs.
4, 6. 8, and 10) and TNN (Figs. 5. 7, 9, and 11)
are shown for four of the 12 wrban areas (Tijuana,
Guadalajara, Toluca, and Puebla), with a trend line
using Sen’s slope estimator. The graphs for several
cities show a clear trend in the maximum and mini-
mum annual data. The graphical analysis and results
of the Mann-Kendall trend test justify the use of
non-stationary GEV models over time as a covariate.
The trends shown are statistically significant with a
p-value < 0.05, except for the TXX of Toluca, whose
trend is significant with a p-value < 0.1, and the TXX
of Tijuana, whose trend is not significant.

The time series of TXX and TNN were used to
estimate the parameters in the distribution of GEV
with and without trends, as well as the periods of
50
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Fig. 4. Trend of extreme maximum temperature (TXX) in
Tyuana from 1950 10 2012,
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Fig. 5. Trend of extreme minimum temperature (TNN) in
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Fig 6. Trend of extreme maximum temperature (TXX) in
Guadalajara from 1957 to 2013.
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Fig. 7. Trend of extreme minimum temperature (TNN) in
Guadalajara from 1957 to 2013,
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Fig. 8. Trend of extreme maximum temperature (TXX) in
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Fig. 9. Trend of extreme minimum temperature (TNN) i
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Fig. 10. Trend of extreme maximum temperature (TXX)
in Puebla from 1955 to 2013.
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Fig. 11, Trend of extreme minimum temperature (TNN)
in Puebla from 1955 10 2013,

return. The models were adjusted to the maximum
annual temperature and minimmum annual temperature
of each of the 16 climate stations using the maximum
likelihood (ML) method.

An attempt was made to improve the modeling
approach by allowing the location parameter (u) to
depend on time. As mentioned, three model selection
criteria (AIC, BIC, and LRT) were used to select the
best model from a collection of nested models. The
best adjustment models for TXX and TNN through the
GEV distributions, as selected by the critena separately
listed for each wiban area, are summarized in Table IT.
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Intotal, 58 models were generated. Table II shows
the resulting estimators and the criteria for selecting
the best model to be used in the estimation of rehum
penods. According to this table, for the temporal trend
of TXX, sigmificant at a 95% confidence level. it can
be seen that: (a) 44% of locations (seven urban areas)
show a significant trend, (b) 50% of locations (eight
urban areas) have no significant trend, and (¢) 6%
of locations (one urban area) show no trend. For the
temporal rend of TNN, also significant at the 95% con-
fidence level, it was found that: (a) 82% of locations
(13 urban areas) show a significant trend, (b) 12% of
locations (two urban areas) show no significant trend,
and (¢) 6% of locations (one urban area) show no wrend.

According 1o the shape parameter (&), and by
performing a detailed analysis. it was found that for
the case of TXX, 63% of the clunatic stations were
adjusted o the Weibull distribution (§ < 0), 25%
were adjusted to the Gumbel distribution, 6% were
adjusted to the Fréchet distribution, and 6% did not
fit any of the three distributions. In the case of TNN,
94% of the analyzed climatic stations were adjusted
to the Weibull distribution. and only 6% did not adjust
to any of the distributions.

In the case of TXX, which exhibits a significant
temporal trend, it was found that 72% was adjusted
to the Weibull distribution, 14% to the Gumbel dis-
tribution, and 14% to the Fréchet distribution. For
TNN. it was found that those that show a significant
temporal trend (82%) and those that are stationary
(12%) conformed to the Weibull distribution.

Overall, for both extreme temperamres TXX
and TNN, it was found that the 57% following the
Weibull distribution are statistically significant to the
temuporal trend at the 95% confidence level. One of
the properties of this distnbution, which may even
be controversial because of the trend found, is that
both extreme temperatures have an upper limit that
cannot be exceeded.

Figures 12 and 13 describe the temporal trend
pattern of decadal trends for the location parameter
(1) of the maximum and minimum temperatures
according to non-stationary GEV models (Table II).
About the TXX (Fig. 12), the most significant pos-
itive trend occurred in the center and east regions
(Toluca. Chapingo. Puebla and Veracruz), whereas
the lowest trends occurred in the northwest regions
(Tijuana and Mexicali).
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Fig. 12. Spanal pattems of trends of the location parameter
(n) for the maxmmumn temperature. Red (blue) triangles
mean positive (negative) values. Full tnangles mean sig-
nificant trends at the 5% level. The symbol @ mdicates
without change.
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Fig. 13. Spatial patterns of trends of the location parameter
(1) for the nunimum remperature. Red (blue) triangles
mean positive (negative) values, Full tnangles mean sig-
nificant trends at the 5% level.

Respect to the TNN (Fig. 13), the most significant
positive trends were most relevant in different geo-
graphical areas ofthe country, i.e., higher in the west
center (Guadalajara and Leon), southeast (Tuxtia
Gutiérrez), some urban areas located in the central
part (Ursula Coapa, Toluca, Chapingo, Tlaxcala and

74



Trends in temperature extremes m cities of Mexico 245

Puebla), and in the northeast and northwest (Monter-
rey and Mexicali), whereas the lowest positive trend
occurred in the urban area of Tijuana (with a value of
0.30). The most significant negative trend occurred
in an urban area.

Once the best models were selected, the retun
levels of the extreme, maximum, and minimum tem-
peratures were estimated, Tables IIT and IV present
the estimators and confidence mntervals for return
levels to 10, 20, 50, and 100 years, for both station-
ary and non-stationary models. The stationary retum
levels for TXX in Table III. indicate that the values
increase for increasmegly larger periods (10, 20, 50,
and 100 years), except for the urban area of Tuxtla
Gutiérrez. In addition, the confidence intervals were
increasingly wider as the periods of retum mcreased.
In Aguascalientes the TXX can be expected to pro-
gressively exceed 37.1°C on average every 10 years.
37.9°C onaverage every 20 years. 38.9°C on average
every 50 years, and 39.7 °C on average every 100
years. The 95% confidence intervals for these return
periods, in °C, were 36.4-37.8,37.0-38.9, 37.5-40.4,
and 37.8-41.5, respectively.

Among the locations considered in that block, and
in the context of the stationary return levels. Monter-
rey (in the northeast of the country) was associated
with the highest retumn levels, and Milpa Alta (in
the metropolitan area of the Valley of Mexico in the
center of the country) had the lowest return levels.
Based on the 95% confidence interval and according
to Table IIT, we can expect that the largest TXX event
recorded for Milpa Alta could reappear for the next
10 years. Moreover, there is a high probability that
the annual TXX will exceed the maximum historical
value m the next 50 years. except in the sites Gran
Canal and Monterrey.

The estimated return levels assume stationarity,
meaning that the level of return for a return period is
the same for the successive years. This implies that
the statistical properties of the parameters y, ¢, and
& are constant.

In a non-stationary case, the parameters of the
GEV distribution vary over time, and the return
levels of extreme temperatures will also follow that
temporal trend. Under a changing climate, the return
value can be interpreted as an extreme quantile of a

Table I11. Stationary and non-stationary return levels for extreme maxumun temperature and its 95% confidence

levels (in parentheses).
Urban zone Retum levels Return levels Retum levels Return levels
(10 years) (20 vears) (50 years) (100 years)
Stationary return levels (°C)
Aguascalientes 37.1(364-378) 37.9(37.0-38.9) 389(37.5404) 39.7 (37.8-41.5)
Tuxtla Gutiérrez 41.7(41.5-42.0) 41.9(41.742.0) 42.0(41.8422) 42.0 (41.8-422
Ursula Coapa 34.7(34.2-35.2) 35.1(34.6-35.6) 35.5(35.0-36.1) 35.8(35.1-364)
Gran Canal 34.7(34.0-354) 35.5(34.6-36.5) 36.5(35.1-37.9) 37.2(35.4-39.1)
Milpa Alta 31.4(30.7-3222 32.2(31.2-33.1) 33.0(31.8-34.2) 33.6(32.0-35.1)
Leon 37.6(37.0-38.1) 38.2(37.5-38.9) 38.9(37.9-398) 39.3 (38.8-40.4)
Monterrey 43.8(43.0-44.6) 44.7(43.8-45.6) 45.7 (44.6-46.9) 46.4 (45.0-47.7)
Tlaxcala 34.7(33.6-35.8) 35.8(34.1-37.6) 37.5(34.4-40.5) 38.8 (34.5-43.2)
Non-stationary retumn levels (°C)

Mexicali 48.5(48.0-49.1) 49.4 (48.8-50.1) 50.9 (50.1-51.7) 52.7 (51.7-53.7)
Tijuana 41,1 (40.3-41.8) 42.2(41.3-43.0) 439 (42.8445.0) 45.9(44.5-47.2)
Guadalajara 38.2(37.8-38.7) 38.3(37.7-38.8) 37.6 (36.9-38.3) 36.1 (35.2-36.9)
Toluca 30.0(28.9-31.0) 31.5(30.1-32.9) 34.6 (32.4-36.8) 38.6(35.7-41.35)
Chapingo 33.5(32.9-34.1) 34.5(33.8-35.3) 36.6 (35.6-37.6) 39.5 (38.2-40.7)
Puebla 30.2(29.4-31.0) 32.0(31.0-32.9) 36.3 (35.1-37.5) 428 (11.4-442)
Veracnuz 36.3(35.3-37.3) 37.9(36.2-39.5) 40.7 (37.9-43.5) 44.0 (40.0-48.1)
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Table IV. Stationary and non-stationary retum levels for extreme minmmum temperature and its 95% confidence

levels (in parentheses).
Urban zone Retum levels Return levels Retum levels Return levels
(10 years) (20 years) (50 years) (100 years)
Stationary retum levels (°C)
Milpa Alta 1.9(1.4-2.3) 2.3(1.8-27) 26(2.2-3.1) 2.8(2.3-3.3)
Veracruz 14.9(14.6-15.2) 15.3(15.0-15.6) 15.6 (15.3-16.0) 15.8(15.5-16.2)
Non-stationary return levels (°C)

Aguascalientes -1.3[-1.9-(-0.7)] -0.3 [-1.040.4)] 21(1.3-3.0) 5.9(4.9-7.0)
Mexicali 0.3 [-0.9-(0.3)] 1.0(04-1.6) 38(3.1-4.5) 8.0(7.1-8.8)
Tyuana 26(1.8-34) 34(22-47) 50(28-7.3) 7.1(3.9-10.3)
Tuxtla Gutiérrez 1L.5(11.1-12.0) 12.7(12.3-13.2) 15.8 (15.2-16.3) 20.6(19.9-21.2)
Utrsula Coapa 25(1.7-3.3) 38(29-48) 6.5(5.3-7.8) 10.2 (8.6-11.8)
Leon 23(1.7-2.8) 3.3(27-38) 5.8(5.2-6.5) 9.8(9.0-10.5)
Guadalajara 52(4.75.7) 6.5(6.1-7.0) 9.8 (9.3-10.2) 14.9(14.4-15.4)
Aculco 26(2.2-29) 2.6(2.3-29) 23(19-2.7) 1.7(1.3-2.1)
Toluca —5.7[-64-(-5.0)] A6[-534(-38)] -19[-29(-078)] 22(1.0-34)
Chapingo 24[-30-(-18)] ~12[-1.84-0.6)] 1.3 (0.6-2.0) 5.1(4.3-5.9)
Mouterrey 2.1(1.5-28) 3.1(25-3.7) 5.1(4.5-5.6) 8.0(7.5-8.6)
Puebla 0.7(0.2-1.2) 1.8(1.2-24) 39(3.247) 6.9(6.0-7.8)
Tlaxcala =13 [-1.7-(~1.0)} ~0.6 [~1.0-(-0.3)] 1.0 (0.6-1.3) 35(3.1-39)

temperature distribution that varies over time (for
exainple, a return value of 20 years can be interpreted
as a value that has a 5% probability to be exceeded
i a particular year).

It is now possible to estimate remm levels for
any year, which are also presented in Table III. For
example, note that the average return levels (in °C) for
Mexicali for 10, 20, 50, and 100 years, are 48.5, 49 4,
50.9 and 52.7, respectively. The confidence intervals
at 95% (in ° C) are 48.0-49.1, 48.8-50.1, 50.1-51.7,
and 51.7-53.7, respectively. The differences inretum
levels between stations is remarkable, both in the
stationary GEV models and in the non-stationary
models. Mexicali, in the northwest of Mexico, is
associated with the highest return levels. whereas
Milpa Alta. a metropolitan area in Mexico City. has
the lowest retum levels.

With respect to TNN, Table IV shows that only
stations Milpa Alta and Veracruz have stationary
return levels, and that the values increase slightly for
mereasingly large return periods (10, 20, 50, and 100
years). In addition, the confidence intervals remain
nearly constant as the periods of return increase. For
example. Milpa Alta could expect the TNN to exceed
1.9°C on average every 10 years, 2.3 °C on average

every 20 years, 2.6 °C onaverage every 50 years, and
2.8 °C on average every 100 years, The confidence
mtervals, at 95% (in °C) are 1.4-2.3, 1.8-2.7,2.2-3.1,
and 2.3-3 3, respectively.

As already mentioned, the estimated retwn levels
assume stationarity, meaning that the level of retum
for a retumn penod is the same for successive years.
This also implies that the statistical properties, as
mentioned for TXX, keep the parameters u, o, v,
and ¢ constant.

In a non-stationary case (as with TXX), the
parameters vary in time and the return levels of
extreme temperatures will follow a similar temporal
trend. It is possible to estimate retum levels for any
year of interest in a time period. The return levels
for the non-stationary TNN series are presented in
Table I'V. Note that the average return levels of 10,
20, 50, and 100 years (in °C) for Aguascalientes are
-1.3.-03, 2.1, and 5.9, respectively, whereas their
confidence mtervals, at 95% and i °C, progress from
-1910-0.7.-1.0t0 04, 13 10 3.0, and 4.9 10 7.0,
respectively.

In the case of a non-stationary series, for both
TXX and TNN, a positive trend of the location pa-
rameter (z;) will be reflected in the positive trend of
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the retum levels (Chen and Chu, 2014). This means
that with greater magnitudes of the trend return levels
will increase considerably, and threshold values of
return levels will contain greater vaniation over time.
As examples of estimators of return levels, the time
series of return levels for TXX for the city of Puebla
(Fig. 14) and for TNN for the city of Guadalajara
(Fig. 15) are plotted, according to the GEV adjust-
ment non-stationary model. The difference in the
refum level for 2 years for the city of Puebla from
the beginning of the period (1955) to the end (2013)
is approximately 5 °C, whereas the difference n the
retum level of 2 years for the city of Guadalajara
from the beginning of the period (1957) to the end
(2013) is approximately 3 °C.

Rammsgvu ('9)

30

1955 1965 1976 1985 1995 2005 2015
Yoor

Fig. 14. Time series of extreme maximum temperature
(TXX) return levels in Puebla in accordance with the
non-stationary generalized extreme value (GEV) model.
The red, green, and blue lines represent the return levels
of 2, 20, and 100 years, respectively. The black line rep-

resents observed values.
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Fig. 15. Time senies of extreme minimum femperanire
{TNN) return levels in Guadalajara in accordance with
the non-stationary GEV model. The red, green, and blie
lines represent the retumn levels of 2, 20, and 100 years,
respectively. The black line represents observed values.

The application of the stationary and non-sta-
tionary GEV distributions has allowed this study to
model the behavior of extreme temperatures in some
cities of Mexico. Due to the lack of reliable data, only
16 chimate stations were used, focusing on 12 urban
areas. The latitudinal dispersion of these climatic
stations ranged from 16° 457 (Tuxila Gutiérrez) to
32° 39" (Mexicali), and with altitudes above sea level
varying from 4 m (Mexicali) to 2726 m (Toluca).
This resulted n several types of climates according
1o the geographical location (Garcia-Cueto et al.
2018), making the analysis by chosen city even more
interesting. This is particularly true for those cities
that show significant trends and periods of remun
that could put the adaptation of people and the urban
ecosystem at risk, particularly the fauna and fiora.
We found that the TXX is increasing in Mexicali,
Tijuana, Toluca, Chapingo, Puebla and Veracruz,
and no significant changes were detected in the other
10 urban zones. A larger number of climatological
stations indicate increasing TNN compared to TXX,
namely Aguascalientes. Mexicali, Tijuana. Tuxtla
Gutiérrez. Ursula Coapa. Leon. Guadalajara, Aculco,
Toluca, Chapingo, Monterrey, Puebla and Tlaxcala.
Non significant increases were detected in only two
stations, i.e., Milpa Alta and Veracruz.

A comparison of the obtained results with those
from studies using the ETCDDI indices shows
similarities and some differences. For example,
Garcia-Cueto et al. (2018) used the same database
herein and found a statistically sigmficant increasing
trend in the TX90 (warm days) and TN90 (wann
nights) indices for Aguascalientes, whereas for Mil-
pa Alta, both indices (TX90 and TN90) decreased
significantly, The difference is between the TXX
(stationary in this study) and TX90 (increasing trend)
for Aguascalientes; in the case of Milpa Alta, there
are coincidences in both indices (TXX with TX90
and TNN with TN90) that show decreasing trends.

At the country level, according to Gosling et
al. (2011), Mexico has experienced a generalized
warming since 1960. The frequency of cold days
has decreased. and the frequency of warm nights has
increased, There has also been a general increase in
average winter temperatures in the country as aresult
of human mfluences on climate, Thus, during the
winter season, the occurrences of wanm temperatures
are more frequent, and those of cold temperatures are
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less frequent. For the A1B emissions scenario, the
projected temperature increases of the Coupled Mod-
el Intercomparison Project Phase 3 (CMIP3) over
Mexico are approximately 4 °C near the US border,
with increases in the rest of the country between 2.5
and 3.5 °C. This inplies that the influence of GHGs
will have an additive effect on the potential warming
caused by wibanization, This can become a major
problem affecting city dwellers both positively and
negatively, depending on their latitudinal location.

Significant trends in extreme maximum and min-
imum remperamures found in many parts of the world
(Heim Jr., 2015; Easterling et al.. 2016: Houngninon
etal., 2017) remforce the results obtained here. Inthe
US, extremely hot maximum and mmimum tempera-
fures have shown increasing trends between the 20th
and 21st centuries and during the last four decades
(1971-2013), whereas the presence of extremely low
and minimum temperatures has decreased during
these periods (Hartmann et al., 2013).

The application of a theory of extreme events
to the TXX and TNN in 16 climatological stations
located in 12 urban areas of Mexico, in time series
with different periods, showed general trends m urban
warming, especially at night. However, values varied
from city to city. Aless clear detection signal was the
dinrnal heating. Although the causes for this behavior
of heterogeneous trends for TXX and TNN may be
of purely local origin and caused by the dynamics of
urbanization (land use change. anthropogenic activi-
ties), it cannot be ruled that they could be caused by
some other climatic phenomena of a greater scale.
For example, Mexico could be exposed to blocking
patterns, or modes of climate variability, such as
the El Nito Southern Oscillation, Pacific Decadal
Oscillation, North Atlantic Oscillation, or the Mad-
den-Julian Oscillation, among others. These could be
causal factors that contribute to thermal trends since
in other regions of the world they have significantly
influenced the behavior of extreme temperatures
(Arblaster and Alexander, 2012; Parker et al., 2014,
Burgess and Klingaman, 2015; Matsueda and Takaya.
2015). All these factors are considered important for
possible attribution but are not the object of this study.

It is well known that cities will remain the most
vulnerable geographic spaces. especially in de-
veloping countries such as Mexico, as they often
concentrate large populations without adequate

mfrastructure, Thus, knowledge of regions where the
climate is unstable (changing), and the knowledge
that extreme climate events are not controllable, but
have showed signals of an increasing trend. will serve
to generate some potential urban adaptation strategies
for facing current and future extreme temperatures.
For example. such temperatures can be addressed
by redesigning the urban space (making it safe,
ecological and acceptable) to reduce vulnerability
and strengthen urban water security. It should be
noted that each city is a case of analysis, and that an
adequate scheme of sustainable urban planning can
only be accomplished through the participation of
governmental authorities, productive sectors, aca-
demics, and local actors.

6. Conclusions

This study modeled the TXX and TNN recorded
in 16 climatological stations corresponding to 12
cities in Mexico, for periods that varied according
to the series of available dara. The longest record
corresponded to Veracruz with 85 years (1930-
2014), and the shortest to Tuxtla Gutiérrez with 31
years (1980-2010). Through the application of the
non-parametric Mann-Kendall test and the Sen meth-
od, a trend towards urban warming was detected, but
no homogeneous behavior in all cities analyzed was
found. An important observation was the significant
prevalence of non-stationary series with the TXX
in half of the cities analyzed; only Guadalajara.
located in the center-west of the country. presented
a significant negative trend. perhaps due the effect
of “diming™ by increases in aerosol pollution (Fon-
seca-Hemandez et al., 2018). Therefore, the annual
trends in daytime warming, represented by TXX. are
not necessarily identical in all selected urban areas
of Mexico. In the case of the TNN, which is related
to night warming, the behavior was more uniform.
Specifically, 90% of the cities are non-stationary
with a significant positive trend, and only two areas
presented a stationary series: one urban area located
to the east of the metropolitan area of the Valley of
Mexico (Milpa Alia), and another on the coast of the
Guif of Mexico (Veracruz), With the adjustment of
the non-stationary GEV distribution to the data set
and by incorporating the trend of the location param-
eter. the trends of the return levels of 10, 20, 50, and
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100 years were estimated. while keeping the shape
and scale parameters constant.

The results are very similar to those from
non-parametric trend detection methods, both for
TXX and TNN. This confirms the non-stationary
behavior of half of the stations for TXX, and 90% of
the stations for TNN. Return periods of the thermal
extremes estimated in a changing climate for many of
the cities analyzed in this study vary significantly, and
the regularity with which extreme temperatures are
occurring is becoming more frequent. Thus. statistical
modeling should consider this behavior, due to its im-
portance for risk assessments for nunan health, flora
and fauna, and urban mfrastructure. The proposed
non-stationary GEV model has provided new and
important information concerning changes in extreme
temperatures, and by estimating retum periods, it has
provided their probability of recurrence. Some main
modes of climate variability as causal mechanisms
of attribution of extreme temperatures have not been
studied. making it a pending task.

Acknowledgments

The authors thank the United Nations Development
Program and the National Institute of Ecology and
Climate Change of Mexico for supporting this re-
search. We would also like to thank the National
Meteorological Service of Mexico for providing daily
climate information for this study.

References

Alexander LV, Zhang X, Peterson TC, Caesar J, Gleason
B, Klein Tank AMG, Haylock M. Collins D, Trewin B,
Ralimzadeh F. Tagipour A, Rupa Kumar K. Revadekar
J. Gnffiths G, Vincent L, Stephenson DB, Bum J,
Aguilar E, Brunet M, Taylor M, New M, Zhai P, Rus-
ticucci M, Vazquez-Aguirre JL. 2006. Global observed
changes in daily climate extremes of temperature and
precipitation. Journal of Geophysical Resources 111:
DO5109. https://doi,ong/10.1029/2005JD006290

Almazrout M, Islam MN, Dambul R, Jones PD. 2014.
Trends of temperature extremes in Saudi Arabia. Inter-
national Joumal of Climatology 34; S08-826. hrtps://
doiorg/10.100250¢ 3722

Arblaster M, Alexander LV, 2012. The impact of the El
Nino-Southern Oscillation on maximnum temperature

extremes, Geophysical Resource Letters 39: L20702,
https://do1.org/10,1029/2012GLO53409

Beniston M. Stephenson DB, Chnistensen OB. Ferro
AT, Frei Ch, Goyette S, Halsnaes K, Holt T, Jylhi K,
Koffi B, Palutikof J, Schéll R, Semmler T, Woth K.
2007. Future extreme events in European climate: An
exploration of regional climate model projections.
Climatic Change 81: 71-95, hitps://doi.org/10.1007/
510584-006-9226-z

Boucefiane A, Meddi M. 2019. Regional growth curves
and extreme precipitation events estimation in the
steppe area of northwestern Algeria. Atmosfera 32:
287-303. https://dot.org/10.20937/ATM.2019.32.04.03

Brown SJ, Caesar J, Ferro CAT. 2008. Global changes
in extreme daily temperature since 1950. Journal of
Geophysical Research: Atmosphere 113: D0S115.
hitps://dor.org/10.1029/2006JD00809 1

Burgess ML, Klingaman NP. 2015, Atmospheric circula-
tion patterns associated with extreme cold winters in
the UK. Weather 70: 211-217. https://do1.org/10.1002/
wea. 2476

Burgman M, Franklin J, Kenth RK, Hosack RG, Peters
WG, Sisson AS. 2012, Modeling extreme risks in
ecology. Risk Analysis 32: 1956-1966. https://do1,
org/10.1111/4.1539-6924 2012.01871.x

Burn DH, Hag Elnur AM. 2002. Detection of hydrological
trends and variability. Journal of Hydrology 255: 107-
122, https://doi.org/10.1016/S0022-1694(01)00514-5

Cacsar J, Alexander LV, Trewin B, Tse-ring K, Sorany L,
Vumyayawa V. Keosavang N, Shimana A, Htay MM,
Karmacharya J, Jayasinghearachchi DA, Sakkamart I,
Soares E, Hung LT, Thuong LT, Hue CT, Dung NTT,
Hung PV, Cuong HD, Cuong NM, Sirabaha S. 2011.
Changes in temperature and precipitation extremes
over the Indo-Pacific region from 1971 to 2005. Inter-
national Journal of Climatology 31: 791-801. https:/
doi.org/10.100250c.2118

Caloiero T. 2017. Trend of monthly temperature and
daily extreme temperature during 1951-2012 i New
Zealand. Theoretical Applied of Climatology 129:
111-127. hetps://doi.org/ 10.1007/500704-016-1764-3

Cavazos T, Rivas D. 2004. Vartability of extreme precipi-
tation events in Tijuana, Mexico. Climate Research 25:
229-243. https://dor.org/10.3354/cr025229

Cavazos T, Salinas JA, Martinez B, Colorado G, de Gran
P, Prieto Gonzalez R, Bravo ME. 2013, Actualizacion
de escenarios de cambio climatico para México como
parte de los productos de la quinta comunicacion

79



250 O. R. Garcia-Cueto et al.

nacional. Informe final. CICESE-IMTA-CCAUNAM,
150 pp. Available at: https!//www.researchgate.net/
publication/321274898 (last accessed on June 1, 2019).

Chen YR, Chu P-S. 2014, Trends in precipitation extremes
and return levels in the Hawaiian Islands under a
changing climate. International Joumal of Climatology
34: 3913-3925. hrtps://dororg/10.1002/j0c.3950

Chen W, Chen C, L1 L, Xing L, Huang G, Wu C, 2015.
Spatio-temporal analysis of extreme hourly precipita-
tion patterns in Hainan Island, South China. Water 7:
2239-2253, https://doi.org/10.3390/w7052239

CIDOC-SHF. 2011. Current housing situation in Mexico
2011. Fundacion Centro de Investigacion y Docu-
mentacion de la Casa-Sociedad Hipotecaria Federal,
Available at: http://doc shf gob.mx/English/Press/
Publications/Documents’EAVM%%20INGLES%:20
2011.pdf (last accessed on June 15, 2019).

Coles S. 2001. An inroduction to statistical modeling of
extreme values. 2nd ed. Springer Series in Statistics,
London.

Colorado-Ruiz G, Cavazos T, Salmas JA, De Grau P, Ayala
R. 2018, Chmate change projections from Coupled
Model Intercomparison Project phase 5 multi-model
weighted ensembles for Mexico, the North Amencan
monsoon and the mid-summer drought region. Interna-
tional Journal of Climatology 38: 5699-5716. https./
doi.org/10.1002/joc. 5773

Cooley D, Nychka D, Naveau P. 2007. Bayesian spatial
modeling of extreme precipitation retum levels. Jour-
nal of the American Statistical Association 102: 824-
840. hittps://doL.org/10.1198/016214506000000780

Coutts MA, Tapper JN, Beringer J. Loughnan M, Demu-
zere M, 2012, Watering our cities: The capacity for
water sensitive urban design to support urban cooling
and improve human thermal comfort in the Australian
context. Progress in Physical Geography 37: 2-28.
hutps://doi.org/10.1177/030913331 2461032

De Munck C, Lemonsu A, Masson V. Le Bras 1, Bonho-
mme M. 2018. Evaluating the impacts of greening
scenarios on thermal comfort and enerpy and water
consumptions for adapting Paris city to climate change.
Urban Climate 23: 260-286. https.//do1.org/10.101674.
uclim.2017.01.003

Della-Marta MP, Haylock RM, Luterbacher J, Wanner
H. 2007. Doubled length of western Ewropean sum-
mer heat waves smce 1880. Journal of Geophysical
Research 112: D15103. https://doi.org/10.1029/
2007JD008510

Dixon P, Ellison A. Gotelli N. 2005. Improving the preci-
sion of estimates of the frequency of rare events. Ecol-
ogy 86: 1114-1123_ hntps:/doi.ong/10.1890/04-0601

Dumitrescu A, Bojariu R, Birsan M-V, Manin L, Manca
A. 2015, Recent climatic changes in Romania from
observational data (1961-2013). Theoretical Applied
Chmatology 122: 111-119. https://doi.org/10.1007/
s00704-014-1290-0

El Adloum S, Ouarda TBMJ, Zhang X, Roy R. Bobée B.
2007, Generalized maximum likelihood estimators for
the nonstationary generalized extreme value model,
Water Resources Research 43: W03410, hreps:/doi.
org/10.10292005WR004 545

Easterling DR, Kunkel KE, Wehner MF, Sun L. 2016,
Detection and attribution of climate extremes i the
observed record. Weather and Climate Extremes 11:
17-27. https://dot.org/10.1016/y. wace.2016.01.001

Fengjin X, Lianchun S. 2011. Analysis of extreme
Jow-temperature events during the warm season in
Northeast China. Natural Hazards 58: 1333, https://
do1.org/10.1007/511069-011-9735-6

Fisher RA. Tippett LHC. 1928. Limiting forms of the fre-
quency distribution of the kirgest or smallest member
of a sample. Proceedings of the Cambridge Philosoph-
ical Society 24: 180-190. hutps:// dot.org/10.1017/
S0305004100015681

Fonseca-Hernindez M, Tereshchenko I, Mayor Y,
Figueroa-Montaiio A, Cuesta-Santos O, Monzon C,
2018. Atmospheric pollution by PM;y and Os mn the
Guadalajara metropolitan area, Mexico. Atmosphere
9: 243. https.//doi.org/10.3390/atmos9070243

Friedenchs P. 201 0. Statistical downscaling of extreme pre-
cipitation events using extreme value theory. Extremes
13: 109. htps://doi.org/10.1007/510687-010-0107-5

Funié D, Meneu V. 2011. Analysis of extreme temperatures
for four sites across Peninsular Spain. Theoretical
and Applied Climatology 104: 83-99. https://doi.
org/10.1007/500704-010-0324-5

Gao Y, Fu JS, Drake JB, Liu Y, Lamarque J-F. 2012, Pro-
jected changes of extreme weather events in the east-
ern United States based on a high-resolution climate
modeling system, Environmental Research Letters 7
1-12. hetps://doi.org/10.1088/1748-9326/7/4/044025

Garcia-Cueto R, Tejeda-Martinez A, Jauregui E. 2010.
Heat waves and heat days in an and city in the north-
west of México: current trends and in climate change
scenarnios. International Journal of Biometeorology 54:
335-345. https://doi.org/10.1007/s00484-009-0283-7

80



Trends in temperature extremes in cities of Mexico 251

Garcia-Cueto OR, Santillan-Soto N, Quintero-Nufez M,
Ojeda-Benitez S, Velazquez-Limon N. 201 3. Extreme
temperature scenarios in Mexicali, México under
climate change conditions. Aundsfera 26: 509-520.
https://dororg/10.1016/S0187-6236(13)71092-0

Garcia-Cueto OR, Cavazos T. de Grau P. Santillin-Soto
N. 2014. Analysis and modeling of extreme rempera-
tures in several cities m northwestern Mexico under
climate change conditions, Theoretical and Applied
Climatology 116; 211-225, https://doi.org/10.1007/
s00704-013-0933-x

Garcia-Cueto OR, Santillan-Soto N, Lopez-Veldzquez JE,
Reyes-Lopez J, Cruz-Sotelo S, Ojeda-Benitez S, 2018,
Trends of climate change indices m some Mexican
cities from 1980 to 2010. Theoretical and Applied
Climatology 137: 775-790. https://doi.org/10.1007/
s00704-018-2620-4

Gilleland E. Katz R. 2005. Extremes toolkit (extRemes):
Weather and climate applications of extreme value
statistics. Available at https:/‘www.Imd jussien fr/~1v/
atelier_cctutonial_extremes.pdf (last accessed on Sep-
tember 20, 2018).

Gilleland E, Katz R. 2006, Analyzing scasonal to inter-
annual extreme weather and climate variability with
the extremes toolkit (extRemes). In: 18th Conference
on Climate Variability and Change, 86th Amencan
Mecteorological Society (AMS) Annual Meeting,
Atlanta, Georgia, January 29-Fcbruary 2. Avail-
able at: https:/ams.confex.com/ams/Annual2006/
techprogram/paper 101830 htm (last accessed on
April 15, 2019).

Gilleland E, Katz, RW. 2013, inZextRemes: Into the R
Package extRemes extreme value analysis for weather
and climate applications. NCAR/TN-523+STR Tech-
nical Note. National Center for Atmospheric Research,
Boulder. Colorado. Available at: https.//opensky.ucar.
edu/islandora/object/technotes®63AS34/datastream/
PDF/view (last accessed on May 2, 2019).

Gosling SN, Dunn R, Carmrol F, Christidis N, Fullwood J,
de Gusmao D, Golding N, Good L, Hall T, Kendon
L, Kennedy J, et al. 2011. Climate: Observations,
projections and impacts: Mexico. UK Met Office.
Nottingham ePrints. Nottingham, UK. Available at:
hetp://www.unscn. org/files/NutCC/Mexico.pdf (last
accessed on August 24, 2019).

Grotjahn R, Black R, Leung R, Wehner FM, Barlow M,
Bosilovich M, Gershunov A, Gutowski JW, Gyakum
RJ.KatzRW, Lee Y-Y. Lim Y-K. Prabhat. 2016. North

American extreme temperature events and related large-
scale meteorological patterns: A review of statistical
methods, dynamics, modeling. and trends. Climate
Dynamics 46; 1151-1184. https://doi.org/10.1007/
s00382-015-2638-6

Guan Y, Zhang X, Zheng F, Wang B. 2015. Trends and
variability of daily temperatre extremes during
1960-2012 in the Yangtze River Basin, China. Global
Planetary Change 124: 79-94. https://dot.org/10.10165.
gloplacha.2014.11.008

Hartmamn DL, Klein Tank AMG, Rusticucci M, Alex-
ander LV, Bromimann S, Charabi, Y, Dentener FJ,
Dlugokencky EJ, Easterling DR, Kaplan A, Soden BJ,
Thome PW, Wild M, Zhai PM. 2013. Obscrvations:
atmosphere and surface. In: Climate Change 2013:
The Physical Science Basis. Contribution of Working
Group I to the Fifth Assessment Report of the Inter-
governmental Panel on Climate Change (Stocker TF,
Qin D, Platiner G-K. Tignor M, Allen SK. Boschung.
J, Nauels A, Xia Y, Bex V, Midgley PM, Eds.). Cam-
bridge University Press, Cambridge, United Kingdom
and New York, NY, USA,

Hatfield JL, Prueger JH. 2015. Temperature extremes:
Effect on plant growth and development. Weather and
Climate Extremes 10: 4-10. https://doi.org/10.1016/.
wace.2015.08.001

Heim Jr RR. 2015, An overview of weather and climate
extremes. Weather and Climate Extremes 10: 1-9.
https/dol.org/10.1016/). wace.2015.11.001

Helsel DR, Hirsch MR. 1992. Statistical methods m water
resources. Elsevier, New York.

Heméndez AR, Galeana GJ, Villegas BI 2014, La urban-
1zacion en Meéxico 2010-2030: un esbozo de los retos
y oportunidades asociados al crecimiento urbano y re-
gional. En: La situacion demogrifica de México 2014,
Consejo Nacional de Poblacion, México, 139-164,

Houngninou BE, All¢ CSU, Koughéaghéde H, Guédje
KF. 2017. Changes in daily temperature extremes
over Benin between 1970 and 2015, International
Joumal of Advances Research 5: 108-113. https://doi.
org/10.21474/LJARO1/5944

IPCC. 2013. Climate change 2013: The physical science
basts. Contribution of Working Group I to the Fifth
Assessment Report of the Inter-governmental Panel
on Climate Change (Stocker TF. Qin D. Platmer G.-K.
Tignor M, Allen PM, Boschung J, Nauels A, Xaa Y, Bex
V. Midgley PM, Eds.). Cambridge University Press,
Cambridge. United Kingdom and New York, NY. USA.

81



252 0. R Garcia-Cueto et al.

Jain S, Lall U. 2001. Magnitude and timing of annual
maximum floods, trends and large-scale climatic
associations for the Blacksmith Fork River, Utah.
Water Resonrces Research 36: 3641-3651. htrps://doi.
org/10.1029/2000WR 900183

Jentsch A, Kreyling J, Beierkuhnlein C. 2007. A new
generation of climate change experiments: Events,
not trends. Frontiers in Ecology and the Environment
5:315-324. https://do1.org/10.1890/1540-9295(2007)
5[365:ANGOCE]2.0.C022

Katz R, Parlange M, Naveau P. 2002, Statistics of extremes
in hydrology. Advances in Water Resources 25: 1287-
1304. https://do1.org/10.1016/50309-1708(02)00056-8

Katz R. Brush G, Parlange M. 2005. Statistics of extremes:
Modeling ecological disturbances. Ecology 86: 1124-
1134. https://doi.org/10.1890/04-0606

Katz RW. 2013. Statstical methods for nonstationary
extremes. In: Extremes in changing chmate (Aghak-
ouchak A, Easterling D, Hsu K. Schubert S, Sorooshian
S, Eds.). Water Science and Technology Library, vol
65, Springer, Dordrecht, 15-37.

Kharin VV, Zwiers FW. 2005, Estimating extremes in tran-
sient climate change simulations. Journal of Clunate
18: 1156-1173. hutps://dor.org/10.1175/JCLI3320.1

Koursoyianmis D. 2004. Statistics of extremes and estima-
tion of extreme rainfall: 1. Theoretical mvestigation/
Statistiques de valeurs extrémes et estimation de
précipitations extrémes: I Recherche théonque. Hy-
drological Sciences Jounal 49: 575-59%0. https://doi.
org/10.1623/hys}.49.4.575.54430

Kendall MG, 1975. Rank correlation methods. Charles
Graffin, London.

Kim YH. Min SK, Zhang X, Zwiers F, Alexander LV,
Donat MG, Tung YS. 2015. Attribution of extreme
temperature changes during 1951-2010. Climate
Dynamics 46: 1769-1782. https://do1.org/10.1007/
s00382-015-2674-2

Krausmann F, Wiedenhofer D, Lauk Ch, Haas W, Tan-
ikawa H, Fishman T, Miatto A, Schandl H, Haberl
H. 2017. Global socioeconomic material stocks rise
23-fold over the 20th century and require half of
annual resource use. PNAS 8: 1880-1885. https://doi.
org/10.1073/pnas. 1613773114

Lau N-C, Nath MJ. 2012, A model study of heat waves
over North America: Meteorological aspects and
projections for the twenty-first century. Jowrnal of
Climate 25: 4761-4784. hups:/doi.org/10.1175/ JC-
LI-D-11-00575.1

Leclerc M. Ouarda T. 2007. Non-stationary regional
flood frequency analysis at ingauged sites. Jounal of
Hydrology 343: 254-265. https://doi.org/10.10164.
Jhydrol 2007.06.021

Liu G, Zhang L, He B, Jm X, Zhang Q, Razafindrabe B,
You H. 2015. Temporal changes in extreme high tem-
perature, heat waves and relevant disasters in Nanjing
metropolitan region, China. Natural Hazards 76: 1415.
https://doi.org/10.1007/s11069-014-1556-y

Magafia V, Pérez I, Méndez M. 2003. Diagnosis and prog-
nosis of extreme precipitation events i the Mexico
City basin, Geofisica Internacional 41; 247-259,

Magana V, Zemmenio D, Nen C. 2012. Climate change
scenarios and potential impacts on water avatlability
mn northern Mexico. Clhimate Research 51: 171-184.
https://doi.org/10.3354/cr01080

Mann HB. 1945, Nonparametric tests against trend.
Econometrica 13: 245-259. hups://doi.org/0012-
9682(194507)13:3<245NTAT>2.0.CO;2-U p. 245-259,

Martinez-Austria PF, Bandala ER. 2017. Temperature
and heat-related mortality trends in the Sonoran and
Mojave Desert region. Atmosphere 8. https://doi.
org/10.3390/atmos8030053

Matsueda S, Takaya Y. 2015. The global influence of the
Madden-Julian Oscillation on extreme femperature
events. Journal of Climate 28; 4141-4151. https=//doi.
org/10.1175/ICLI-D-14-00625.1

Meehl G, Karl T, Easterlmg RD, Changnon S, Pielke R
Jr., Changnon D, Evans J, Groisman YP, Knutson RT,
Kunkel EK. Meams OL. Parmesan C. Pulwarty R,
Root T, Sylves TR, Whetton P, Zwiers F. 2000, An
introduction to trends in extreme weather and climate
events: Observations, socioeconomic impacts, terrestri-
al ecological mpacts, and model projections. Bulletin
American of the Meteorological Society 81: 413-416.
https://doL.org/10.1175/1520-0477(2000)081<0413:
AITTIE>2.3.CO22

Meehl G, Tebaldi C. 2004, More mtense, more frequent,
and longer lasting heat waves m the twenty-first cen-
mry. Science 305: 994-997, https:/dot.org/10.1126/
science, 1098704

Milly PCD, Betancourt J, Falkenmark M, Hirsch M,
Kundzewicz ZW. Lettenmaier DP, Stouffer RI. 2008,
Stationarity is dead: Whither water management?
Science 319: §73-574. https://doi.org/10.11267/sci-
ence. 1151915

Miralles DG, Teuling AJ, van Heerwaarden CC, de Arel-
lano JVG. 2014. Mega-heatwave temperatures due

82



Trends in temperature extremes in cities of Mexico 253

to combined soil desiccation and atmmosphenc heat
accumulation. Nature Geoscience 7; 345-349, hitps://
doiorg/10.1038'NGEO2141

Mondal A, Mujmmdar PP. 2015. Modeling non-stationanty
m mtensity, duration and frequency of extreme ramnfall
over India. Jownal of Hydrology 521: 217-231. https:/
doi.org/101016/ jhydrol 2014.11,071

Montz AM. 1997. Analyzing extreme disturbance events:
Fire in Los Padres National Forest. Ecological Appli-
cations 7: 1252-1262. https://doi.ong/10.1890/1051-0
761(1997)007[1252:AEDEFI]2.0.CO2

Mugume L Shen S, Tao S. Mujunt G. 2016. Analysis of
temperature variability over desert and urban areas of
northem China. Chimatology and Weather Forecasting
4: 162, hrtps://doiorg/10.4172/2332-2594.1000162

Ongoma V. Chen H, Omony GW. 2016. Variability of ex-
treme weather events over the equatorial East Africa. a
case study of rainfall in Kenya and Uganda. Theoretical
and Applied Climartology 131: 295-308. hrtps://doi.
01g/10.1007/5007(4-016-1973-9

Palmer T, Riiiséinen J. 2002. Quannfying the risk of extreme
seasonal precipitation events in a changing climate.
Nature 415: §12-514. hrtps:/dor.org/10.1038/415512a

Panagonlia D, Economou P, Caroni C. 2013, Stationary
and nonstationary generalized extreme value modeling
of extreme precipitation over a mountainous area under
climate change. Envirommetrics 25; 29-43. https:/doi.
org/10.1002/env. 2252

Papalexion SM, Koutsoyianmis 1. 2013. Battle of extreme
value distnbutions: A global survey on extreme daily
ramfall. Water Resources Rescarch 49: 187-201.
https://doi.org/10.10292012WR012557

Parey S, Malek F, Laurent C, Dacymhba-Castelle D. 2007,
Trends and climate evolution; Statistical approach for
very high temperatures in France, Climatic Chiange 81:
331-352. hatps://dot.ong/10.1007/s1 0584-006-91 164

Parey S, Hoang TTH. Dacuntha-Castelle D. 2018. Fumure
high-temperature extremes and stationarity. Natural
Hazards 98: 11151134, https://dot.org/10.1007/
s11069-018-3499-1

Parker TJ, Berry GJ, Reeder MJ. Nicholls N. 2014. Modes
of climate variability and heat waves in Victonia, south-
eastern Australia. Geophysical Research Letters 41:
6926-6934. hitps://doi.org/10.10022014GL0O61 736

Qiang Z. Vijay PS. Suna P. Chend X. 2011. Precipitation
and stream flow changes in China: Changing pattems,
causes and implications. Journal of Hydrology 410:
204-216. https://dororg/ 10,1016 jhydrol 2011.09.017

Renardt B, Sun X. Lang M. 2013, Bayesian methods for
non-stationary extreme value analysis. In: Extremes
in & changing climate (AghaKouchak A. Easterling
D. Hsu K. Schubert S, Sorcoshian S, Eds.). Water
Science and Technology Library, vol. 65, Spnnger,
Dordrecht, 39-95.

Raggad B, 2018, Statistical assessment of changes in
extreme maximum temperatures over Saudi Arabia,
1985-2014. Theoretical and Applied Climatology
132; 1217-1235, https://doi.org/10.1007/500704-017-
2155-0

Rios-Alejandro JG. 2011. Temperaturas exiremas en la
cindad de Monterrey, N.L., México. Revista Chapingo
Sene Ciencias Forestales y del Ambiente 17: 225-230.
hittps=//dor.org/10.5154/r.rchscfa 2010.06.036

Rosenzweig C. Solecki W. Hammer SA. Melwotra S. 2011.
Climate change and cines: First assessment report of
the Urban Climate Change Research Network. Cam-
bridge Univessity Press, Cambridge, MA.

Salmi T, Maata A, Antilla P, Ruoho-Airola T. Amnell
T. 2002. Detecting trends of annual values of at-
mospheric pollutants by the Mann-Kendall test and
Sen's slope estimates — The excel template appli-
cation Makesens. Finnish Meteorological Institute,
Helsinki. Available at: https://www.rescarchgate.
net/publication/259356944 (last accessed on May
15,2019).

Schoof TJ, Robeson MS. 2016, Projecting changes in
regional temperature and precipitation extremes in
the United States, Weather and Climate Extremes 11:
28-40. https://dor.org/ 10.1016/).wace.2015.09.004

Sen PK. 1968. Estimates of the regression coefficient based
on Kendall's tau. Journal of the Amenican Statistical
Association 63: 1379-1389, https://doi.org/10.1080/0
1621459.1968. 1080934

Senevirame SI, Nicholls N, Easterling D, Goodess CM,
Kanae S. Kossin J, Luo Y, Marengo J. McInnes K.
Rahimi M, Reichstein M, Sorteberg A, Vera C, Zhang
X. 2012. Changes m climate extremes and their impacts
on the namiral physical environment In: Managing
the risks of extreme events and disasters to advance
climate change adaptation. A special report of Work-
ing Groups I and IT of the Intergovernmental Panel
on Chimate Change (Field CB, Barros V. Stocker TF,
Qin D, Dokken DJ, Ebi KL, Mastrandrea MD, Mach
KJ, Platmer G-K, Allen SK, Tignor M, Midgley PM,
Eds.). Cambridge University Press. Cambnidge, United
Kingdom and New York, NY, USA.

83



254 O. R. Garcia~-Cueto ct al,

Shen L, Mickley JL. Gilleland E. 2016. Impact of increas-
g heat waves on U.S. ozone episodes in the 2050s:
Results from a multimodel analysis using extreme
value theory. Geophysical Research Letters 43: 4017-
4025, https://doi.org/10,1002/ 2016GL 068432

Skelhorn CP. Lindley S, Levermore G. 2018. Urban
greening and the UHI: Seasonal trade-offs i heating
and cooling energy consumption in Manchester, UK
Urban Climate 23: 173-187. hittps://doi.org/10,10164.
uchm 2017.02.010

Smith R. 2001. Environmental statistics. Department of
Statistics, University of North Carolina, USA. Avail-
able at http:/Avww.statunc.edi/postscrpt/s/ envnotes.
ps (last accessed on May 30, 2019).

Song X, Zhang Z, Chen Y, Wang P, Xiang M, Shi P, Tao
F. 2014. Spatiotemporal changes of global extreme
temperature events (ETEs) since 1981 and the meteo-
rological causes. Natural Hazards 70: 975. hitps://doi.
org/10.1007/511069-013-0856-y

Tabari H, Marofi S. Ahmadi M. 2011. Long-term varia-
tions of water quality paramecters in the Maroon River,
Iran. Environmental Monitoring and Assessment 177:
273-287. https-/doi.org/10.1007/510661-010-1633-y

Tanarhte M, Hadjmicolaou P, Lelseveld J. 2015, Heat wave
characteristics i the eastern Mediterranean and Middle
East using extreme value theory. Climate Research 63:
99-113. hitps.//doi.org/10.3354/cr01285

Taxak KA. Murumkar AR, Arva DS. 2014, Long tenn spa-
tial and temporal rainfall trends analysis in Wainganga
basin, Central India. Weather and Clinate Extremes
4: 50-61. https://dot.org/10.1016/) wace 2014.04.005

Taylor KE, Stouffer RJ, Meehl GA. 2012. An overview
of CMIPS and the experimental design. Bulletin of
the American Meteorological Society 93, 4: 485-498,
hitps://doi.org/10.1175/BAMS-D-11-00094. 1

Thiombmno AN, El Adloum S, St-Hilmire A, Ouarda T,
El-Jaabi N. 2017. Nonstationary frequency analysis
of extreme daily precipitation amounts in Southeast-
ern Canada using a peaks-over-threshold. Theoretical
and Applied Climatology 129: 413-426. https:/doi.
org/10.1007/s00704-016-1789-7

Trenberth KE, Jones PD, Ambenje P, Bojariu R, East-
erling D. Klein Tank A, Parker D, Rahimzadeh F,
Renwick JA, Rusticuces M, Soden B, Zhai P. 2007,
Observations: surface and atmospheric climate change.
In: Climate Change 2007: The Physical Science
Basis. Contribution of Working Group I to the Fourth

Assessment Report of the Intergovernmental Panel
on Climate Change (Solomon S, Qin D, Manmng M,
Chen Z, Marquis M, Averyt KB, Tignor M, Miller HL,
Eds.). Cambridge University Press, Cambridge, United
Kingdom and New York, NY, USA.

Ummenhofer CC. Meehl GA_2017. Extreme weather and
climate events with ecological relevance: a review.
Philosophical Transactions of the Royal Society B
372:20160135, http://doi.org/10.1098/1sth, 201 6.0135

UN-Habitat. 2011. Cities and climate change: Global
report on human settlements. Earthscan, London.
Washington DC. Available at: https://unhabitat.org/
global-report-on-human-settlements-2011-cities-and-
climate-change (accessed on May 35, 2019).

Wang H, Chen Y, Chen Z, Li W. 2013, Changes in anmual
and seasonal temperature extremes in the and region of
China, 1960-2010. Natural Hazards 65: 1913, https://
doL.org/10.1007/s11069-012-0454-4

Wang XL, Feng Y. 2010. RHtestsV3 usermanual. Chimate
Research Division, Enviromment Canada, Toronto,
Canada, 24 pp. Available at: http:/groupware. smanet.
isprambiente iv'scidip/library/ts-homogeneization_re-
pinfo/r-scntp-user-manual/download/1/RHtestsV3
UserManual.pdf (last accessed on June 10, 2019).

Wang Z-H, Zhao X, Yang J, Song J. 2016. Cooling and
energy saving potentials of shade trees and urban lawns
i a desert city. Applied Energy 161: 437-444. htps://
doi.org/10.1016/) apenergy.2015.10.047

Waylen PR. Keellings D, Qiu Y. 2012. Climate and
health i Florida: Changes in nsks of anmal maxi-
mum temperatures in the second half of the twentieth
century. Applied Geography 33: 73-81. https://doi.
org/10.1016.apgeog.2011.06.007

Whan K. Zschesschler J, Orth R. Shongwe M, Rahimi M.
Asare E, Seneviratne S. 2015, Impact of so1l moisture
on extreme maximum temperatures. Weather and Ch-
mate Extremes 9: $7-67_ hups:/dx.doi.org/10.10164.
wace.2015,05.001

Wypych A, Sulikowska A, Ustrnul Z, Czekierda D. 2017,
Temporal varability of summer temperature extremes
m Poland. Atmosphere 8: 51, hups:/dot.org/10.3390/
atmos8030051

Zhang X, Yang F. 2004, RClimDex (1.0) user manual.
Climate Research Branch, Envirommnent Canada, 22
pp. Available at: https:/acmad.net/rec/procedure/
RClimDexUserManual pdf (last accessed on June 2,
2019).

84



Anexo B (articulo 2)
An Assessment of the Weather Research and Forecasting Model for Solar Irradiance

Forecasting under the Influence of Cold Fronts in a Desert ilNorthwestern
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Los prondsticos meteoroldgicaon unaherramienta Gtil para prever las variaciones a corto plazo de la
irradiacion solar provocadas por cambios en las condiciones atmosféricas a mesoescala y mejorar la
operatividad en sistemas de generacion eléctrica activados por energia solar. Gran partestel de
México comprende un clima desértico con altos niveles de recurso solar; los cielos despejados y bajos
niveles de humedad durante la mayor parte del afio, propician condiciones favorables para su
aprovechamiento. Sin embargo, en invierno el ldggmiento de masas de aire frio provenientes de
latitudes polares, generan cambios abruptos en el comportamiento de las variables atmosfguieas, 1o
incrementa el error de los prondsticos a corto plazo. Este trabajo se enfoca en la evaluacién del modelo
WRF para el pronéstico de la irradiacion solar global (GHI) considerando distintas parametrizaciones de
radiacion solar de onda corta (SW) y larga (LW), durante la influencia de cinco frentes frios (FF) que
afectaron a la region desértica del noroestdéco entre el 2017 y 2020. El FF fue simulado bajo cuatro
principales configuraciones de SW: Rapid Radiative transfer Model for GCMs (RRTM&)plGuU
(FLG), Dudiah y New Goddard. Los resultados se evaluaron con datos medidos en superficie e informacio
climatica del proyecto de Prediccion Global e Recursos Renovables (POWER) de NASA. La GHI
pronosticada con la configuracién Dudiah (SW), mostroé que existe una sobreestimacion del modelo WRF
durante la mayor parte de los periodos analizados; las predisanas acertadas, obtuvieron valores de
correlacion entre 0.85 a 0.91 y un Error Medio Absoluto (EMA) entre M .n12. En lapsos en donde
la intermitencia de nublados predomind, el porcentaje de sesgo (Mbias), aumentd hasta casi un 20%. La
evaluacid de las diferentes configuraciones propuestas, muestra las ventajas que la prediccion de la GHI
tiene principalmente con las parametrizaciones de radiaciéon Dudiah de SW y Rapid Radiative Transfer
Model (RRTM) de LW, esto brinda una herramienta meteoro#ogitii para mejorar la planeacion y
regulacion de la generacion eléctrica de las centrales activadas por energia solar ante el paso de sistemas

meteoroldgicos invernales de mesoescala.
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Abstract: Northwestern Mexico has a desert climate with high solar resources. Clear skies and Jow
humidity during most of the year favor their use. In winter, the arrival of cold air masses from the
polar latitudes cause instability and abrupt changes in atmospheric variables, increasing the error of
shoet-term forecasts, This work focuses on the evaluation of the Weather Research und Forecasting
(WRF) model for predicting the global horizontal irradiance (GHI), considering different parame-
terizations of shortwave and longwave solar radiation dunng the influence of five cold fronts that
affected the desert region of northwestern Mexico. The simulation was carried out under four main
shortwave configurations and the results were evaluated with surface ts and compared
with climate information froam NASA-POWER. The GHI predicted with the Dudhia parameterization
showed an overestimation of the WRF model during most of the analyzed events; the most accurate
predictions obtained correlation vahues between (085 and (.91 and a mean absolute ermor between 15
and 45 W m 2, In periods where intermittent clouds prevailed, the mean eror increased by almost
2% An evaluation of the different proposed configurations shows advantages with the shortwave
Dudhia and longwaye RKIM parameterizations, providing a useful meteorological tool for predicting
short-range variations in the GHI to improve the operability of solar power generation systems.

Keywords: desert cliimate; WRF; cold fronts; global horizontal irradiation; operational forecast; solar
radiation variability

1. Introduction

Solar power plants are a promising solution to reduce greenhouse gas emissions
into the atmosphere. Some studies have shown that the influence of cloudiness, ambient
temperature, and humidity are closely related to the accurate prediction of solar irradiance
variability, which directly affects power generation (e.g., Refs. [I-{]), Concentrated solar
power (CSP) uses direct solar irradiation to heat fluid until it vaporizes, then introduces
the vapor into an expander to generate mechanical work, which in turn drives an electrical
generator; photovoltaic (PV) technologies harness global solar irradiance and convert it
into electrical energy from semiconductor materials. In both cases, the prediction of solar
irradiance is crucial for the operability of power grids, allowing for better planning and
regulation of variable power generation [5]. In the residential, commercial, agricultural, and
industrial sectors, it is expected that solar-activated power generation systems (SGESs) will
gradually become accessible and affordable technologies for any user; they will continue
their large-scale expansion in various climatic regions, and will see sustained research and
development in the coming years, Therefore, the prediction of solar power generation will
become increasingly necessary in the short range [6,7].

Atsmospivee 2024, 15, 1300, hitps:/ /don oeg /10,3390 /atmos 1511150
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However, ane of the greatest vulnerabilities of SGESs lies in the uncertainty of the
intermiltency and natural variability the resource can generate, especially during mesoscale
meteorological events and extreme events; in the United States alone, it has been reported
that between 2000 and 2021, approximately 83% of interruptions in the electric grid were
attributed to extreme meteorological events, which annually affect the safety and public
health of citizens, in addition to causing damage to the electric infrastructure. Severe
weather events such as high winds and storms (58%), winter weather events (22%), and
tropical cyclones (15%) were among the top causes of power outages. Texas, Michigan, and
California stood out as the states with the most weather-related power outages [5].

For example, in 2010, a cold snap in France caused a spike in natural gas demand,
with approximately every degree Celsius drop in temperature resulting in an increase of
100 GWh in daily natural gas consumption. In January 2017, Spain experienced a three-day
period with a minimum temperature of 1.8 “C, which, combined with winter weather
conditions, market restrictions, and the need to supply electricity to France due to the
failure of its nuclear power plants, drove prices up to EUR 112.8 per MWh, the highest ever
recorded in the Spanish region [9].

The need for adequate weather forecasting to increase the reliability of electricity
generation in power plants supplied by renewable resources has become relevant in North
America, In February 2021 in Texas, USA, the slow movement of an intense cold front
associated with an Arctic air mass caused several events that interrupted the electricity
supply to almost 10 million people for several days. During the influence of the weather
system, the generation of the main energy sources in Texas (natural gas, wind, coal, nuclear,
and solar) decreased, which, in a cascading effect resulting from the extreme winter condi-
tions, led to a significant deficit in the generation of natural gas, causing an over-demand
of the available energy; as well as the death of 111 people due to the impact of the winter
system [10].

In the western United States, southern California, Arizona, and part of the desert
area of northwestern Mexico between Baja California and Sonora, there is a region of
extreme desert climate that is of particular interest for study due to its interaction with
extreme weather events in winter; according to the Climate and Weather Disaster Report
for California and Arizona from 1980 to 2024, severe storms, freezes, and floods during the
winter season can cause significant stress on energy demand in the region [11],

Over the southwestern United States and northwestern Mexico, winter frontal systems
occur between September and May, with an average of 55 events per season, according to
historical weather reports from the National Meteorological Service of Mexico (SMN) over
the past 10 years, Considering the historical data on the occurrence of winter frontal systems
based on the synoptic analysis of the Weather Prediction Center [12] archives, ap proximately
40" of the total frontal systems cach season enter the western and southwestern United
States, affecting Southern California and Baja California.

Weather forecasting considers two important time scales to differentiate the variability
that affects the prediction of the solar resource: (1) Medium-range forecasts, which are
mainly influenced by long-term weather patterns in the atmosphere that may include
periods longer than 120 h or correspond to climatic oscillations that regulate the mete-
orological conditions of a region for long pericds as annual cycles or longer [13]. The
second scale of interest, which is the focus of this analysis, involves a smaller temporal and
spatial coverage and is known as (2) short-range forecasting. This scale includes variations
related to meteorological phenomena lasting from a few minutes to about 72 h and with
spatial coverage ranging from 0.01 km to 100 km. Some meteorological phenomena, such
as storms, tomadoees, and cold fronts, produce vartations in solar irradiance that develop
within the spatial and temporal honzons that can be predicted by short-range weather
forecast [ 14], as shown in Figure |,
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Figure L Time scales of weather and climate prediction with reference to the spatial and temporal
horizons of some atmospheric phenomena (modified from [15]),

Climate models are a fundamental tool in the investigation of long-range atmospheric
vanations; they are capable of representing general patterns of temperature, humidity, and
precipitation over a large region; however, their low resolution makes it difficult to analyze
spatial scales smaller than 100 k. Among the forecasting methods capable of capturing
local vanability are statistical models (SMs) and numerical weather prediction (NWP)
computational models, Statistical models require a robust dimate and meteorological
database of the site, from which meaningful statistical relationships are established for
the prediction of atmospheric variables [16]. NWT can be based on initial data available
from different global models, satellite data, and reanalysis information, They also allow for
the configuration of high-resolution domains for a specific region and offer the possibility
of selecting different physical parameterizations of atmospheric processes for small-scale
experimental purposes. Among the studies that have focused their interest on the short-
range prediction of solar irradiance at sites with potential for solar energy harvesting,
we can mention [17], whose authors conducted an evaluation of the Weather Research
and Forecasting (WRF) model in the region of Andalusia, Spain, using three-day periods
throughout 2007 and 2008 to collect clear, partially covered and cloudy days in different
seasons of the year. The results of the model showed that there was a greater number of
successes in the prediction of solar irradiance during spring and summer, while fall and
winter showed greater inaccuracies. Cohen et al. [15] conducted a review of planetary
boundary layer (PBL) parameterization schemes, such as Yonsei University (YSU), Quasi-
Normal Scale Elimination (QNSE), Mellor—Yamada-Janjic (MY]), Asymmetric Convective
Model 2 (ACM2), and Medium-Range Forecast Model (MRF), by simulating a cold season
in the southeastern United States (winter-spring), where the simulation of humidity and
temperature meteorological variables under severe convective weather conditions was
analyzed. The results showed the advantages and disadvantages of local and non-local
parameterizations during the influence of mesoscale systems, where the implementation
of the YSU parameterization in the PBL was particularly notable. In a similar effort to
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evaluate parameterization schemes, in 2016, the authors of [4] conducted a study overa
large region of Greece, characterized by a Mediterranean climate. This study involved the
simulation and analysis of one year of horizontal =olar irradiance measurements, focusing
on the variation in shortwave parameterization schemes in the WRF model for clear day
cases and “all cases”, which included different cloudiness conditions. The statistical results
showed that clear days were satisfactorily predicted under the Dudhia parameterizations,
but in the rest of the cases, different parameterizations stood out according to the seasons
of the year. In 2019, Ref. [5] evaluated different WRF model parameterizations for global
solar irradiance prediction in a Mediterranean climate in the southeastern region of Turkey.
The study simulated different periods of the year to characterize the model’s behavior in
different seasons. Among its results, the study highlighted the favorable performance of the
shortwave FLG and RRTMG parameterizations, and it retained YSU as its only variation in
the PBL parameterizations,

In 2020, the authors of [19] performed a short-range forecast in Australia with the WRF-
Solar model, with an emphasis on the simulation of solar irradiance and meteorological
variables for 24-48 h periods, which they called “high solar intermittency days”; these
were selected over a year of on-site measurements based on the determination of the
clearness index, which partially related the interaction with the influencing cloudiness.
Among their most oustanding results, the authors pointed out that the prediction errors in
wind speed and direction were closely related to the doudiness circulation. These results
gave rise to works such as the one carried out by the authors of [20], in which, under
the continuation of the search for improvements for short-range solar prediction and the
influence of other meteorological variables related to the interaction with cloudiness, they
selected several periods of temperate climate for the northeastern region in Germany, which
were considered relevant to their variability on that time scale. They simulated periods in
which the region was influenced by cold, warm, and occluded frontal systems. The RRTMG
and Dudhia schemes were used, and it was found that the most favorable prediction results
were obtained with RRTMG for almost all cases, except for occluded fronts.

Based on the background information, which shows that no studies have been con-
ducted to predict solar irradiance in desert climates during winter seasons, this paper
presents an evaluation of the WRF model for the prediction of the global horizontal irradi-
ance (GHI) by simulating five cold fronts over the desert region of northwestern Mexico,
recorded between 2017 and 2020, The events were selected for having registered abrupt
changes in GHI, ambient temperature (Tamb), and relative humidity (Hrel), in addition to
having a similar duration and having generated clouds at different times of the day,

Each experiment was run under four different configurations of solar radiation settings
of the WRF model. The results obtained were compared with surface measurements
from automatic weather stations, solar pyranometers, satellite data, and a reference to a
persistence forecast. The Dudhia and RRTMG parameterizations of the WRF allow fora
more accurate estimation of the behavior of the GHI variable during the passage of the cold
fronts, which can be used to make a better short-term prediction of the electricity generation
of the solar power plants in the event of short-range meteorological events, as well as
allowing for the planning and definition of operational strategies in solar power plants,

2. Materials and Methods

In order to predict the variability of solar irradiance during the influence of winter
frontal systems in the desert region of northwestern Mexico, the following steps were
carried out: an analysis of the synoptic behavior of mesoscale systems, a selection of the
case study sample (winter cold fronts), configuration of the WRF computational model,
definition of domains, and selection of the solar radiation parameterizations. Finally, the
results were statistically evaluated to analyze the performance of each proposed configura-
tion and to identify which conditions showed the best results for evaluated frontal systems.
The methodology used is shown in detail below.
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2.1. Geographical and Climatological Description of the Study Area

The area of focus for this study is the desert zone of northwestern Mexico, with the
city of Mexicali, Baja California, selected as a representative point, given its exposure
to the extreme events characteristic of this region. The city of Mexicali is situated on
the border with the United States, in the extreme northwest of Mexico (N 32730718 468",
W —1158'51.756""). It is bordered to the north by the US state of California and to the
northeast by the US states of Arizona and Sonora. During the summer months, the average
maximum temperature is 42 ° C, with occasional readings reaching 45 “C. In contrast, the
average minimum temperature during the winter months (December to February) is 9 °C,
with occasional readings reaching 2.5 °C [21]. During the summer months, the maximum
GHI reaches 1200 W m 2, with 600 W m ? recorded on some winter days. One of the
primary meteorological phenomena affecting the northwestern desert region during the
winter season is the occurrence of cold fronts, which span from September to May, with
the majority occurring between December and March. As [22] notes, frontogenesis occurs
when two air masses, one cold and the other warm, collide. The cold air mass displaces the
warm air mass, and the surface separating both is called a “cold front”, A cold front (CF)
generates significant vertical displacement within the atmosphere. The air forced to rise
is cooled adiabatically, resulting in the formation of low and medium clouds, as well as
large convective clouds. These clouds are associated with storms, fog, or heavy rain, and
they can occur in a relatively short period of ime. Additionally, maximum temperatures
decrease and wind speeds increase as a result of cold fronts. As illustrated in Figure 2, the
CF events documented in the study region have their onigin in the vicinity of the North Pole.
They commonly traverse a portion of the west coast of the United States and reach northemn
Mexico, where they may either move southward within the country or eastward across
the southeastern border region. They may also traverse the northem and central regions
of the United States before reaching Mexican territory or approach lower latitudes to the
east, ultimately entering the Gulf of Mexico. A synoptic situation of particular interest for
this study can also occur, in which a CF with characteristics of a maritime polar (mP) or
tropical maritime (mT) air mass moves over the west coast of the United States, acquires
a greater influence of Pacific Ocean moisture, and enters northwestern Mexico (Figure 7).
The duration of these mesoscale systems in northwestern Mexico can vary from one to four
days, similar to that described by the authors of [23] in their study of the passage of cold
fronts over the northwestern coasts of the Gulf of Mexico. They are typically associated
with moderate rainfall, a decrease in maximum temperatures, and an increase in wind
speeds. Their influence can also result in the formation of partial clouds, which contributes
to a significant short-range variability of the GHIL

To meet the duration and variability criteria for a typical winter event in the study
region, Table | presents a selection of five cold fronts that affected the northwestern area
of Mextco between 2017 and 2020, These events were identified using data from the
Mexicali, Baja California meteorological station and NASA data base viewer [24]. As
this study classifies frontal systems according to the characteristics of the cold air masses
associated with them, including polar maritime (mP), tropical maritime {mT), and polar
continental (cP”) air masses, it was essential to observe the displacement of each frontal
system in historical synoptic maps at least 48 h prior to its arrival in the study region, This
classification allows for the association of an additional descriptive characteristic in relation
to each event.
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Figure 2 Graphical representation of the alr masses assocated with winter frontal systems affecting
northwestern Mexico, depending on thelr origin: mantime tropical (mT), maritime polar (mP),
continental polar (cP) and continental tropical (cT), Own elaboration. The symbol “** indicates the
location of Mexicali, Baja California (own reproduction).

Table 1. Events (cold fronts) smulated in the experiments.

Event Air Mass-Associated Year Date

CFD1 Maritime polar (humid ) 2017 January 17 to 21
CF2 Maritime polar and tropical (humid) a7 February 15t0 19
cAa Maritime polar (humid) 2108 January 185 to 22
(@210 Continental polar (dry) 2018 December 20 to 24
g -Mkritiee palerand tiopheal ¢ post 220 November 5 109

Tropical storm mfluence (humid)

2.2. Measured Data

The initial conditions of the WRF model are based on the Final Operational Global
Analysis (FNL) data from the National Center for Prediction and the Environment (NCEP),
This dataset has a spatial resolution of 1 x 17 and a temporal resolution of 6 h, 26 vertical
levels, and global coverage [25], To validate the results obtained with the WRF model,
they were statistically compared using data measured by an automatic weather stations
model Davis Vantage Pro2 and a pyranometer model CMP-10 (Kipp & Zonen, Delft, The
Netherlands), installed at the UABC Engineering Institute, Mexicali, Baja California, as
representative of the study region (Figure 2). To verify the accuracy of the simulation results,
carresponding hourly data were also collected from the NASA-POWER dimate database,
which is a satellite/reanalysis model [ 24] and has been used in some studies to estimate
weather variables and test their reliability against meteorological measurements [26,27]
Additionally, the results were compared with data from the persistence forecast, which is a
term used in weather forecasting to indicate that there is no change in the weather from one
day to the next. As noted by [25], forecasters frequently identify instances where a forecast
maodel exhibits suboptimal performance and hypothesize the presence of a persistent error
in the model when similar conditions occur again, To this end, it is essential to quantify
the discrepancy of a suboptimal forecast model across successive days, regardless of the
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prevailing meteorological conditions. This enables forecasters to assess the potential for
model enhancement and identify the critical areas of divergence within the simulation [29].

2.3. Model Setup and Parameterizations

WREF is a numerical weather prediction (NWP) model and an atmospheric simulation
system designed for research and operational applications [30]. [t represents the state
of the atmosphere in a three-dimensional grid in terms of fundamental variables and
is considered a non-hydrostatic model that solves the primitive equations that describe
the atmospheric circulation, It also allows for forecasting meteorological variables with
a high resolution from initial and boundary conditions. Within the model, there is the
possibility of configuring parameters that influence physical atmospheric processes related
to radiation, convection, and cloud microphysics, among others. These processes take place
mainly at low levels of the atmosphere and are represented by modules called physical
parameterizations, which consist of algorithms that calculate the effect of the phenomenon
indirectly from the variables that the model is able to resolve, and once resolved, the effect
or trend s applied to underlying fields of the domain proposed for a study area in the
model [31],

The main variations that affect solar radiation during its passage through the at-
mosphere are mostly due to doud scattering processes; however, aerosol scattering and
humidity also play an important role. Many NWP models have minimized the effects of
aerosol scattering, and have limited themselves to the use of climate data to substitute
for the lack of measurement methods to obtain these values in the modeled area. This
simplification has led models to make errors of up to 20% in their predictions [32].

More and more models include advanced shortwave (SW) solar radiation parameteri-
zations based on two-stream or four-stream solvers of the radiative transfer equation (RTE)
in multiple spectral bands [33]. The RRTMG [34] and its predecessor RRTM schemes [35],
used in this research, are examples of schemes that combine the need for global and regional
models in solar prediction. The RRTMG scheme focuses on the representation of variations
due to water vapor, carbon dioxide, nitrogen, acrosols, Rayleigh scattering, and cloudiness;
this scheme and RRTM have great similarity, but their major difference lies in their multiple
scattering calculations and subscale parameterizations of cloudiness.

Under clear sky conditions, RRTMG can be expected to have a prediction error of about
(13" with respect to RRTM [34], The Goddard scheme, used in this research, was developed
by NASA at the Goddard Space Flight Center for application to climate models [36],
Goddard is similar to the Fu-Liou-Gu (FLG) scheme, also implemented in the modeling
proposed in this research, since it calculates the radiative flux from the 4- and 2-stream delta
methods for 6 spectral bands, less than any other previous scheme [37], The WRF model
has more than 10 schemes in SW and longwave (LW) radiation. The four parameterization
schemes mentioned for SW (RRTMG, RRTM, FLG, and Goddard) partially correspond to
the methodology used by [5] for Turkey, where it was implemented under different cloud
cover conditions with the purpose of identifying the best model configuration that favored
the GHI prediction, as they implement different algorithms for radiative flux calculations,
the representation of different numbers of spectral bands, and the simulation of different
scattering sources such as gases and acrosols. Some similar configurations of SW solar
parameterizations for WRF also stood out for their exploration in previous studies and
their validity in the model {e.g,, Refs, [4,19,20]).

2.4. Domains and Configuration

Three domains were used, a parent domain (D01) and two nested or interior domains
(D02 and DO03), as detailed in Figure 3. In these domains, a 3:1 resolution ratio was
maintained, with the highest resolution in D03 having a grid spacing of 2.3 km, centered
at the point of surface measurements. The domains were sized in this way in order to
capture the occurrence and progressive displacement of the CF developing offshore to the
northwest and entering from the west of the region.
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Figure 3. Domains of the simulations of the study area. D01 and D2 consider the southwestern
United States, northem Mexico, and part of the Pacific Ocean and the Gulf of California; and D03
contains the representative area of Mexicaly, Baja California (own preparation),

All experiments comprised a simulation period of 120h (Table 1), The simulations were
performed with the WRF-Solar model version 4.3 [ )] and four different configurations
were applied, as shown in Table 2. The focus of this work on improving the GHI prediction
propesed mainly varied the radiation parameterizations in four combinations of SW and
LW, while the rest of the parameters such as microphysics, surface, and cumulus only
underwent necessary changes due to the compatibility of the options with cach other. In
the parameterization of the planetary boundary layer (PBL), YSU was used, based on
the results that showed the experimentation performed for a winter-spring season in the
southeastern United States by [15]. The results of all simulations were extracted from the
highest resolution domain (D03), according to the coordinates of the meteorological station
from which the measurements were obtained

Table 2. Configurations used in the simulation of each ¢vent

Parameterization Option 0 dhu Opnon 3
RRTMG Du

Microphysics W5Mb wst- Goddard ICE

Surface Layer Monin Obukhoy Monin (kahm Manin Obukhov Maonin Obukhov

Surface Physics Noah Noah Noah Noah

Cumulus Kain Firtsch Kain Firtsch Kain Firtsch Kain Firtsch

PBI Ysu Ysu Ysu YSU

2.5. Statistical Metrics

For the evaluation of the results, the statistical errors between the simulated data in
D03 (Figure %) and the measured data of GHI, ambient temperature (Tamb}, and relative
humidity (Hrel) were calculated with a total number of data N= 720 for each event. The
mean absolute error (MAE) represents the measure of the closeness between the measured
and simulated values in terms of absolute value (1). The mean bias (MBIAS) is represented
in units of the varlable measure of the mean trend of the simulated and measured values,
where values clase to zero are the most favorable, positive values indicate an overestimate,
and negalive values an underestimate (2). The root-mean-squared error (RMSE) was also
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calculated, which gives more weight to the mean dispersion of the errors individually
(3) [35].

A Taylor diagram compares modeled and observed values, and several of which are
used to show a statistical summary of how the results of a model's output agree in terms of
dispersion and corredation with each other; standard deviation is shown in the x- and y-axes
and Pearson’s correlation coefficient is pointed out at the circumference of the diagram [39].
The normalized reference values for GHI, Tamb, and Hrel correspond to the measured
values and are located at the bottom center of the figure.

N ~ X -
MAE=Y" | Xmeasured — Xforecasted) a

i=1 N
1 N
MBIAS = N Y (Xmeasured — X forccasted) 2)
fel
T y
RMSE = v' N Y (Xmeasured — X forecasted) 3)
i1

3. Analysis and Discussion of Results

This paper presents the forecast results of the GHIin a WRF model for cold frontal
systems in a desert region. In order to perform the simulation of the selected events, four
different configurations of physical parametenizations were tested, optl), optl, opt2, and
opt3, which were propased for the prediction of short-term irradiance variability due to the
influence of other meteorological variables and cloud circulation by mesoscale events, as
mentioned previously in Table 2. Given the extent of the statistical comparison
for the five frontal events and the similarity of the results obtained for events CFO1, CRO2,
CR3, and CF4, only the prediction errors of the most favorable case (CF0M) and the least
favorable case (CH)5) are discussed and compared, Furthermore, the analysis of these
two cases s of great interest in the evaluation of the WRF model due to the contrasting
charactenistics under which the frontal systems were classified: the first (CFO1), as a "wet”
event, is mainly associated with a polar maritime air mass, and the second (CF05) is mainly
associated with a tropical maritime air mass and the influence of synoptic conditions
particular to the transition season from autumn to winter in the study region, as mentioned
above in Table 1.

3.1 Variability of Cold Fronts in @ Case Study

In order to analyze the correlation and variability of the forecast with respect to the
observed data, the forecasted data series of frontal systems CFO1 and CFDS were plotted
by variables in scatter plots, They were differentiated into diurmal (10:00 am to 5:30 pm)
and noctumal (6:00 p.m. to 9:30 a.m.} periods as shown in Figures 4 and 5. In Figure 4,
corresponding to CFO1, it is possible to observe that the GHI showed a behavior with a
marked linear trend and the greatest dispersion of points graphed was observed from
values above 500 W m 2 for most of the options, i.e., a large number of the predictions
commit a similar estimation error. Within the GHI, it can be highlighted that some data
points corresponding to optl are located further apart from the data cloud than the rest,
mainly in overestimates in the range of 400-700 W m 2. With a similar behavior, in the
range of 300-700 W m 2, the points corresponding to opt3 showed overestimates. The
scatter plot for the GHI shows coherent results for the predicted values in the night period,
ranging from 0 to 30 W m 2. Tamb groups mest of its values within a linear trend and
shows a greater scatter of points at values above 125 "C. The lower temperature values,
in the range of 7.5 to 11 °C, show a good correlation with respect to the measured values,
and the night periods predominate. Temperatures between 11 and 20 “C show that the
points are dispersed to the left of the data cloud as an underestimation of the day and night
data of opt2, and to the right, in the same range as a diurnal, an overestimation of opt0
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and opt3. In the Hrel variable, it is observed that the lowest dispersion of points is located
between the values in the range of 20 and 40", mainly in diurnal periods; while the rest of
the values show a gradual increase in dispersion as they approach values greater than 60,
In the Hrel values, the daytime and nighttime periods are homogeneously dispersed in the
40-60% range, showing an overestimation, and this behavior is highlighted in the axis of
the predicted values upon observing the dispersion of points in the 60-80% range for opt2;
in the same range, but in the axis of the measured values, most of the options in daytime
and nighttime periods are an underestimation.
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Figure 4, Scattering points differentiated m night and day penods of the solar radiation, relative
humidity, and ambient temperature variables (left to right) with respect to the data predicted in the
CFOT event.
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Figure 5. Scattering points differentiated m night and day periods, of the solar radiation, relative
humidity; and ambient temperature variables (left to right) with respect to the data predicted in the
CFO5 event.

Figure 5, corresponding to event CFO5, shows that the GHI is the variable with the
greatest dispersion in the point cloud and that the estimates show a greater dispersion
within the range of 400-700 W m ™2, Itis possible to distinguish its positive linear trend;
however, the errors that the prediction makes by overestimating or underestimating values
equal to or greater than 600 W m ' in most of the options stand out. With regard to
the overestimates, opt2 and opt3 stand out, while for the underestimates, it is opt0. The
Tamb is generally grouped with a dlear positive trend and little dispersion of points in
the data. The highest values in the range of 30-35 "C in diurnal periods, which show
possible overestimates at values above 30 °C, stand out for their greater dispersion. The
Hrel also shows a dispersion of data that tends to a linear correlation. The data cloud
i« more dispersed in the area of the minima and maxima values of the series, although
underestimates predominate. However, although the differentiation between daytime and
nighttime data is not clear, since they are homogeneously distributed in the data cloud, a
normal pattern of behavior can be observed by locating a majority of nighttime points in
the region of maximum values (greater than 50%), and of daytime periods in the region of
the graph with the minimum values (below 30%). Both the overestimates shown by the
GHI and Tamb could be due to the varability generated by the meteorological event upon
arrival at the study point, which generated a significant error in the model’s prediction
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due to the abrupt change in these variables by influencing the humid air mass, which
is reflected in the diurnal underestimates. The overestimation of the Hrel conditions of
CFO1 was what marked the main difference with respect to CFU5, in addition to favoring
a greater variability of Tamb of the former with respect to the latter. The conditions of
underestimation of the GHI for CR)5 were not present in CFO1 in a significant way.

3.2. Taylor Dungravoms

The results obtained with the different proposed configurations were also compared
graphically in terms of Pearson’s correlation coefficient values and standard deviation,
normalized with a Taylor diagram as shown in Figures 6 and 7. In Figure 6, corresponding
to event CFO1, it is observed that the variable with the highest similarity to the observed
data was the GHIin the data measured by NASA, with correlation values around (.98,
followed very closely by the opt2 configuration prediction in the same variable. The rest of
the forecast options for the GHI variable were very close to each other with values around
a Pearson’s correlation of between 0.92 and 0.94 and a standard deviation close to 1. The
persistence forecast representing the variability with respect to the previous day, as expected
due to the influence of the frontal event, was the least favorable prediction, with corndation
values close to 0.82. The predictions of the Tamb variable showed Pearson’s correlation
values between 0.85 and 0.89 in the proposed configuration options (opl0, optl, opt2, and
opt3), which were grouped with similar values and a standard deviation close to 1. The
values measured by NASA in Tamb obtained one of the lowest correlation values with 0.82
and a standard deviation of approximately 1.50, which could be due to the differences in
resolution in the mesh of the model. The persistence forecast showed correlation values of
(.88, similar to the prediction options, which showed that there was no significant ambient
temperature variability during the frontal event. The Hrel predictions in CF01 presented
the least favorable correlation values compared to the rest of the normalized variables,
as well as a higher standard deviation with values close to 2, The correlation values in
Hrel were less than 0.60 in all the proposed options; opt0, opt2, and optd showed very
similar values between them, ranging between correlations of 0.40 and 0.55. Given the
characteristics of CFU1, favorable values were obtained in the prediction of solar irradiance,
followed by the Tamb variable, with the least favorable prediction being Hrel,

From Figure 7, corresponding to the Taylor diagram of event CF05, it is possible to
observe that one of the best-predicted variables was Tamb, with correlation values that
ranged from 0.85 to 097, The Hrel and GHI variables showed similarity, with most of their
predictions ranging from 0.75 to 0.9 and standard deviations between 1.5 and 2; however,
optl in both variables can be considered as the most favorable results for Hrel and GHI,
followed closely by opt2 with similar values. [n this same comparison, the data measured
by NASA were favorable in the prediction of the GHI and Tamb, but not so for Hrel, where,
despite showing a correlation higher than 0.9, a standard deviation close to 2 was obtained.
This is possibly associated with local conditions of moisture transport at low levels of
the atmosphere, which NASA measurements failed to represent. As mentioned above,
it is important to note that in event CF05, the GHI predictions were less favorable than
in CFO1, P.e., the local humidity factor at the study site during the passage of the frontal
system generated errors in the model predictions, The results of the GHI predictions in
the two frontal events showed that the proposed prediction options were more favorable
in the CF01 event, which is associated with a polar maritime air mass; in the prediction
of event CFO5, the standard deviation values were higher, passibly due to the influence
of the tropical maritime air mass with the influence of ODALYS, a weak and short-lived
tropical storm that remained over the western portion of the Eastern Pacific basin from 3 to
8 November with a peak on 4 November and low remnants from 5 to 8 November [40].
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Figure 6. Taylor diagram of the results of the GHI (vellow), Tamb (red), and Hrel (blue) for the
CFO1 event.
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Figure 7. Taylor diagram of the results of the GHI (vellow), Tamb (red), and Hrel (bluc) for event CFOS

3.3. Analysis of Statistioal Vahies

Table 3 shows the statistical values of the CHO1 forecast classified as a system with
greater influence of a polar maritime air mass. Considering the characteristics of each
statistic used to quantify the error in the simulations, it is necessary to analyze and discuss
every result for each of the varables. In the statistical results, it is observed that opt2
predominates aver the rest of the configurations for mast of the simulated variables.
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Table 3. Results of RE, MAE, MBIAS, and RMSE for the prediction results for each configuration
option for event CFiL

CFn optd optl opt2 opt3 NASA Persistence
GHI (.86 0.86 0.87 0.8 094 069
Tamb 0.74 0.78 073 075 067 078 %
Hrel 02 0.143 021 023 035 019
GHIWm? a5 065 35.66 213 24 5312
Tamb 'C 17 1.36 1.23 1.32 242 119 ‘3’
Hrel % 1312 131 12.26 12.4 143 14.57 -
GHIWm * ~29.1 ~39.21 ~162 ~28.6 ~29% 496 %
Tamb °C ~143 -1.04 -022 ~088 172 0.1 B
Hrel % 1057 9.45 527 9.54 -89 ~-0.34 =
GHIWm 2 923 1015 8136 9506 485 167
Tamb °C 206 17 156 1.68 299 151 §
Hrel % 1796 1853 15.75 1642 1% 17.77 =

For the GHI variable, the determination coefficient R? shows values between 0.69 and
(.94, The values measured by NASA obtained the most favorable estimate with an R? of
0.94; however, there was no significant difference between the proposed prediction options,
which ranged between 0.86 and .87, The pensistence forecast showed the lowest coefficient
value with an R? of (.69, suggesting an attribution to the daily variability generated by the
event. A similar pattern of correlation was observed in the statistical results for the Tamb
and Hrel variables, where the R? of the simulation options showed values between 0.73
and (.78, and 0.14 and 0.23, respectively. The R? values for the Hrel variable were the least
favorable of the proposed configuration options.

In the MAE statistic, the GHI simulation option corresponding to op12 was considered
the best result because its values were the lowest among the options with 35,66 W m 2
and with an error 18% lower than the rest; in the measured data from NASA, the lowest
value was obtained with 22.35 W m 2, which represents a difference of only 35% with
respect to the opt2 simulation, For the Tamb and Hrel variables, the MAE values in the
opt2 configuration options were also the most favorable with a difference of approximately
40% in Tamb and 9% in Hrel with respect to the rest of the options,

For the GHI variable, all the proposed simulation configurations showed a negative
MBIAS: 0pt2 with a value of —16.22 W m~2, while the rest had higher negative values
up to -39 Wm ?, in contrast to optl, The RMSE statistic showed a similar pattern for
opt2, where, with a value of 8136 W m~2, it was the best evaluated configuration option.
The MBIAS values were the most favorable across the board, Le., the lowest values of
this statistic for the GHI were from NASA were from NASA and the persistence forecasts
with a value of —2.96 and 4.96 W m 2, respectively; however, with only a difference of
~132W m™2, opt2 was the best of the predictions. Of the proposed configuration options,
opt2 showed the most favorable values for most of the statistics, except for R?, where
the predictions were evaluated with values that were similar to each other with only a
difference of one-tenth.

The variables Tamb and Hrel obtained a favorable estimation with low values in most
of the statistics. Tamb showed R? values between (.67 and 0.78, with the highest value
in optl, similar to that of the persistence forecast and slightly different from opt2 with
0.73, which dominated in the rest of the statistics, Finally, it is important to note that the
measured NASA data, for the R?, MAE, MBIAS, and RMSE statistics in Tamb and Hrel,
made errors that, at times, in the statistical evaluation, resulted in scores that were a less
favorable “prediction” than some of the proposed options.

The statistical results of the CF05 event, classified as wet and with the influence of
a tropical cyclone prior to its displacement in the study area, are shown in Table 4, The
GHI variable showed the most favorable values of R? in the opt1 with 0.86, while the opti)
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was the least favorable, with 0.7 followed by the persistence forecast with a value of (.68,
In MAE, a similar pattern to the previous event could be observed, since according to the
values, the best evaluated option was opt1 with 47.14 W m 2, followed only by opt2 with
47.55 W m2; the MBIAS values remained negative in all options, where opt2 showed a
lower bias with —22.81 W m~2, in contrast to the highest bias, corresponding to opt3, with
—43.95. W m %, The RMSE reflected that the values of 10435 Wm ? and 10833 W m ? for
optl and opt2, respectively, were the most favorable and did not show a large difference
between them. As can be seen in the CFO5 statistics, it is not possible to apprediate a clear
trend towards any of the proposed options; however, relevant values were identified in
almost all the options except optll.

Table 4. Results of RE, MAE, MBIAS, and RMSE for the prediction results for each configuration
option for event CFO5,

CFos optd optl opt2 opt3 NASA Pervistence

GHI 0.77 0.8 082 083 094 068

Tamb 093 093 091 094 0.89 067 x
Hrel 0.78 0™ 0.79 0.78 084 042

GHIWm~? 598 a7 7.5 55.51 2094 51.63 &
Tamb “C 114 116 152 108 213 338 S
Hrel % 7.9 7.37 6.91 7.67 9.7 927 <
GHIWm? 2962 -34.53 281 5395 595 208 %
Tamb 'C ~0.4 0.06 091 0.18 0.98 -245

Hrel % 6.72 617 7 505 -1.53 353 g
GHIWm 2 12058 10435 10833 119,63 19.07 126,61 w
Tamb °C 166 157 201 153 267 439 Z
Hrel % 983 954 9.12 a7 1184 11.34 =

The Tamb and Hrel variables showed a satisfactory estimation in most of the statistics
for each of the configuration options. However, according to the small differences shown
in the evaluation, it could be complicated to define an optimal option. The Tamb variable
showed good results, especially in opt3, where R%, MAE, and RMSE were the most favorable
among the configuration options. For the Hrel variable, it can be highlighted that there are
unfavorable statistical values compared to the rest of the variables; this was generally the
least accurate prediction in the CFO5 event; however, opt2 stood out as the configuration
with the best statistical results. Its highest R? value was obtained in optl and opt2 with 0.79.

4. Conclusions

In this work, four proposed configurations of the WRF model's physical parameteri-
zations are generated and evaluated, focused on the prediction of the GHI for five frontal
systems in the study region. The Tamb and Hrel are of great variability during this type
of winter events, so they were considered in the discussion of the predicted GHI behavior
Based on the dispersion analysis of the point series, the evaluation of statistical errors
between measured and calculated values, and their respective correlations, it can be con-
cluded that the predictions of the GHI, Tamb, and Hrel variables within a range no larger
than two standard deviations were able to simulate the behavior of atmespheric conditions
during the passage of a winter frontal system. However, according to the evaluation of the
statistical results obtained in all the case studies, the opt2 configuration corresponding to
the Dudhia and RRTM solar radiation parameterizations was the most favorable for most
of the events.

During the period of influence of the frontal systems analyzed in the study region,
it was perceived that the WRF model made errors of underestimation and showed a lack
of sensitivity to the rapid variability generated by possible clouds and humidity at low
levels of the atmosphere, which was visible during the first 12 h, in which the cold front
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entered the study region. For the most part, it is clear that opt2 dominated with the most
favorable statistical prediction values. Predictions of the Tamb variable obtained the lowest
errors despite a general overestimation evidenced in the MBIAS values. The predictions
of Hrel showed different values in the errors; however, they did not exceed the MAE of
13% nor the 10.6% overestimation in the less favorable cases. The fact that the Hrel variable
responded with low correlation values and a relatively high error percentage could be
closely related to the behavior and natural variability of the on-site measurements. Given
the characteristics of the CR5 study event, this analysis suggests that the WRF model has
difficulty in predicting the variability of the humidity of a cold front associated with a
tropical maritime air mass and its interaction with Pacific upwelling moisture associated
with the passage of tropical cyclones that transport moist air masses from latitudes to
the south.

The results of the data measured by NASA stood out as a potential tool for the
adjustment of the case studies analyzed, mainly due to the low errors shown in their
measurements when recording the Hrel and GHI variables during the influence of frontal
events associated with humid air masses.

The comparison between the persistence forecast and the predictions generated by
the four WRF model parameterization configurations showed the capacity of the model to
improve the prediction of atmospheric variables under the influence of cold fronts, Based
on the observation of the Taylor diagrams and the analysis of the statistical errors, it can be
concluded that the model configuration corresponding to the opt2 had the best performance
in the prediction of the variability of the solar irradiance GHI, under the influence of a
frontal system in the desert region of northwestern Mexico. It was also possible to observe
the importance of associating humidity charactenstics to frontal systems as a potential factor
that hindered model predictions in this study area. This analysis provides a configuration
of the WRF model that can be used as a meteorological prediction tool to directly associate
the vanability of solar irradiation in the estimation of short-term electnc power generation
in solar-activated plants, under the influence of winter systems in desert regions, It is
proposed in future work that the opt2 configuration be tested under different planetary
boundary layer parameterization options, where its performance will be evaluated in other
similar climatic regions, and the sample of frontal events with humidity characteristics
associated with tropical marnitime air masses be increased.
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ARTICLE INFO ABSTRACT

Kepwsnis: The soll tempesnnue peofile iy useful for different engin ch and Srure areas. In recent

foed tempesanie varitico ywars, the growth of direct wses of peath d energy has i i the interent in wil tempernture pralictics

i EXri msedels. This research paper numerically models the soil {otion under desert climoe

:m::;’;m“‘““ Jitians snd compues it with exp 1idata I na-site to evalute the relibility of mumerical
mkhhua!un& ck | jent stare heat coods s 3 tool foe the evalumzion of low

uzing fogical data aml sod thermal propertios. From the study maults, it
mbemmh-ledmnm:-edmlMumwmmmoemm“ulﬂewm
Nmﬂdﬁtm&tnu'd’nﬁnﬂ i 1y the d data is the | m moded,
P g She follonei ical valees; R of 0.97, wmean absckate erves of 061 'C, RMSE of 0.76 “C, NRMSE
dlok%\mdnmdamMmmmgm‘mlmukbpummheuechemﬂmnmumlwm
coeffcients, such as the soil nuface water comtese grently influemsce the model s acowncy regardiens of depth.

1. Introduction

Soil is & potsual heat sowor o sink b it tl lyysical
properties are different from those of the amblent air, which causes o
slower resp to heat ! chanisms cawsed by the daily and

) vardation of 1 lagical conditions st the soll suiface. This

have beets devedoped that describe the periodic vasiation of the sail
for a given time and depth.

Plled C190:3) asumed that the time vasiation of the soil tmaperatige

atany depeh can be regresented ns & sine wave oscillating aronnd the

nwvdmdhmhmmm"r. Hlseqmis

variation of properties between soil nnd ambient air establishes n tem-
pewnnue diffeseatiol ealled wil therma mertia. This theal behaviar
varies according o the weather conditicas, sodl type, and local condi-
tiors such os type of cover (e g, grass, concrete), moisture contetit, of
thermal enoenalies.

In recwat yeans, tbedhmmolmdnuulmuyhvetnumu]
its woeldwids y (Lund wd Toth, 2021). One of its main
lpplmnumudzm:mdlﬁamngdbmhngx,nhdxhudmdw

pressed so that the smplitude of the s I wuwe d -uhs
depth increnses at a rate that depends on the th physical
ddaaadLmdllbplunwhkhd\onUlmpumrmtb
P value and mal gk

the yau.

Jomitd et ol (1995 proposed man analytical model o predict soil
temperature ot different depths, their model assumes thar the temper-
ature variation in the soil is o purely sinusoidal wave but does ot use the
ansal avernge of the amb to obtain the value of "T;,"

g

sl che pwed todeselop or improve predietive models that allow  instead, It considers an vovigy balano where it mbkes into account the
estimating shallow depth soil tempernture variations. Doe to the sco- viriation of meteorological factors to enleulote st Its results were vali-
nomie and tochnical costs involved o the exp d wmperatuce  daced with experimental with an yof 10%.
measurewent in a well ar excavation, different mathematical models Sundor and Fodor, (2012) compeases] the CERES model, & modified
* Correspoockuy svehurs.
Emall addresses 20a/F 0 mbe edunx (), Ries-Armiod), goussaciicloese ox (B Gomer Anims),

Brpee L Aded cey 10,1010/ § peothemses 2025, 10273)
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mdalol!h(!ﬂﬁnﬂnl and the HYDRUS-1D model for soll tem
i  soil

at0.05,0.1,
02, oa.nuduomdwmop-mhwuh&thnum fertil-
ized, vafertilized, rrigated and noa i {, The auth clude that
egetati foces the oodwqmmuennlm&mmlmph
tude; thesefore, they g the vegetation ares in soil

Oagones wral 120700 used the aalytical soe-wave model 1o et
mate the daily sodl temperature variation in lzmis, Tatkey. Their model
ubaanl o0 data ealerdatedd from annual simbient mwuumm.m:hu

I menn T and temp wave amplitude A, Their
:udnmeam(mvd with np-rimnl mensuements at 0.05, 0.1,
0.2, sod 3 m depeh, reporting error pes nges of 10.78%, 10%,
102606, and 14.95%, tupenh'dy. The authots state that their vimpli-
fiexl heat oansfer model con be usefud for design applications in ngri-
culture and engipeering,

Chalhoub et ol (201 /)pvpouednnmmnlmodglduaﬂﬂnghﬂ
and mass trapsfer in soils exposed w0 o p the
nulmmmmshllmdmmmmwldadnmﬂmm
of soil moi Sculnte their th physical prop

Oeoshermes 112 (2023) 10273F

lmumwﬂlbmdmdnmmlmofdumbmm

The logical datn asd 0s inpat data for the numerical
mld. mdthewuiment-lmllmmnuedm(md(n-ﬂuheth
numesical rodel results at different depths) were measused in the study

aren ot a shallow deep of four neters
2, Study aren

The city of Mexicnli, Boja Caldfornin is k d in h
Mesico (32.65'N, 115.45'W), In & desest zone with a hot arid, snd dry
climate nccording to the Koppen dasification, adapted by Garrin

(2004 1o the canditions of the Mexican Republic. M ‘ i
thexmal voriabiity. During the the ambi ean
teach maxinum values close to 50 °C and, &mngthewlnxc.mhhmm
of up to 0 “C, while the average annunl tempernture is close to 23 °C
(GauciaCumto ot al ’nl\) B radoy season bs from Augast 1o Febouaty;
h , anoual p ittion doss not exceed 80 mm. The muxiznsn
wl.mlmlemhncmrmdx)by-)mepund.wﬁndm&ncm
reach 1200 W/m® The average maximum mdistion during the saummes
pomls to 937 W/m® and 345 W/m’ for the winter; relative ho-

The authars validated thur model with experimensal temperature
measutetents at 0.14, 0.5, 1 nnd 1.5 m depth and reported o maxinum
average extor of 1.63 °C comresponding to the depth dlosest to the soil
sirdince.

Nunajo- Mendoza of 0l (2010 cartied out o comparative study be-
tween two analytical models and two tenl modeds to predict soil
teppesnture. The remilts of the four models were compared with
experimentally measued dats at 0.75, 1.25, 1.75, and 275 m depth,
ﬁ:nmhnmdu«kthnbemdyndmodnhhvelbghtm

i by the i of lucies in the soil llndmubid

ity levels moge between 60 and 70% during the year, with
maxitnm values of up to 100% during September and October
(Uekns Barress ot al, 20210 Fig. | shows the study aren where the well
(used to measwwe temperatare ot 1, 2, 3, and 4 m depeh) nnd che mete-
logicnl station are | d, both in the sumoundings of the Engi-
ing Insti of the A University of Baja Califocnin
(UABC)

3. Materials and methods

lempmum!lhthunpul" on the analytical |

d the effecti oflhd:uumnul
mpoyamHan;ﬁxntypa(hmhmmm)mdanltype
{energy b ) ditlons mt the vpper boandary pode
Andﬁuﬂypebomdnyenndhmnlbehnode.obmnh‘mm

21 Expere [ soil temperatire profile

A shallow verticul botehole with a depth of 4 m was deilled in the
strroundings of the Englneetig lnstitute of the UABC to meanie the
mdﬂmpmmrmmﬁdqxhdlm(nkm

of 1,99 and 11.56 °C, pespectively. Therefore, the auth cuode i
the numericnl moded solved with the first-type boundary coodition at the
upper boundary node provides the best esti for their cose study.,

Fang ot ol (2021) stdied changes in sodl temp (ST) snd soil
moisture (SM) on the Tibetan Platesu using the Community Soil Model
(CLMA4.5) instead of situ observation sad/or satellite products. The au
thoss tepott that by coosidering gravel consent in the CLM4.5 onganic

:Imlhnlntmwllhammllb«nﬂyadjau ~35 "G
from 4 m depth, the b the maxinwm and
the s value s loss than 10% (Acsiia o al, 2017; Stylianeu of o,
2019),

Duwring diilling, samples wese recoversd from the different litho-
logical identified ln the soil. A total of nine snmples were extmesed
mml in sealed metal containers (to preserve their thesmoplysical,

matver and theomal conductivity caleulations, the tumwrical sinmlat
tends to reasoanbly reproduce ST nnd SM variations over long time se-
ries. Thetr resules show thar soil warming aod wering reached

mudmum values of 0.31 “C/decade and 0.77%/decade since 1960.
n v, different wodels have been proposed w0 predict the
variaton of the soll wemperanue profile. The vumencal models pro-
posed in the last five yems have pesf 3 better peedictions with
respect to the analytical models (which have been widely used). How-
ever, moet of the authors mentioned above state that there are s
nmdqwnumy‘wdx-mmkm;dnemmdodllaaml
1g to the invigation and/ar precipitation behavioe asa
lmajmdmtoxedmmemmmydthmummddu
Si | Junting the esical models in other study
Areas mdﬁdlﬂ'mm extnine dhlamcouu Increase thesr wliabality
In this wark, the main objective was to model the ammual variation of
meﬂwmfm.mmmwmaw

rintion of daily tempe range through
tbeyeumdnur—ﬁmnmdmmuuhucmlm
which was discsetized using the fmnite vol ethod (FVM)

and geol | properties), which were nnalyzed in the
Inboulnrywhaelhemm-d lysis in each sanpl

were estimnred,

Experimental tempernture data were obenined with four
moded TMOX-HD (50 fr, with an uncerminty of £0.15 "C) water/soil
placed at 1, 2, 3, and 4 m depth i the verticnl well. A HOBO model
UX120.006 M 4-chnnnel annlog data logger was vsed foc dota acquis-
tioe. The temperatare sensors were calibented with Polyscience PDOTR-
20-A118B equipment before their installation in conjunction with the
datn logges The mmximum tempemture difference (precision) was
*02°C

3.2 Maeorological dora

Foc the of the umbient temp (dry bulb tem-
), salar vad et dative b y, und wind speed during the
ym!@mMutﬂhBuquxfomhMrnm.uDu’umhlemg
Pro-weather station was used, located at 16 m above ground leved in the

-mlmhqmndydval with a direct nlgebuaic method (TDMA), At the
nnpel bomnhty node, & lhltd-lype bouncary condition was esaablished

an energy b I the heat transter mechanisms
omming at the sed auf-m A ﬂnuyp bovexlary condition was
blished ot the comgp which tha its

Enginwering lostitute of the UABC (30 21'19,7" Nand 114°3526.3° W),
3.3 Soil thermal properties

Thermal diffusivity o (n'/s) is the ratio between thermal conduc-
tivity k (W/m "C) and the product of specific heat €, (J/kg “C) multiplied
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Fig. 1. Lecmmion of the well (A) und the meteotological sogion (B),

by density »» (kg/m”), 1n the absence of instruments to directly messure
these four variables, we wsed expetimental conelations repocted in the
literature

Textuznl class and water content datn were used to estinute thetmal
diffusivity from an expedimental cotvelation (5 (1)), developed for
d:ﬂ'::em lemzd classes as a function d witter content @ reported by
Akt

and Lokyusdsedsendos (2017

os[ 10

@ilf) = oy 4 pexp )

where a, is the thermal diffusivity corresponding to a det 1 soll
type without water, ¢ is the difference between the higlest thermnal
diffusivity ot the optional water content & and the diffusvity withow
wates content, and v is a copstunt depending oa the type of soil

3.4. Marhernatical model

The undisnubed soil empemture peofile can be modeled by the one-

dimensionnl ransient beat conduction Equation (Cuslow nil Joeger
1959
FT ATz )

"= a W @
whete i is the soil thermal diffasivity (m®/8),  bs the depth (m) and ¢ is
the tinse (3), To solve £q (2, an energy balance equation at the soil
surfnce must be idered nz the boundary comdition (Mibalakakou
ot al, 1997),

AR IR CE - IH (3

where SR & the solu tadiation alscsbed by the soll suiface, IR Is the
loag-wave rodintion emitted by the soil surface, CE & the convective
enesgy exchanged between the air and the soil surface, and LH Is the
lasent heat of evaporation (when moisture is present in the soil suface).
The shoctwave solar mlintion absorbed by the soil surfoce cn be
calculnted according to the solw mdistion analysis of Jieah e ol
(2011 using the following Equation:

SR = Pl (4)
were g yep 3 the soll absorptivity coefficient nud 5 the shacr

wave solar radiation incident on the soil susfoce (W/m?). The Joug-wave
rmdinticn emitted from the soi surdace to the sky is caleulated by £ 15

IR = e AR (5}

where ¢ o Is the emissivity of the soll ﬂufxe {dinensionless value). The
tesmn AR yepresenss the long wave | rodi whech depend
directly on the soil surface sempernture 7; noxl the shy temperature Tap
nnd can be cukulul«l g the emplocal conelation reported by Siogh

AR « af(F, « 215" - (1, + 270.15%) (6}

The " virioble  tepresents  the  Stefan-Boltzmann  constuat
56710 * W/m'K*). The sy (empaulum Ty ean be caleulated using
the By (7] repocted by Ko (2022%

T = 0.0552r,." (7
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The crive enesgy exchanged b the ambiens alr and the
soil surface is caleulated by means of the 1 (01
CE=h(Tw—-T) (o)

where T, & the diy balls ambsent ali tempecatiee ( C), 7, s the soil
tempesnture nt the surface { *C), and A, is the convective hent transfer
coefficient by tion b the soil surface and the air in contact
:rilhillwm"C);mdin;chMnnutlwlfﬂitcnnbetﬂnﬂnuln
allows:

b =87 38w, (%)

whese W, is the wind speed (m/s) of the air in contact with the soil
wurface, Ferennn (1949 found that the latent beat fux la the soll surface
due to evapormtion of their moé can be caleukuted wing [
(105

L < 001650, (w, + 8) ~ H, ol + &) Qo

Oeoshermes 112 (2023) 10273F

where H,. ts the relatve bumidicy of the amblens alr in with the
soil surface nnd f is a froction that depends mninly on the water content
of the sail surface and the presence of soil cover, w=103 (Pa/K) and
#-609 (Pa) are consant values. The f typical vaolues reported in the
it nre for d soil are b 0.9 snd 1.0, for wet soils
from 0.6 to 0.8, for moist soll from 0.4 to 0.5, for arid soils between 0.1
10 0.2, und for dry soils f value s equal 1o 0 dnee no evapointion ocours,
Fox sotls coverad by grass, the f value, can be calenlated by mwltiplytog
the walves described above by a coefficient of 0.7 (Femuan, 1930

Finally, & fust-class boundary condivion was established ut the fast
node locates] at the bottom of the computational domnin, which nssumes
that éts rempernture will be known, constant, and equivalent o the
ancmal ge of the amb Y

N, =T, an

3.5 Numerical mode
Vg 2 shows the flow dagmm wsed to calculate the sall terapernge

START

Data reading:

v

Statement of
constant values:

Tar, Sroe,
Mo, Wis /

l s AL, tew, 82, Hy

Ni €, g Rome

! [e=teae

Fig 2. Algosithm for soil
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profile from the one-dimensanal tronslent heat conduetion equation
solution, which was discretized wing the finite volume method (FVM)
and subsequently solved with a direct algebmic method (TDMA)

(Pamokar, 19%; Verseeg ol Molalasekera, 2000) The FYM: dis-
cretizati hod requi ﬁwdhglhewmnm&rludy(mlhb
case, the soil) into a finite ber of non

(CV) 3o that each OV can be asigned o tode of the mesh. The toal
volume of the domain is equal 1o the sum of the CV's eonsideced (L

and GHjom-Rivern, 20150

451 Conceptund moded
Tbctn(dumndomlphydmlmodrlmnl«mdyudnwuindu
surroundlings of the study area, which is idered a non
finite naedinnm with known physical peoperties, Fig 2 shows the lication
of the temperature sesors and the rype of soil coresponding to each one
nocording to it depth (Fix ), it also shows the physical tepresentation
of the nodes and i vol (CV) that pose the mmunerical
model (Fig bl

3.5.2. Numerical solution
'lbolnnrpaﬂnnolr. (1) over each GV is possible wsing Gauss's
to substitute a volume integral for n surface integral
and, -d:aqmdy the half-paint rule to express the flow at the ceater of
the interface (Xuman anb Cdjon Rivem, 20150
The exaet form of the diseretized equation depensds oo the value of ¢
which & a pondered weight factor whose value varies between O and ).
Different values of @ can be interpeesed i tesms of the vackation of Tp in
the thme Interval berween &, and ¢ + Ar Aﬁnllylmplldnrhmmuni

1z

Ceothermes 112 (2023) 102735

dp = ay +ay ’n: (13)
a @, Ar
""I; .,-;“ b )l .4-3 (14)

whee i is the distance berween computationnl nodes (m), &x ts the
mudvdummrhm(m)ndudrmm-p(s)(&elymbol

Indicates that this value belongs to the pr ). Discretizing
(] hnxdwuppuhmnﬂuymdn.muhmhu
al ol o S~ CasBR 4 MTee ~Th)

L
QOIS [(wdr + #) ~ Ho (T, +8)| (15

Comsequently, the coefficdents ar the upper boundary node are
calculnted as follows:

for this case, which considess g1, Therefore, the Equation to cal
the mnsperature Tpnmhoflhﬂmwmlnodm veducas tox

wrlp wayly v Ty + b a2y

where 0" are the coefficients of the disaretized equation, calenlnsed
with the following equations:

E-'ﬁR = LR 4+ CE-1LH

Tz =T
b)

Fig. 3, C al model. a) Ushological charsc ad
sensory locstion. B Computational domain in the 3" oz,

..,-:—_" +h, + 00I68Ma  ay =0 -u-:—; (16)
b= P Sas — AR+ N (T ) — 001687, [(0] — H ol #To )| an
Foc the lower boundary node, it resulo:
apel .“.-:-' "y -0 (18}
"
be=T, (19
In ordes to model the anedi ional profile in tma
sienit state as indicaredd in this section, aummk-ulmkwa- developed
in C++ computer | ge. Soil absceptivity (8, <0.73) nodd emissivity
w‘-ON)vﬂusmmmedmnm ‘l‘h:nmenap.cawumaul
dopth, bet of nodes, d thicknesa and conver-

gence critecion mu?ond to At=3600 5 =20 ns, N, =200, Az=0.1m
and Rew, =10 = 107", respeetively. Tabile | shows the thermal diffu.
sivities (o) and the mtzt content of the soil ot the sutface (f) values
considersd in thes study for Efferent depth snd semson.

3.6 Statistical metrics

10 oeder to evaluate the accutncy of the munedeal model congpared
with the expes 1 dota, the following statistical indicatons wese
used; Coefficient of determination (R?), Mean Absolute Ertor (MAE),
Root Mean Square Brroe (RMSE), Noomalized Root Mean Square Enor
(bas=d on the mear; NRMSE) and Mean Bins Exror (MIMAS). These in-
dicators are caleulated as shown in the following Foe (20).121)

2L le, —
AMAE z; = (20)
i fs> (e —my
RMAE ~ v"’ o 21
wings = TMSE (22)
1.3
Table 1

Thermal diffusivities (a) and f valees were wsed for modeling the one.
dimessional il sempemture pofile

Sevoen

Wister Speag S Ausuma
i 0 o1 ol 0
) 230" 23x 107 255107 23007
5 a4 udmis) c4x10’ 45.00" aexn’ a0
014 doCH) 0w’ 4410 sqcn’? 440"
4 /3| 5% 120" 725<10" 75107 5.0 "
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Mm.u-z';il‘ (23)
whese ¢ and m, repe the esti d and d vake for each

thine step i, The varisble n represent te number of votal time seps and
my is the average of the measured values,

4. Results and discussion

Fig 4 shows soll tesuperature variation af 1 m depeh kn the city of
Mexicali, Bajn California, Mexico using the data mensued in the vertical
well of the seudy area snd the dat obtained witls the ical model.
The model that mest ',, Heted the temp vatiation fot
1 m depth was obeained different values of f for each

season (f variabl neehbkl).ﬂlkmoddmnmeﬁ
chent of determination (R} of 09745, MAE of0,61 "G, RMSE of 0.76 °C,,
NRMSE (based on the mean) of 3.01%, md a MBIAS of 0.2319, con-
cwrning the experimentally nwasured data. The seatistical metrics ob-
mined using [ warable values or constaot values of =0 and f=0.1
throughout the year sre shown in Toble 2. Purthermore, the Figure also
shows that the pumerical model at § m depeh is sensitive 1o the hest
trausfer |mhnhn-dutmuhwmdmml!buuhuu
d even grenter than those presented by
themmmdd-mmdnb&pb.

Fig & shows soll temperatiae variation at 2 m depeh from the dam
measured experimentally and those obtained with the numerical model.
The results of the most accumse model for 2 m depsh (also wish f v
able values; sue Tubie 1) present o coefficient of determination (R*) of
0.9827, MAE of 0.33 *C, RMSE of 0.43 C.Nm(buedmlhem)
of 1.69%, and u MBIAS of 0.0852 yespect to the expesi
measuted data Table zuhomlhillumulmﬂnaohinu!udnc[
variable values or constant values of f 0.1 and f -0 throughout the year.
nemdmlnmacyddumlalmulduzmdepm«vmn

nmundmh.whldl ponds to the beginning of when
the experimental datn present their maximum vlve, which the model
Jerestl This belhuvior also ocewrs with the pumsrical model s
1 m depth.

Fig & shows soll tempernture viriation 22 3 m depth from mensured
datn and the dan obtained with the pumerical model Using the
different values of f for ench weathet semson (f varinble, see Tuble 1), the

2]
35
34+
2]
30
25

Temperature (“C)
3y

Oeoshermes 112 (2023) 10273F

Table 2
Statistical metrice for the numerical models using different wadoes of f compared
with experimental data

Depth (m)  f » MAE{'C) RMSE('Cl NRMSE(W) MBIAS

1 I~ 0974 ©sl ayy am 023
0l 0?3 500 1587 -3

0 0991 4™ 403 1822 400

2 f oos3 om 04 1.7 000
009 200 24 04 -1

0 090 2m 332 1506 2
] fo o3 e 020 07r -0y
01 6837 - 176 6.0 154

0 ew7 #m 24 v 187
‘ ~ owo 0 027 L4 023
01 o8 LT 141 5.4 -1z

0 0944 1M 108 6 11

results of the pumerical model present o cosfficent of detenmimtion
m’)domo.mafou‘cmdo 19 °C, NRMSE (based an the
mn)d&?”cnndnpumge&wmhﬂlﬁof—&%mth
tespect 10 the expe ly d dara. The ical mwerd
obtnined for numerical models with f varinble values or f constant
vilues equal to 0.1 = 0 threughout the yoar are shown in Table 2.

Finally, 11z 7 shows soll rempetature variation at 4 m depth from
mensured datn nnd estimated datn with the numerical models. The e
alts of the nwost accuate mumerienl model (comsidesing f variable
values) for 4 m depth peesent n coefficient of determanation (R%) of
0.9900. MAE of 0.23 €. RMSE of 0.26 'C, NRMSE (based on the mean)
of 1.04% and a devistion pricentoge MBIAS of —0.2307, with respect 1o
the experimentally measuwred dam. Toble 2 shows the statistical nweries
for umerical models considering f variable values or f constant values
aqudtoo.lundoduwwqw,

The tesults obtaitwsd with the mdelllSm&p!hlhrMul
higher similusity to the expeimental spared to the results ob-
l-udby!hemhlnnddnhodu*phmmecod
fickent of determination R presented o value close to the cbinined with
the numerical model at 4 m depth, the rest of the statistical metrics show
that at 3 m depth, the numerical moded had a better responss becas
the MAE, RMSE, NRMSE, and the MBIAS aiv 3672, 2613, 2567 nml
69.4% lower, with respect to the numerical model ot € m depth.

The statistical metrics resulting from the compariscn between the

| —— Measured \
| —— Numerical {f variable)
,—anncal(hO)

| = Numerical (f=0.1)

BT R
Month

J'a's"o'n"0!

Fig. 4. Sail emperature vaniation 3 1 m depth in Mexicak (stody 2oea) during the yeur 2020,
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—— Measured

—— Numerical (=0.1).

M J 3 A'S ON D'

Month

Pig. 5. Soil temperoturs vanation at 2 m depeh in Mexicoli during the yeas 200

33 -

24

Temperature (°C)
-9

J F M A M

3

J J A'S O N D
Month

Pig. 6. Soil tmugersture viwsation ot 3 m depth in Mexicsdi during the year 2000

valoes estimated by the numerical models and the valoes meassured on-
site at 1, 2, 3, and 4 m depth sre shown in Tuble 2

Flg 4 shows the dispersion of the statistical mewics cbtained to
evaluate the fir quality beeween the result obtained from the pamerical

dels with the experi I datn. Iy “a shows the distribution of the
valows of the coeffickont R* comespanding to afl depchs (1 to 4 n) for
each value of f (see Table 2), whese the best values are obtained when
the value of the g J is vasinbde (f). This behavior is also
observed in Figs ©b (MAE), Sc (RMSE), 84 (NRMSE), and 8¢ (MBEAS),
where the lowest residuals corzespone to a f,.,

The soll sxfoce (= « 0 m) moisture content factor " signeficantly
impacts the numerical model results at any depth. Based on the anmal
sodl teroperatire sverages, the 7T factor with a valoe of 0.1 causes de-
crenses of 3.00, 196, 153, and 1.26 ‘Cnr 1, 2, 3, and 4 m depth,

tespectively. Considesing & factor f with n value of 0, the snnual soil
temperatute averages at 1, 2, 3, aoxd 4 m depeh present incruases of 3.99,
277, 1.8, and 1.09 *C respectively. This isb the lack of mai
ot the soil surface (f=0) prevents latent heat wansfer by
from the soil surface to the envitooment: it is known that the latent beat
required to evapomte water has a value of =2400 kJ/kg. Therefore, it
has significans effocts on the energy halance (54 < 11) ar the sail swiace
(z = 0) nnd subsequently oa the belavior of the soil temp

Sioce the d soll temp profiles p values dose o
those estinuited by the numetical model, we procesded to project the
wwaﬁluugum&pth:wﬂwmupumddnh.m
find the depth st which the temp
the yesr. Fig. 9 shown the plo)«ﬂondt!nlpal\l! pro(ﬂu mlm
depth. Although the 4
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31 -

09 [ "Measured

29 - —— Numencal ({ variable)
| —— Numencal (f=0)

28 4 —— Numencal (f=0.1)

Temperature (*C)
O

J OF M A M J

J A'S O N D

Month
Pig. 7. Soil temperature viwiation ot 4 m depth in Mexicadi during the year 2000

f v v v ast" iy 80 v —
1.00 { pos | 45|
st | R (< I
1) ~ 30 T =
I £ 2s ’ £30F ’
& 082+ «320_ _gzs- -
1 [ T | & 20 J.
o83 :’ . 15
o':' 1 10
W ool ® 2] o5 13
T 4 B 0.0 Lt i
0o ot v 0.0 01 v 2.0 0.1 1
20+ 1 5F
18- R 4
10} T 4 3L
- 14; R 2
w 12-’ T 1=
10+ ] 3
! | LS
z 6: 4 Ak 4
|
‘; R 2+ R
2{ =— R 3+ o
°fm. 2 -l -4 ‘lil_ ¢ 3
00 0 v 0.0 0.1 v

1

Fig. 8, Boxplor dsagrams of the stancal metmios between the mumerical models and expenmental daea

depth, the Figure indicates that at 10 m depth varintions in soil tem-
perntire exisr (=0.24 °C),

The manths of Februnry, June, August, and December were selactad
b they regr the ch ristic thermal behavions of the
tesipernture versus depth profiles that occur throughout the year, The
results show thot ot 13 m depth, the varintion of soil semp

is vndisturbed by weather conditions.

throughout the yemr presents o difference of 0.0867 “C b its
sk nexd minimau, so it by determined that s thiy depth the soil

4. Conclusion
m \ K F r 1 n' L. hﬂ P "dn‘
tioan under extreme desert dimate conditions and compares it with
g I data d an-site in order to evaluate the relisbility of

nn'mrﬂul mexlely bosed on the one-dimensionnl tansient sate best
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Fig. 9. Sod temperntuses varbarion with depth for ench weathes sexson.
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Abstract

The objective was to analyze how representative tropospheric NO, column
densities are of surface NO, measurements under different atmospheric stabil-
ity conditions in the air basin of two border cities: Calexico, United States, and
Mexicali, Mexico, NO; columns were measured by the Ozone Monitoring
Instrument (OMI) on the NASA Aura satellite. NO, concentrations and meteo-
rological parameters were also measured on the surface for comparison, Specif-
ically, the correlations between OMI and surface NO; concentrations under
different atmospheric stability conditions according to the Pasquill-Gifford
(P-G) and Monin-Obukhov (M-0) classification schemes were determined for
2017 and 2018, During the passage of the satellite through the study area
(11:00-13:00 UTC-8), unstable conditions were documented in both years.
Good correlation was found between the surface NO; and OMI NO: column
observations in the second semester of each year, particularly under unstable
conditions as diagnosed by the P-G and M-0 schemes applied in the first and
second year. respectively. However, & weakening of these conditions occurs
during the autumn-winter period. In both cases. the highest determination
coefficients were found for Calexico, with values of 0.48 and 0.36 in 2017 and
2018, respectively; for Mexicali, the determination coefficients were 0.23 and
0.35, respectively. Under each utmospheric stability scheme, the mechanial
and convective turbulence caused a decreasing trend in wind speed and solar
radiation over the course of second semester of 2017 and in friction velocity,
temperature, and sensible heat flux over the course of the same period for
2018, The negative trend of these parameters during the analyzed time frames
helped to reduce the influence of unstable atmospheric conditions, favoring
better correlations between satellite and surface NO, measurements. The
methodology applied and results obtained herein can enable us to better
undenstand the representativencss of OMI NO, data in arid border zones with
extreme meteorological conditions.
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1 | INTRODUCTION

Atmospheric stability conditions play an important role in
the mixing of air pollutants. This is more markedly
observed under extreme weather conditions or during the
changes in the convective process that occur from season
to season (Szep e al., 2017; Yuval ef al., 2020). One exam-
ple of this phenomenon occurred in winter 2004 in Logan,
Utah, United States: Temperatures reached -23.6°C,
favoring thermal inversion and causing the worst air pol-
lution episode ever recorded in the country (Malek
¢l al., 2006). In other metropolitan zones such as Mexico
City (Mexico), Los Angeles (United States), and the Kath-
mandu Valley (Nepal), the trarsport of pollutants has
been shown to be affected by varability in temperature,
wind speed, solar radiation, and relative humidity (Shaw
er al., 2007; Cohan eral,, 2011; Mues & al., 2017).

The gencration of nitrogen dioxide (NO,) by anthro-
pogenic emissions on the Earth's surface and its involve-
ment in chemical reactions in the atmosphere affects the
creation of tropospheric ozone (O,) during photochemi-
cal reactions. Specifically, in urban aress, solar radiation
and wind speed conditions impact available energy and
pollutant levels (Sillman, 1999; Habecbullah et al.. 2015).
Both of these latter parameters can modify the mixing
layer height of pollutants and, consequently, thelr con-
centration levels.

Satellite data on pollutants have enabled a greater
understanding of their behavior and distribution at differ-
ent temporal and spatial scales. Previously, these data
were integrated with surface NO; data in Central Mexico
in order to gencrate tropospheric NO; columns with
greater representativeness of the spatial distribution of
this pollutant near the surface (Rivera & al, 2013). The
sensitivity of NO, data from the Ozone Monitoring
Instrument (OMI) to vertical atmospheric conditions has
been studied in recent years, In Hamilton, Canada, OMI
and surface NO; data were compared: The highest regres-
sion  coefficients were found during Inversion days
(R* = 0.35) under stable atmospheric conditions (Wallace
and Kanaroglow, 2009). One study showed good correla-
tions (R) between the seasonal variation of both measure-
ments in the European cities of Berlin (0.86), Madrid
(0.81), and Paris (0.69) (Paraschiv ef al., 2017 ),

The air basin of Mexicali in Baja California, Mexico,
and neighboring Calexico in California, United States, is
shared due to the similar orographic conditions of these
cities. Wind conditions can cause pollution episodes in

Monin-Ctnukhov, OMI NO,, Sisquill Gifford, wind speed

either city throughout the year, mostly In winter and
summer (Kelly er al, 2010; Secretaria de Proteccion al
Ambiente, Baja California [SPABC), 2011a). One case
study (Mendoza et al., 2011) showed that, in August 2001
(summer), an influence area of nitrogen oxides (NO,)
originating in Mexicali spread to the Imperial Valley of
California and Arizona. Also, in January 2002, PM..
originating in Los Angeles, California, and Las Vegas,
Nevada, was transported to the air basin of Mexicall and
Calexico (MXL-CLX).

Pollutant concentrations are monitored in both Mexi-
cali and Calexico by the California Air Resources Board
(CARB; “IADAM Air Quality Data Statistics”) and Sub-
secretaria de Proteccion al Ambiente (SPABC), respec-
tively (California Air  Resources Board, n.d;
SPABC, 2011b). However, there Is not enough informa-
tion on the mixing height of pollutants and the influence
of atmospheric stability on vertical NO; tropospheric cal-
umns. The present stukdy first aimed to estimate (a) the
height of the mixing layer and (b) local atmospheric sta-
bility, Then, it aimed (¢) o evaluate how representative
OMI NO, values are of surface NO,; measurements under
different atmospheric stability conditions in 2017
and 2018,

2 | STUDY AREA AND DATA

The city of Mexicall Is located In northwestern Mexico
near the border with the United States. It has a total area
of 149 km? (Figure 1) and an arid climate. The average
maximum temperature in the summer is 42°C, and the
average annual rinfall s 75 mm. The wind comes
mainly  from  northwest,  west-northwest  (winter,
spring, and autumn), and south-southeast (summer)
(SPABC, 2011b; Canales-Rodriguez ef al, 2015;
Villanueva-Solis, 2017). One of the main climate hazards
during the summer is heat waves during which tempera-
tures significantly higher than the average are presented
for several days. The heat waves occur more frequently
within the city limits (Instituto Nacional de Estadistica y
Geografia [INEGI], 2009; Garcia Cueto ef al., 2015).

The neighboring city of Calexico is located in southern
Imperial County, California, United States. Its climatic
conditions are extremely similar to Mexicali, except for
perceptible  differences  in wind  behavior  (Kelly
et al,, 2010). The Mexicali Valley-Imperial Valley ared is an
important economic zone, with Mexicali spanning 584 of
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