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El desarrollo de la tesis doctoral ha permitido alcanzar los objetivos inicialmente 
planteados en el plan de investigación en los plazos previstos.  
 
Respecto a las tres publicaciones que constituyen el compendio presentado en esta 
tesis doctoral, hay que destacar que una de ellas está indexada en el primer cuartil de 
su categoría de JCR y el resto en el segundo. Como consecuencia, la difusión 
internacional de los resultados presentados en esas publicaciones y, por tanto, en esta 
tesis está asegurada. Estas publicaciones recogen los estudios de series temporales 
de temperatura y precipitación en España en el periodo (1969-2019) aplicando el 
análisis multifractal y las redes complejas.  
 
El análisis multifractal se usó para evitar el tener que asumir una función subyacente 
ajustada y derivable que represente de forma aproximada los datos de las series 
temporales. El análisis multifractal trabaja directamente con los datos, en concreto, con 
sus singularidades. Esto impide la inclusión de información errónea obteniendo una 
descripción más precisa de los procesos estudiados.  
 
En el caso de la temperatura, la observación del espectro multifractal reveló una 
relación entre el cambio climático y las propiedades fractales de las series de datos, 
pudiendo discriminar entre localidades costeras y de interior. Se detectaron 
comportamientos diferentes para los valores máximos y mínimos de la temperatura, 
siendo esta circunstancia una consecuencia del cambio climático. Los resultados 
descritos sugieren la inclusión de alguno de los parámetros estudiados en las bases 
de datos usadas por los modelos predictivos de los diferentes escenarios de evolución 
de la temperatura. 
 
Respecto a la precipitación, al analizar los parámetros multifractales (no lineales) de 
las series de datos diarios registrados, se observó que en el cinturón mediterráneo de 
la Península Ibérica se están produciendo modificaciones en el comportamiento de las 
tormentas relacionadas con el cambio climático. Por otro lado, para las fluctuaciones 
de la precipitación, se demostró la existencia de una fuerte persistencia a largo plazo 
para las escalas temporales de estudio pequeñas, mientras que para las más grandes 
existía una correlación débil. Los patrones detectados por el análisis multifractal 
muestran una complejidad notable en la distribución espacial de la precipitación. De 



hecho, la complejidad de las fluctuaciones pequeñas es muy relevante en la costa 
Atlántica y en la zona norte del interior. Por el contrario, en la zona este de España, las 
precipitaciones exhiben menor número de singularidades. Los resultados encontrados 
reflejan la irregularidad temporal y espacial de la distribución de la precipitación en 
España comparando con los proporcionados por el análisis lineal. 
 
Por último, se investigaron las propiedades topológicas derivadas de transformar las 
series temporales de temperatura en redes complejas. Para esta finalidad se aplicó el 
enfoque del gráfico de visibilidad horizontal. Los resultados muestran la falta de 
tendencias significativas, a diferencia de los valores medios anuales de anomalías, 
que presentan una tendencia ascendente característica. Las principales conclusiones 
obtenidas son que las estructuras de redes complejas y las características no lineales, 
como las correlaciones débiles, parecen no verse afectadas por el aumento de las 
temperaturas derivado de las condiciones climáticas globales. Además, diferentes 
ubicaciones presentan un comportamiento similar y la naturaleza intrínseca de estas 
señales parece estar bien descrita por los parámetros de la red. 
 
Los resultados descritos han sido vinculados con la ocurrencia del cambio climático, 
de tal forma que pueden ser considerados como evidencias del mismo. Este es el 
aspecto más innovador de esta tesis doctoral. 
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Resumen 

El cambio climático está provocando distintos efectos según la región del planeta 

que se trate. Para estudiar estos cambios, se analizan largas series de registros de 

variables meteorológicas, como la temperatura o la precipitación, a través de modelos 

y técnicas predictivas. Estos están basados principalmente en bases de datos que se 

apoyan en análisis estadísticos e ignoran ciertas propiedades no lineales y multifractales 

de las series temporales implicadas. 

Esta tesis se presenta como compendio de tres trabajos publicados en revistas 

indexadas en Journal Citation Reports. En ella se busca encontrar posibles patrones 

espaciales y temporales en las propiedades de las series y mejorar la descripción de la 

temperatura del aire en superficie y la precipitación. Para este propósito, se utilizan los 

análisis multifractal y de redes complejas. Para el primer análisis, se aplica el método de 

Análisis Multifractal de Fluctuación sin Tendencia (MF-DFA, por sus siglas en inglés), 

mientras que para el segundo se usa la técnica del Grafo de Visibilidad Horizontal (HVG). 

Este permite transformar las series temporales en redes complejas que heredan las 

propiedades de las series originales. Las estaciones meteorológicas analizadas se 

distribuyen a lo largo del territorio peninsular español y abarcan un mismo periodo de 

60 años: 1960-2019. 

En el primer trabajo, se lleva a cabo el análisis multifractal de las series de 

temperatura máxima, mínima, media y rango térmico diario (DTR, por sus siglas en 

inglés) en los subperiodos 1960-1989 y 1990-2019. Tras aplicar el método MF-DFA, se 

observa que las series son multifractales. Las temperaturas mínima y media 

experimentan una reducción del grado de multifractalidad en el último periodo en la 

mayoría de las estaciones. Además, muestran un mayor grado de multifractalidad en las 

estaciones costeras. 

En el segundo trabajo, se usa el método HVG para analizar las series anuales de 

temperatura media diaria que se estudiaron en el primero. Los resultados indican que 

las estructuras de las redes complejas y sus propiedades no parecen estar afectadas por 
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el ascenso de las temperaturas derivado de las condiciones climáticas globales y son 

similares para las diferentes localizaciones consideradas. 

Finalmente, en el tercer trabajo, se usa de nuevo el método MF-DFA en series de 

precipitación. Como resultado, se observa que la precipitación presenta un carácter 

multifractal más complejo que el de la temperatura, con al menos tres regímenes de 

escala distintos para las pequeñas fluctuaciones de estas señales. A escalas pequeñas, 

la precipitación diaria tiene una gran persistencia y la magnitud de las correlaciones 

sigue el gradiente espacial de la precipitación anual característico de la Península Ibérica. 

Estas correlaciones se reducen de manera uniforme en el segundo periodo. Los 

principales cambios observados a grandes escalas comprenden un aumento en la 

complejidad de las pequeñas fluctuaciones y una disminución de las singularidades de 

las series en la zona oriental de la Península.
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Abstract 

Climate change is causing different effects depending on the region of the planet 

concerned. To study these changes, long record series of meteorological variables, such 

as temperature or precipitation, are analyzed by means of models and predictive 

techniques. These are mainly based in data bases which are supported by statistical 

analysis and ignore some nonlinear and multifractal properties of the time series 

involved. 

This thesis is presented as a compendium of three works published in journals 

indexed in Journal Citation Reports. It aims to find possible spatial and temporal patterns 

in the properties of series and to improve the description of the air surface temperature 

and the precipitation. For that purpose, multifractal and complex networks analysis are 

used. For the first analysis, the Multifractal Detrended Fluctuation Analysis (MF-DFA) is 

applied, while for the second one the Horizontal Visibility Graph (HVG) technique is 

employed. This allows to transform time series into complex networks which inherit the 

features of the original series. The analyzed meteorological stations are distributed over 

the Spanish peninsular territory and span the same 60-year period: 1960-2019. 

In the first work, the multifractal analysis of the series of maximum, minimum, 

mean temperature, and diurnal temperature range (DTR) is carried out in the subperiods 

1960-1989 and 1990-2019. After the MF-DFA method is applied, it is observed that the 

time series are multifractal. Minimum and mean temperatures experience a reduction 

of the degree of multifractality in the last period in most stations. Furthermore, they 

show a higher degree of multifractality in the coastal stations. 

In the second work, the HVG method is used on the annual series of daily mean 

temperature which were studied in the first one. Outcomes denote that the complex 

network structures and their properties seem not to be affected by the rise of 

temperatures derived from the global climatic conditions and they are similar for the 

different locations considered. 
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Finally, in the third work, the MF-DFA method is used again on precipitation 

series. As a result, it is observed that the precipitation exhibits a more complex 

multifractal character than the temperature, with at least three different scaling regions 

for the small fluctuations of these signals. At small scales, daily precipitation has a high 

persistence, and the magnitude of correlations follows the characteristic spatial gradient 

of annual precipitation in the Iberian Peninsula. These correlations are reduced 

uniformly in the second period. The main changes observed at large scales include a rise 

in the complexity of small fluctuations and a decrease of singularities of series in the 

eastern part of the Peninsula.
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1. Introducción 

En las últimas décadas, el calentamiento de la atmósfera, los océanos y la 

superficie del planeta está provocando un cambio global en el sistema climático. Este 

cambio climático, así como el impacto y los riesgos derivados del mismo, están siendo 

el foco de estudio de distintas investigaciones en las que se fundamentan los informes 

del Grupo Intergubernamental de Expertos sobre el Cambio Climático (IPCC, por sus 

siglas en inglés). El último informe, publicado en el año 2021, habla de un aumento 

observado en la temperatura media global de la superficie de casi un grado en las 

primeras dos décadas del siglo XXI respecto al periodo 1850-1900 (IPCC, 2021). De 

hecho, en el periodo transcurrido entre la publicación de este informe y el anterior, se 

constata que continúa este ascenso (IPCC, 2013). Además, también hay claras evidencias 

de un aumento en la frecuencia de ciertos eventos extremos, como olas de calor, 

precipitaciones intensas o sequías, entre otros (Coumou y Rahmstorf, 2012). Estos 

fenómenos tienen un impacto severo en los sistemas naturales y antrópicos. Algunos 

problemas observados abarcan: un cambio en las precipitaciones, el deshielo y el 

derretimiento de la nieve, que alteran considerablemente los diversos sistemas 

hidrológicos del planeta; la alteración en la actividad y las migraciones de muchas 

especies marinas y terrestres; y un impacto negativo en el rendimiento de las cosechas 

(IPCC, 2014). Como puede apreciarse, dos de las magnitudes más importantes que 

influyen en la variabilidad climática, son la temperatura y la precipitación. Estas son las 

magnitudes en las que se centra esta tesis. 

Una de las magnitudes frecuentemente analizadas para el estudio del clima es la 

temperatura del aire en superficie (Brunet et al., 2007; Eensaar, 2021; Jones et al., 1999; 

Jones y Moberg, 2003; Perevedentsev et al., 2017). Esta se obtiene fundamentalmente 

a partir de observaciones de estaciones meteorológicas en superficie, que se agrupan 

en distintas bases de datos (Brunet et al., 2007; IPCC, 2021, 2013; Jones y Moberg, 2003). 

En numerosas ocasiones, esta magnitud física se estudia a través de las variables 

siguientes: las temperaturas máxima y mínima diarias (Abaurrea et al., 2001; Brunet et 

al., 2007; Horton, 1995), la temperatura media diaria (Fuwape et al., 2017; Javanshiri et 

al., 2021; Millán et al., 2010) y el rango térmico diario (El Kenawy et al., 2012; Ongoma 
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et al., 2020; Zhuang y Zhang, 2020). Esta última variable (en adelante, DTR, por sus siglas 

en inglés) es una magnitud derivada de la diferencia entre las temperaturas máxima y 

mínima diarias. 

En diversos estudios realizados en las dos últimas décadas, se han observado 

evidencias coherentes de calentamiento sobre el territorio peninsular español (Brunet 

et al., 2007, y sus referencias). A pesar de las diferencias en la metodología empleada, 

todos coinciden en el aumento de las temperaturas que ha sido destacado 

fundamentalmente en la segunda mitad del pasado siglo. Sin embargo, este incremento 

de las temperaturas no ha sido uniforme temporalmente, detectándose un mayor ritmo 

en las temperaturas de los meses invernales. También se han observado diferentes 

ritmos en el incremento de las temperaturas máximas y mínimas. No obstante, se 

pueden encontrar resultados contradictorios en este aspecto en la literatura científica 

(Brunet et al., 2007, y sus referencias). 

En el estudio de la variabilidad climática de las precipitaciones también es 

bastante común el análisis de las series temporales obtenidas a partir de estaciones de 

medida en superficie (Brunetti et al., 2001; López-Moreno et al., 2010; Rodrigo, 2010). 

Se ha observado un aumento de las sequías y de la frecuencia e intensidad de las fuertes 

precipitaciones en la mayor parte de la superficie terrestre, aunque hay poca 

consistencia en los cambios de las precipitaciones intensas sobre algunas áreas del 

planeta, en particular, en la región del Mediterráneo (IPCC, 2021). Sin embargo, sí se 

tienen evidencias de un aumento de la frecuencia de las borrascas en verano y otoño y 

un descenso en invierno y primavera en la región Mediterránea occidental (Bartholy et 

al., 2009). Estos cambios dan lugar en verano a un aumento de las borrascas de corta 

duración frente a las de larga duración, que derivan en un descenso significativo de las 

precipitaciones en esta época del año. En el caso de la Península Ibérica, contrariamente 

a lo observado en general en la precipitación global, se tienen evidencias de que la 

probabilidad de los periodos de precipitaciones intensas no ha aumentado, pero sí la de 

los periodos de sequía (López-Moreno et al., 2010; Rodrigo, 2010; Rodrigo y Trigo, 2007). 

Además, se han encontrado evidencias de un descenso general en la precipitación anual 

y en la intensidad de la precipitación diaria. 
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Tradicionalmente, el estudio de estas series temporales se ha realizado mediante 

el uso de análisis de tendencias u otros métodos estadísticos que dan una descripción 

limitada de su compleja dinámica e ignoran sus características no lineales (de Lima et 

al., 2013; El Kenawy et al., 2012; Horton, 1995; Jones y Hulme, 1996; Katsoulis y 

Kambetzidis, 1989). Sin embargo, en las últimas décadas ha habido un interés creciente 

en el estudio de estas propiedades en el análisis de series meteorológicas, en particular, 

con los llamados métodos multifractales (Baranowski et al., 2015; Burgueño et al., 2014; 

da Silva et al., 2020; García-Marín et al., 2015; Sarker y Mali, 2021). 

La autosimilitud es una característica no lineal que tienen algunos sistemas que 

consiste en la repetición de sus propiedades a distintas escalas. Si esta autosimilitud 

ocurre para las infinitas escalas posibles, es decir, si existe invariancia de escala, este 

sistema se denomina fractal (Mandelbrot, 1982). Un ejemplo de curva fractal es la curva 

de Koch, representada en la Figura 1. Esta curva se construye repitiendo sucesivamente 

el siguiente procedimiento: se divide un segmento en tres partes iguales y se sustituye 

la parte central por dos segmentos de igual longitud que forman un ángulo de 60 grados. 

El resultado de este proceso puede apreciarse en las diferencias que existen entre la 

primera y segunda iteración mostradas en la figura mencionada. Como se puede 

apreciar, esta curva mantiene la misma forma cuando ampliamos un fragmento de ella. 

Esto significa que es invariante ante traslaciones y cambios de escala, es decir, es 

autosimilar. Por tanto, se trata de un sistema fractal (Feder, 1988). 
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Figura 1: (Izquierda) Primera y segunda iteraciones de la curva de Koch. (Derecha) Séptima 

iteración y su parte superior ampliada. Fuente: Elaboración propia basada en el código de 

Durrani (2022) 

Un sistema fractal como el de la figura quedaría completamente descrito por la 

llamada dimensión fractal, que para estos sistemas no es entera y es mayor que su 

dimensión topológica, 𝐷𝑇. Hay diferentes formas de definir la dimensión fractal de un 

sistema. Algunas de ellas son la dimensión de información; la dimensión de box-counting 

(conteo de cajas) o de Minkowski-Bouligand; y la de Hausdorff-Besicovitch (Feder, 1988; 

Mandelbrot, 1982). Por ejemplo, para la curva de Koch, la dimensión de Hausdorff-

Besicovitch es 𝐷𝐻𝐵 ≈ 1.26 > 𝐷𝑇 = 1. 

Muchos objetos de la naturaleza en realidad son estadísticamente autosimilares. 

Esto significa que en estos objetos son las propiedades estadísticas las que se repiten a 

diferentes escalas, como ocurre, por ejemplo, con las líneas de costa (Mandelbrot, 

1967). 

En el contexto de las series temporales, 𝑥(𝑡), se observa que la dinámica de estas 

es más compleja y, en lugar de ser autosimilares, son autoafines. Esto significa que las 

variables 𝑥 y 𝑡 se modifican a razones distintas cuando se cambia la escala de análisis 

(Feder, 1988). Además, gracias al llamado exponente de Hurst, 𝐻, se ha demostrado que 

muchas series temporales de variables presentes en la naturaleza, como la lluvia, el 

caudal de los ríos o la temperatura, poseen una relación de escala empírica entre el 

rango ajustado de la serie y un periodo de tiempo suficientemente amplio, 𝜏, 
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normalmente de años. Dicha relación está dada por 𝑅 𝑆⁄ = (𝜏 2⁄ )𝐻, donde 𝑆 es la 

desviación estándar. Bajo ciertas condiciones, este exponente de escala se relaciona con 

la dimensión fractal de la curva mediante la expresión 𝐷 = 2 − 𝐻, válida para series que 

cumplen la propiedad que se ha mencionado antes, es decir, para series autoafines 

(Feder, 1988, y sus referencias). 

Frecuentemente, se requiere de distintos exponentes de escala (temporal) para 

describir satisfactoriamente las series temporales encontradas en la naturaleza. La 

diversidad de exponentes que las describen puede deberse a diferentes factores, como 

los que se expondrán a continuación. Algunas variables presentan escalas temporales 

de transición que separan regímenes con distintos exponentes de escala (Hu et al., 2001; 

Pavón-Domínguez et al., 2013; Tadić et al., 2019). En otros casos, se observa que se 

necesitan distintos exponentes para describir diferentes segmentos de la serie, 

indicando una evolución temporal de los mismos (Drożdż et al., 2018; Telesca et al., 

2001; Telesca y Lapenna, 2006). Otras magnitudes muestran series con una jerarquía de 

subconjuntos fractales mezclados, cada uno con un exponente de escala distinto. En 

este caso, se dice que el proceso es multifractal, mientras que un proceso con una única 

dimensión fractal se denomina comúnmente como monofractal (Kantelhardt et al., 

2002; Telesca y Lapenna, 2006). 

Debido a estos factores, el uso del análisis multifractal de las series temporales 

para tratar de describir sus propiedades no lineales, sus singularidades y sus 

propiedades de escala ha suscitado un gran interés en las últimas décadas.  Algunos de 

estos estudios abarcan campos tan diversos como la contaminación atmosférica 

(Carmona-Cabezas et al., 2019), la astronomía (Movahed et al., 2006) o la música 

(Telesca y Lovallo, 2011a). En particular, varios trabajos han demostrado el éxito de estas 

técnicas cuando se han aplicado a variables meteorológicas como la evapotranspiración 

(Ariza-Villaverde et al., 2019), la temperatura del aire en superficie (da Silva et al., 2020), 

la precipitación (Rodríguez-Solà et al., 2017), la humedad relativa, la radiación global o 

la velocidad del viento (Baranowski et al., 2015). 
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Una técnica ampliamente usada en el análisis de series fractales es el método de 

Análisis de Fluctuación sin Tendencia (o DFA, por sus siglas en inglés). Este método 

permite la determinación de las propiedades de escala monofractales y de la 

persistencia o correlaciones de largo alcance en series temporales con ruido y no 

estacionarias. Sin embargo, para aquellas series que presentan distintos subconjuntos 

fractales entremezclados, un análisis multifractal es más adecuado. Por ello, Kantelhardt 

et al. (2002) propusieron el método denominado Análisis Multifractal de Fluctuación sin 

Tendencia (MF-DFA) para extender su uso a series multifractales no estacionarias. Su 

utilidad radica en que permite determinar el exponente de Hurst generalizado para 

distintos momentos estadísticos. Además, estos autores establecieron una relación con 

el formalismo multifractal estándar. Esto posibilita relacionar dicho exponente con el 

llamado espectro multifractal o de singularidad, 𝑓(𝛼), donde 𝛼 es el exponente de 

singularidad (o de Lipschitz-Hölder). Este espectro caracteriza las singularidades de cada 

subconjunto fractal de la serie analizada (Feder, 1988), donde 𝑓 puede interpretarse 

como la probabilidad de ocurrencia de un evento que pertenece a un subconjunto con 

singularidad 𝛼 (Nilsson, 2007). 

Otra perspectiva del análisis de las características no lineales de las series 

temporales fue la propuesta de Lacasa et al. (2008), que desarrollaron un método 

conocido como Grafo de Visibilidad (VG) que trazaba un puente entre el análisis de 

series temporales y la teoría de grafos. Aunque los grafos ya han sido usado con 

anterioridad en varios estudios climáticos (Gozolchiani et al., 2011; Paluš et al., 2011; 

Tsonis y Roebber, 2004), estos se centran en construir las llamadas redes climáticas 

representando en cada nodo las estaciones o puntos geográficos analizados. El método 

VG, en cambio, permite transformar series temporales en grafos que heredan las 

propiedades de las series originales. Para ello, hace uso de un criterio de visibilidad que 

establece si dos puntos de la serie (nodos) cualesquiera están conectados en la red. Con 

este método, las series aleatorias se transforman en grafos aleatorios, las series 

periódicas en grafos regulares y las series fractales en redes libres de escala. Además, la 

distribución de probabilidad del grado, una medida de centralidad ampliamente 

utilizada en redes complejas, permite distinguir entre los distintos tipos de redes y, por 

tanto, entre distintos tipos de series temporales (Lacasa et al., 2008). 
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Una versión del Grafo de Visibilidad más simple, es el llamado Grafo de 

Visibilidad Horizontal (HVG), usado por primera vez en un estudio realizado por Luque 

et al. (2009). En este trabajo, los autores hallaron resultados obtenidos de forma 

analítica para varias propiedades topológicas de estas redes cuando provenían de series 

aleatorias no correlacionadas. Otro trabajo (Lacasa y Toral, 2010) demostró que, gracias 

a una propiedad de estas redes, era posible distinguir entre procesos estocásticos 

correlacionados, no correlacionados y caóticos. Un ejemplo de aplicación a series reales 

de esta técnica puede verse en el trabajo de Braga et al. (2016), donde se describe la 

evolución anual de las fluctuaciones en el caudal de distintos ríos en Brasil a través de 

las propiedades de las redes. 

Figura 2: (Izquierda) Ejemplo de una serie temporal representada en diagrama de barras donde 

se establecen enlaces entre los distintos puntos según el método HVG (Luque et al., 2009). 

(Derecha) Grafo de Visibilidad obtenido tras aplicar el método, donde cada nodo representa un 

punto de la serie y cada arista un enlace. Fuente: Elaboración propia. 

La hipótesis de partida de esta tesis doctoral es que la descripción de la evolución 

de la temperatura y la precipitación en un contexto de cambio climático está incompleta 

al no considerar la información derivada del análisis multifractal y de redes complejas. 

Actualmente, lo más frecuente es tener en cuenta la información estadística y el análisis 

de tendencias, entre otros. Sin embargo, estos resultados dan lugar a una descripción 

parcial y poco precisa, en muchos casos basados en modelos lineales que no reflejan la 

verdadera dinámica de estas series. El análisis multifractal y de redes complejas supera 

esta limitación al analizar sus propiedades no lineales. Estos resultados no son 
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habitualmente contemplados en las bases de datos usadas para la aplicación de modelos 

predictivos y podrían mejorar su precisión. Este trabajo se centra en la Península Ibérica, 

presentando el análisis multifractal de la temperatura y la precipitación y la aplicación 

del Grafo de Visibilidad Horizontal en la temperatura para un periodo de 60 años (1960-

2019). Los resultados obtenidos de esta investigación se han descrito en las tres 

publicaciones que forman el cuerpo de esta tesis. A continuación, para aclarar el 

contenido de estas, en la Figura 3 se muestra el contenido de cada una de ellas. 

Figura 3: Esquema simplificado del contenido de cada publicación. Fuente: Elaboración propia. 

En el primer estudio (Gómez-Gómez et al., 2021a), el método MF-DFA se aplica 

a cuatro variables de temperatura (máxima, mínima, media diarias y DTR) en diez 

estaciones distintas distribuidas por la Península Ibérica y en dos periodos: 1960-1989 y 

1990-2019. En este trabajo se analizan el exponente de Hurst generalizado y los 

espectros multifractales de estas series de temperatura con el objetivo de buscar 

evidencias de una posible influencia del cambio climático en estas propiedades y 

obtener una mejor descripción de la dinámica de estas series. 

En el segundo estudio (Gómez-Gómez et al., 2021b), se exploró la aplicación del 

método HVG a diez series de temperatura media diaria. Se analizó la relación de las 

propiedades de las series originales con las características topológicas de los grafos, 

estudiando si estas últimas cambian en un contexto de ascenso generalizado de las 

temperaturas. Para ello, se estudiaron tres de estas características (la media del grado, 

el exponente de la distribución del grado y el coeficiente de agrupamiento global) y sus 
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tendencias. Las estaciones en las que se analiza esta variable y el periodo abarcado 

(1960-2019) coinciden con aquellos considerados en el primer estudio. 

Finalmente, en el tercer trabajo (Gómez-Gómez et al., 2022), se analizó la 

complejidad de las series de precipitación, usando de nuevo el MF-DFA, para los mismos 

periodos de 30 años considerados en el primer estudio. En este caso, se abordó el 

análisis sobre un total de 29 estaciones. Para esta variable, también se estudiaron tanto 

el exponente de Hurst generalizado como distintas características de los espectros 

multifractales, atendiendo especialmente a la posible variación de estas propiedades 

entre ambos periodos.
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2. Hipótesis y objetivos 

La descripción de la evolución de la temperatura y la precipitación ha sido 

tradicionalmente llevada a cabo a través de diversos métodos estadísticos, con la 

frecuente inclusión de distintos análisis de tendencias (de Lima et al., 2013; El Kenawy 

et al., 2012; Horton, 1995; Jones y Hulme, 1996; Katsoulis y Kambetzidis, 1989). La 

principal hipótesis que aborda esta tesis es que los resultados derivados del análisis 

multifractal y de redes complejas pueden mejorar la descripción de estas variables 

meteorológicas en el contexto actual de cambio climático, dando una información 

complementaria acerca de las propiedades de escala y no lineales de las series 

implicadas. 

El uso de la técnica de MF-DFA para estudiar series meteorológicas se ha 

extendido mucho en la literatura científica (Baranowski et al., 2015; Burgueño et al., 

2014; da Silva et al., 2020; Krzyszczak et al., 2019; Mali, 2015; Sarker y Mali, 2021; 

Telesca y Lovallo, 2011b). La metodología seguida en la gran mayoría de las 

publicaciones se fundamenta en analizar las fluctuaciones de las series completas con 

los datos disponibles. Por tanto, ignoran el posible cambio en las fluctuaciones que 

puede transcurrir entre distintos periodos, a semejanza de lo encontrado por algunos 

autores en el marco de las series sísmicas (Telesca et al., 2001; Telesca y Lapenna, 2006). 

Respecto a las series de precipitación y temperatura en la Península Ibérica, hay pocos 

estudios y están fundamentalmente centrados en algunas de sus subregiones (Burgueño 

et al., 2014). 

Por otra parte, la aplicación del método de HVG permite trabajar en el marco de 

las redes complejas con grafos que contienen las propiedades de las series originales 

(Lacasa y Toral, 2010; Luque et al., 2009). Este método también permite distinguir la 

naturaleza caótica o estocástica de estas series y describir sus correlaciones, como se 

expone en las conclusiones de un trabajo publicado en la pasada década (Lacasa y Toral, 

2010). Braga et al. (2016) observaron una evolución en las propiedades topológicas en 

un estudio que aplicaba HVG al caudal anual de los ríos. Por tanto, siguiendo a estos 

autores, es conveniente explorar los posibles cambios en las propiedades de estas redes 
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complejas derivadas de series de variables meteorológicas y observar si pueden estar 

relacionados con el cambio climático. 

El objetivo principal de la tesis es, por tanto, completar la descripción de las 

series temporales de temperatura y precipitación en la Península Ibérica aplicando el 

análisis multifractales y de redes complejas. Este objetivo se desglosa por publicación 

en los siguientes objetivos específicos: 

1. Publicación 1 (Gómez-Gómez et al., 2021a). El objetivo general de este trabajo es 

buscar evidencias de cambios en las propiedades multifractales de las series de 

temperatura del aire en superficie. Para alcanzarlo, se llevaron a cabo las siguientes 

tareas: 

1.1. Obtención de las anomalías o series temporales desestacionalizadas de cuatro 

variables de temperatura (máxima, mínima, media y DTR), procedentes de 

diferentes localizaciones geográficas. 

1.2. Implementación del algoritmo con el método MF-DFA aplicados a estas series 

en dos periodos consecutivos de 30 años: 1960-1989 y 1990-2019. 

1.3. Obtención de los exponentes de Hurst generalizados de cada variable y 

localización, y evaluación de sus cambios entre los periodos mencionados. 

1.4. Cálculo de los espectros de singularidad y análisis de las propiedades más 

importantes que los caracterizan (el máximo, la anchura y la asimetría) y sus 

cambios entre ambos periodos. 

2. Publicación 2 (Gómez-Gómez et al., 2021b). El objetivo de este estudio es explorar 

si el marco teórico de los Grafos de Visibilidad puede aplicarse a series de 

temperatura media diaria y verificar si las propiedades topológicas de las redes 

obtenidas cambian en un contexto de cambio climático. A continuación, se exponen 

los aspectos tratados para llegar a este objetivo: 
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2.1. Realización de un análisis preliminar para identificar la evolución anual de los 

valores promedios de las anomalías de temperatura media diaria en el periodo 

1960-2019. 

2.2. División de las series de las anomalías en periodos anuales y transformación de 

cada segmento en sus respectivos HVGs. 

2.3. Cálculo del grado y el coeficiente de agrupamiento global de cada red compleja. 

2.4. Obtención de la media y el exponente de la distribución del grado para evaluar, 

junto al coeficiente de agrupamiento, la evolución de estos parámetros en el 

periodo de 60 años, considerando sus posibles tendencias. 

3. Publicación 3 (Gómez-Gómez et al., 2022). El objetivo general de este estudio es 

investigar si las propiedades multifractales de la precipitación cambian entre dos 

periodos consecutivos de 30 años, similares a los del primer estudio, y verificar si 

estos cambios siguen patrones geográficos o temporales. Para desarrollar este 

objetivo se acometieron las siguientes tareas: 

3.1. Realización de un análisis preliminar de la tendencia de la precipitación anual 

acumulada en distintas localizaciones en el periodo completo de 60 años, 1960-

2019. Comparación de sus resultados con los de la estadística descriptiva en 

cada subperiodo de 30 años (1960-1989 y 1990-2019). 

3.2. Desestacionalización de las series de precipitación diaria. 

3.3. Cálculo de los exponentes de Hurst generalizados en cada localización y análisis 

de sus cambios entre los dos subperiodos. 

3.4. Determinación de los espectros de singularidad en las distintas localizaciones y 

estudio de sus propiedades más relevantes (el máximo, la anchura y la 

asimetría) y los cambios entre ambos subperiodos.  
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a b s t r a c t

In the last decades, an ever-growing number of studies are focusing on the extreme
weather conditions related to the climate change. Some of them are based on multifrac-
tal approaches, such as the Multifractal Detrended Fluctuation Analysis (MF-DFA), which
has been used in this work. Daily diurnal temperature range (DTR), maximum, minimum
and mean temperature from five coastal and five mainland stations in Spain have been
analyzed. For comparison, two periods of 30 years have been considered: 1960–1989 and
1990–2019. By using the MF-DFA method, generalized Hurst exponents and multifractal
spectra have been obtained. Outcomes corroborate that all these temperature variables
have multifractal nature and show changes in multifractal properties between both
periods. Also, Hurst exponents values indicate that all time series exhibit long-range
correlations and a stationary behavior. Coastal locations exhibit in general wider spectra
for minimum and mean temperature than for maximum and DTR, in both periods. On
the contrary, the mainland ones do not show this pattern. Also, width from multifractal
spectra of these two variables (minimum and mean temperature) is shortened in the
last period in almost every case. To authors’ mind, changes in multifractal features
might be related to the climate change experienced in the studied region. Furthermore,
reduction of spectra width for minimum and mean temperature implies a decrease of
the complexity of these temperature variables between both studied periods. Finally,
the wider spectra found in coastal stations might be useful as a discriminator element
to improve climate models.

© 2021 Published by Elsevier B.V.

1. Introduction

For decades, it has been widely known the fact that air temperatures are increasing (on different spatial and time
scales), as it has been proven by a number of different studies [1–3]. All of the last three decades have been characterized
by being consecutively the warmest since 1850 [4], in terms of Earth’s surface temperature. It is obvious that this
temperature rise has a negative impact on life on Earth: changes in migration and number of many species; increase
of the susceptibility of numerous ecosystems and human environments; great impacts to crops (wheat or maize among
others), etc. All these complications have an added negative influence on global politics, society and demographics [5].

Due to all this, there is an increasing interest in the scientific community regarding climate variability. The main
approaches consist in climate models and statistical analyses that investigate extreme episodes which are supposed to be
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Fig. 1. Example of temperature variables records for 1990 in Málaga station. Daily mean, minimum and maximum temperature are shown on the left
part, while diurnal temperature range (DTR) is depicted on the right. This last variable was directly computed by subtracting minimum temperature
values to the maximum temperature.

related to global warming. In these cases, the highest confidence levels are usually associated to unusually extreme cold
and heat events [6]. Thus, the study of temperature variables time series is a widespread approach in the field [7–11].

In the case of Spain (which is where this work is focused), all findings seem to point to the fact that the main change
in temperature during the twentieth century was recorded from the 1970s onward. This change was characterized by
an abrupt and remarkable increase in temperatures. Nonetheless, this warming does not have a marked continuity nor
regularity throughout the century. Neither it has been along the year, being winters typically when the strongest changes
were identified. Also, several studies have shown that this change has been more pronounced for the maximum than for
the minimum temperature in the Iberian Peninsula and in some subregions [12–15]. However, the opposite was found in
other researches [16,17].

Classical statistical methods have been widely used traditionally in order to gain information from time series and to
confirm climate models [18,19]. Furthermore, in the last decade, several advanced techniques have gain importance in
the context of analysis of complexity and non-linearity of signal. Some of them are the so-called fractal and multifractal
analysis [20–22]. Among these last ones, Multifractal Detrended Fluctuation Analysis (MF-DFA) [23] has become an ex-
tensively used technique for analyzing climatic time series [7,24–27]. This technique combines the Detrended Fluctuation
Analysis (DFA) with the fractal theory, providing a reliable tool that yields information about complex and non-linear
time series. DFA is used to determine fractal properties of non-stationary time series. However, it fails when it comes to
characterizing series with more than one scaling exponent (multifractal), which is why MF-DFA has advantages over the
first one.

The objective pursued in the presented work is to seek evidence of the influence of climate change in the multifractal
properties of temperature time series in Spain. Furthermore, these multifractal properties will be analyzed to gain
information on the nature and dynamics of the temperature time series. For such purpose, authors have selected four
variables related to temperature (daily maximum, minimum and average temperature and the diurnal temperature range)
at ten different locations across Spain and for two different time periods: 1960–1989 and 1990–2019. The employed
technique for this analysis is the MF-DFA.

2. Materials and methods

2.1. Data

The studied data in this document correspond to four temperature time series of two periods of 30 years: 1960–1989
and 1990–2019. The data that support the findings of this study are openly available. They are provided by the Spanish
Meteorological Agency (‘‘Agencia Estatal de Meteorología’’) from the AEMET OpenData website at http://www.aemet.
es/es/datos_abiertos/AEMET_OpenData. The four temperature variables are daily maximum (Tmax), minimum (Tmin) and
mean temperature (Tmax), and the diurnal temperature range (DTR), which is computed from the maximum and minimum
temperatures (see Fig. 1). Raw data are recorded at 10 different meteorological stations located over the Iberian Peninsula,
in Spain (Fig. 2). Half of stations belongs to coastal regions and the rest are mainland. Furthermore, they cover the Atlantic
and the Mediterranean semiarid climates. Descriptive statistic shows a global increase of temperature variables, especially
for mean temperature.
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Fig. 2. Map of the studied meteorological stations localized in the Iberian Peninsula, Spain.

Before applying the MF-DFA, data must be preprocessed in order to remove the seasonality from time series. To this
aim, average month values of temperature time series over all 30 years for each period have been computed. Next,
these mean values are subtracted from the original signals to obtain the deseasonalized ones. To check that correlations
due to seasonal effects are eliminated, authors have computed the autocorrelation functions of the original and the
deseasonalized time series. In Fig. 3, an example of these functions is depicted. As it can be observed, the autocorrelation
functions before this procedure is applied, give an almost sinusoidal behavior in the interval [−1, +1] which soften when
increasing scale. After month values are subtracted, these functions decay rapidly to zero.

2.2. Multifractal detrended fluctuation analysis

MF-DFA was a method proposed by Kantelhardt et al. [28] for multifractal analysis of nonstationary time series and
it is based on detrended fluctuation analysis (DFA). The main advantage of these both approaches is that they can obtain
the scaling behavior of the fluctuations in time series. Although the studied system is affected by artificial correlations
derived from unknown underlining trends, these techniques allow to retrieve the intrinsic fluctuations of the system [29].
DFA was invented in order to deal with monofractal time series and the main concepts were extended by Kantelhardt
et al. to multifractal signals. The five steps to implement the MF-DFA algorithm are the following [28]:

(1) Firstly, compute the integrated time series, also known as the ‘‘profile’’. Let xk be a time series of length N and ⟨x⟩
the mean value. Then, the profile is defined as:

Y (i) ≡

i∑
k=1

[xk − ⟨x⟩] , i = 1, . . . ,N (1)

(2) Next, divide the profile Y (i) into Ns ≡ int (N/s) nonoverlapping segments of equal length s. The length N of the
series is often not a multiple of the time scale s, thus, a short part at the end of the profile may remain. To hold
this part, the same procedure is repeated from the end of the series to the beginning. Thereby, 2Ns segments are
obtained for each time scale s.

(3) Compute the local trend for each segment ν by means of the least-squares fit of the series. The fitting polynomial
yν (i) can be linear, quadratic, cubic, or higher order polynomial. Different order of the polynomial fit differs in
the capability to eliminate trends in the series [30]. In mth order of MF-DFA, trends of order m in the profile (or,
equivalently, of order m−1 in the original series) are eliminated. Therefore, by subtracting yν (i) for each segment,
one can compute the variance for each s value:

F 2 (ν, s) ≡
1
s

s∑
i=1

{Y [(ν − 1) s + i] − yν (i)}2 (2)

3
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Fig. 3. Example of original (a) and deseasonalized (b) mean temperature time series for Málaga station in the period 1990–2019 and their
corresponding autocorrelations functions (c and d, respectively). For clarity reasons, time series are plotted only for the first 5000 data (or days)

for each segment ν, ν = 1, . . . ,Ns and

F 2 (ν, s) ≡
1
s

s∑
i=1

{Y [N − (ν − Ns) s + i] − yν (i)}2 (3)

for each segment ν, ν = Ns + 1, . . . , 2Ns.
(4) Average over all segments to obtain the qth order fluctuation function:

Fq (s) ≡

{
1

2Ns

2Ns∑
ν=1

[
F 2 (ν, s)

]q/2}1/q

(4)

where the index q can take any real value except zero, because of the diverging exponent. For q = 0, a logarithmic
averaging procedure must be performed and the fluctuation function is computed as follows:

Fq=0 (s) ≡ exp

{
1

4Ns

2Ns∑
ν=1

ln
[
F 2 (ν, s)

]}
(5)

For q = 2, the standard DFA method is obtained. To retrieve the scaling behavior of the generalized q dependent
fluctuation functions, steps 2 to 4 must be repeated for different time scales s. Fq (s) will increase with increasing s.
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Besides, this fluctuation function depends on the m order of the polynomial fit and, by construction, is only defined
for s ≥ m + 2 [30].

(5) To determine the scaling behavior of the fluctuation functions, it is necessary to analyze the log–log plots of Fq (s)
vs s for each value of q. If the series xk is long-range power-law correlated, then Fq (s) increases for large values of
s as a power law:

Fq (s) ∼ sh(q) (6)

Hence, the scaling exponent h (q) can be computed by obtaining the slopes of the log–log plots of Fq (s) vs s for
each q. For very large scales, Fq (s) becomes statistically inaccurate for the averaging procedure, since the number
of segments 2Ns becomes very small. Also, systematic deviations from the scaling behavior occur for very small
scales (s ≈ 10). Thus, a thorough analysis is needed in order to determine the best range for the least-squares fits.

In general, h (q) can depend on q. For stationary time series, h (2) is the well-known Hurst exponent H whereas, for
non-stationary signals, the Hurst exponent is H = h (2) − 1 [31]. For this reason, h (q) is called as generalized Hurst
exponent. On the other hand, the Hurst exponent value (H) gives information about the correlation properties of the
signals. For a white noise process (uncorrelated time series), H = 0.5. When 0 < H < 0.5, the signal is long-range
anti-correlated, meaning that a large value is more likely to be followed by a small value and vice versa. Finally, when
H > 0.5, time series is long-range correlated and large values are more likely to be followed by other large values and
vice versa [29].

For monofractal time series, h (q) is independent of q and Eq. (4) gives an identical scaling behavior for all values of q.
Only if small and large fluctuations scales differently, h (q) will depend significantly on q. Segments with large variance
F 2 (ν, s) or large deviations from the fit will dominate the average value Fq (s) for q > 0. On the contrary, segments with
small variance F 2 (ν, s) will dominate Fq (s) for q < 0. Therefore, h (q) describes the scaling behavior of the segments with
large fluctuations (when q > 0) and the scaling behavior of the segments with small fluctuations (when q < 0).

2.3. Relation to standard multifractal analysis

In order to relate MF-DFA method to the standard multifractal analysis based on the box counting formalism,
Kantelhardt et al. also demonstrated that the scaling exponent h (q) is related to the scaling exponent τ (q), which is
defined by the partition function of the multifractal formalism [28]. This relationship is established by the expression:

τ (q) = qh (q) − 1 (7)

Another way to characterize a multifractal series in the standard formalism is by means of the so-called multifractal
spectrum or singularity spectrum f (α), which can be computed from τ (q) via the Legendre transform:

α =
dτ (q)
dq

and f (α) = qα − τ (q) (8)

where α is the singularity strength or Hölder exponent and the shape of f (α) is usually a concave-down parabola with a
maximum value which correspond to the most dominant scaling behavior [25]. The corresponding value of the singularity
strength at this maximum is often denoted by α0 and the width of the multifractal spectrum (i.e., W = αmax −αmin) gives
information about the degree of the multifractality of the signal [32]. When the time series is monofractal, the width of
the spectrum will be close to zero.

If the curve is fitted by a second order polynomial, it can be obtained an asymmetry parameter B to discern between
right-skewed or left-skewed distributions. Hence, the multifractal spectrum can be parametrized by:

f (α) = A (α − α0)
2
+ B (α − α0) + C (9)

When B = 0, the spectrum is symmetrical, whereas for B > 0 is left-skewed and for negative values is right-
skewed [33,34]. A right-skewed spectrum is related to relatively strongly weighted high fractal exponents. Its broadness
is mainly due to small fluctuations (q < 0) and the time series is more regular (with ‘‘fine-structure’’) [35,36]. On
the contrary, a left-skewed spectrum indicates a relatively strongly weighted low fractal exponents associated to large
fluctuations (q > 0) and a more singular signal. Thus, it shows a richer multifractal structure in the arrangement of the
large fluctuations.

3. Results and discussion

3.1. Generalized Hurst exponents

To calculate the generalized Hurst exponent h(q) of temperature variables, fluctuation functions Fq (s) with a range
of q values from −5 to 5 with step 0.5 has been chosen. The interval selected for the scale values s is from 5 to 2000
days with step of 5 days. In Fig. 4, values of log[Fq (s)] vs log(s) is shown for Málaga in the period 1990–2019 as an
example. It is observed that fluctuation functions increase with scale. As it can also be appreciated, curves can be fitted
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Fig. 4. Fluctuation functions vs scale values of segments for Málaga station in the period 1990–2019. Each curve corresponds to one q value. To
make clearer charts, only half of the analyzed curves are depicted.

by a linear regression to obtain the sought generalized Hurst exponent h(q). The optimal range to compute the linear fit
is approximately between 18 and 355 days (almost one year). Nonetheless, in some cases it is necessary to shorten this
range (down to 126 days) to avoid artifacts that worsen the analysis.

The generalized Hurst exponent for every location and period of time has been retrieved from their respective least
squares regressions and results are plotted in Fig. 5 for the five coastal locations and in Fig. 6 for the mainland ones.

On the one hand, looking at the five coastal stations, it can be observed that, in general, the scaling exponent is a
decreasing function of q. One can define a quantity ∆h (q) = hmax−hmin, being hmax the maximum value of the generalized
Hurst exponent in the interval and hmin the minimum. The value of ∆h (q) gives information about the multifractality
degree of the signal. Meaning that a greater multifractality degree is related to more violent temperature fluctuations [37].
∆h (q) is higher for mean and minimum temperature variables. This fact indicates a more multifractal behavior from these
signals which derives from more complex systems [23].

Furthermore, the only case where ∆h (q) is almost zero occurs for DTR in Málaga station in the years 1960–1989
(Fig. 5g). This is a characteristic behavior of monofractal time series. Apparently, for the next 30 years, the DTR evolves
slightly to a more multifractal signal in this case, as shown in Fig. 5h. However, this will be clearer when multifractal
spectra are discussed further in the text.

On the other hand, the mainland stations in Fig. 6 present a similar behavior such as the decreasing trend. Here,
negligible differences in ∆h (q) are shown, contrary to the coastal locations where minimum and mean temperature had
a more pronounced value of ∆h (q). Physically speaking, the major degree of multifractality for mean and minimum
temperature in the coastal stations might be related to the oceanic influence. Looking at Zaragoza, a monofractal nature
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Fig. 5. Generalized Hurst exponents for Tmax (a and b), Tmin(c and d), Tmean (e and f) and DTR (g and h) in the five coastal stations (Barcelona, Bilbao,
Málaga, La Coruña and Valencia). Charts on the left side are from the years 1960–1989 (a, c, e and g), while the ones on the right side correspond
to the years 1990–2019.
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Fig. 6. Generalized Hurst exponents for Tmax (a and b), Tmin (c and d), Tmean (e and f) and DTR (g and h) in the five mainland stations (Burgos, Sevilla,
Zaragoza, Badajoz and Albacete). Charts on the left side are from the years 1960–1989 (a, c, e and g), while the ones on the right side correspond
to the years 1990–2019.
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is identified as well in this case for DTR in the 1960–1989 period. This tendency changes for the next period, exhibiting
a higher multifractal degree (same phenomenon happened with Málaga, as discussed before).

Overall, the Hurst exponent H value can be calculated from these curves for q = 2. Because all these times series have
a value of h (2) < 1, they are demonstrated to be stationary signals and the Hurst exponent is exactly this value [38]. All
values of this parameter are in the range [0.601, 0.777]. As H > 0.5 for all the cases, time series are long-range correlated,
meaning that a relative high value of signals are likely to be followed by other high value and vice versa [25]. Regarding
the ∆h (q), it must be point out the fact that for the studied series, their values belong to the interval [0.027, 0.187]. This
shows that there is a high variability of the multifractal degree among the different series: from almost monofractal (as
seen with Málaga and Zaragoza) to clearly multifractal ones.

3.2. Multifractal spectra

Multifractal spectra are obtained by means of the computed scaling exponent τ (q), which is yielded from the relation
between this quantity and the generalized Hurst exponent (see Eq. (7)). Hölder exponents α and f (α) are finally retrieved
from the Legendre transform of this scaling exponent. In Figs. 7 and 8, it can be seen the multifractal spectra for every
city, period and temperature variable used in this analysis in the same order as Figs. 5 and 6. Next, the coastal stations
will be discussed.

Looking at the maximum temperature variable in Fig. 7a and b, it can be observed that some differences are present
between both periods. For all stations except for Málaga, the position of the maxima α0, which denotes the dominant
singularity strength, is slightly shifted to the right from years 1960–1989 to 1990–2019. On the contrary, Málaga spectrum
is shifted to the left, meaning that Málaga changes to more correlated signal and more regular structure in the last
30 years. Meanwhile, the other four do the opposite, becoming more complex signals [24]. When it comes to the width
(W = αmax −αmin), La Coruña is the coastal station that changes the most between both periods, increasing the degree of
multifractality (see Table 1). Barcelona and Valencia spectra have a rather shorter left tail for the last period in contrast
to the first one, denoting that, in the last 30 years, there is more homogeneity in the large fluctuations for this series.

Minimum temperature signals (Fig. 7c and d) show that in this case the peaks of the spectra (α0) experience a shift
to the right in the second time period (the series become less correlated, as explained before). The width of the spectra
is in this case reduced for every case, pointing to a reduction of the multifractality of the minimum temperature time
series over the years. Again, it is possible to see that the left tail corresponding to Barcelona and Valencia is shorter for
1990–2019, as happened with the maximum temperature.

For mean temperature (Fig. 7e and f), again α0 slightly moves to the right and the widths of the spectra are shortened
for every location from years 1960–1989 to 1990–2019. Furthermore, the most highlighted stations that present a reduced
left tail between both periods are Barcelona and Valencia again, being coherent with the previous results.

DTR results (Fig. 7g and h) also depict slight shifts in the value of α0. The difference in this case is that these changes
are now towards the left direction of the x-axis. Now the changes in the value of W are not as consistent as in the previous
variables. Multifractal degree of La Coruña and Málaga are increased, while the others decrease. The last mentioned station
(Málaga) stands out by having a much larger left tail for the last years.

In general, multifractal spectra for minimum and mean temperature are wider than in the other variables, meaning
that the degree of multifractality of these variables is larger and that these time series have more complex behavior. This
fact is coherent with the outcomes obtained from the generalized Hurst exponent. On the other hand, the asymmetry
parameter B, which is shown in Table 2, indicates change in the sign of symmetry for several stations and variables. La
Coruña and Valencia do not change the sign of B. Barcelona alters its symmetry for Tmax from negative to positive, which
denotes that spectrum changes from right to left-skewed and becomes more singular in the last period, as discussed
in Section 2.2. Bilbao modify its symmetry from positive to negative in Tmin, i.e., it becomes smoother or less singular
for the last years. On the contrary, it is altered from negative to positive in spectra for DTR (see Table 2). Lastly, Málaga
changes from positive to negative in Tmax and DTR.

Once the discussion of the results for the coastal stations has been done, the equivalent for the mainland ones is
described, which can be seen in Fig. 8. Focusing on the maximum temperature (Fig. 8a and b), it seems that there is no
common behavior when it comes to the shift of α0 for the five stations. Regarding the shape and the width of the spectra,
it must be pointed out that most of them are very similar, especially for the second period, except for Zaragoza.

Moving to the minimum temperature spectra (Fig. 8c and d), the α0 positions shifts vary from one city to another.
While for Sevilla and Albacete they become more correlated (move to the left), the rest do the opposite. The width of the
spectra decreases this time for all of them, except for Zaragoza, that remains almost the same. It can be clearly seen in
the corresponding figure.

For mean temperature, in every mainland station it can be observed how spectra are shifted to the right (see Fig. 8e
and f), meaning that signals become more complex. By looking at the width, it decreases in all locations except for Sevilla.
Again, the shape of spectra is very alike, more notably for the last 30 years.

Lastly, DTR charts (Fig. 8g and h) depict shifted spectra to the left in every case except for Zaragoza. For the width,
almost all the locations show a decrease of the degree of multifractality. Again, Zaragoza has a different behavior,
increasing the width instead of decreasing. Indeed, the spectrum changes from almost monofractal in the years 1960–1989
to multifractal in the last period. This agrees with the results of the generalized Hurst exponent.
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Table 1
Multifractal spectra width W of daily maximum (Tmax), minimum (Tmin), mean temperature (Tmean) and diurnal temperature range (DTR) for the
periods 1960–1989 and 1990–2019 in every station.
Station Tmax Tmin Tmean DTR

1960–1989 1990–2019 1960–1989 1990–2019 1960–1989 1990–2019 1960–1989 1990–2019

Barcelona 0,336 0,243 0,638 0,336 0,577 0,273 0,137 0,099
Bilbao 0,332 0,247 0,362 0,266 0,475 0,348 0,147 0,098
Málaga 0,188 0,198 0,296 0,283 0,355 0,283 0,063 0,261
La Coruña 0,116 0,239 0,514 0,466 0,330 0,235 0,192 0,215
Valencia 0,340 0,351 0,524 0,340 0,454 0,419 0,286 0,197
Burgos 0,110 0,295 0,401 0,313 0,331 0,271 0,294 0,229
Sevilla 0,311 0,318 0,323 0,130 0,244 0,299 0,254 0,184
Zaragoza 0,255 0,172 0,248 0,291 0,343 0,253 0,109 0,277
Badajoz 0,405 0,282 0,308 0,126 0,260 0,249 0,325 0,241
Albacete 0,324 0,318 0,403 0,221 0,393 0,321 0,271 0,259

Table 2
Asymmetry parameter B of multifractal spectra of daily maximum (Tmax), minimum (Tmin), mean temperature (Tmean) and diurnal temperature range
(DTR) for the periods 1960–1989 and 1990–2019 in every station.
Station Tmax Tmin Tmean DTR

1960–1989 1990–2019 1960–1989 1990–2019 1960–1989 1990–2019 1960–1989 1990–2019

Barcelona −0,408 0,457 0,447 0,487 0,367 0,480 0,561 0,520
Bilbao 0,495 0,560 0,345 −0,264 0,354 0,627 −0,364 0,407
Málaga 0,294 −0,218 0,516 0,425 0,472 0,493 0,004 −0,336
La Coruña 0,432 0,413 0,487 0,361 0,418 0,284 0,345 0,498
Valencia 0,489 0,486 0,451 0,440 0,425 0,492 −0,269 −0,211
Burgos 0,221 0,085 0,248 0,411 0,541 0,519 0,233 0,421
Sevilla 0,508 0,455 0,377 −0,147 0,620 0,452 0,516 0,518
Zaragoza 0,399 0,488 0,269 −0,329 0,385 0,448 0,232 −0,355
Badajoz 0,452 0,554 0,382 0,055 0,516 0,525 0,381 0,412
Albacete 0,519 0,488 0,432 0,414 0,399 0,521 0,447 0,492

Overall, it cannot be said that the minimum and mean temperature spectra are wider, as happened to the coastal
stations. Hence, the multifractal degree in this case is relatively similar for all the variables. In this case, the asymmetry
parameter B (see Table 2) maintains its sign for every city and variables, except for Sevilla (Tmax) and Zaragoza (Tmin and
DTR). In these cases, the sign always changes from positive to negative, which means, as explained before, that the spectra
change from left to right-skewed. Therefore, the signals become more regular in the last period.

4. Conclusions

The analyzed air surface temperature variables show all distinct scaling exponents when looking at the fluctuation
functions (Fq(s)) versus scales (s) at different q moments. This fact demonstrates the intrinsic multifractal nature of signals.
It can be concluded that all the series are stationary and long-range correlated. A way to understand the long-range
correlation is that an increase in temperature would be more likely followed by another increase and vice versa.

The main multifractal features of the four temperature signals vary between years 1960–1989 and 1990–2019, to a
greater or lesser extent. This result might be interpreted as a possible relation between the climatic change and the fractal
properties. However, in most cases, the symmetry of multifractal spectra remains almost the same between both periods
and changes that we found lacked any consistency.

Regarding the coastal locations, a higher degree of multifractality is mostly present in both periods in Tmin and Tmean,
since they show wider spectra than Tmax and DTR. This result is a discriminator element between coastal and mainland
stations in both periods because the last ones do not show this pattern. Thus, authors conclude that ocean might have an
impact on the higher complexity of minimum and mean temperature time series on these locations.

Nevertheless, a more relevant result obtained from Tmin and Tmean is a spectral narrowing on the vast majority of
mainland and coastal stations over time. This means that the complexity of the temperature series decreases. However,
authors believe that changes in complexity for the mean might be derived from minimum temperature values. Since this
effect is not consistent with the maximum temperature, there is an asymmetry in the temperature behavior. Brunet et al.
already found an asymmetric behavior between maxima and minima only in mainland stations over the Iberian Peninsula
in their statistical study between 1850 and 2003 [15]. In that study, maximum temperature increased at greater rates than
minimum temperature. On the contrary, other investigations made by Esteban-Parra et al. in 2003 [16] or Staudt et al.
in 2004 [17] obtained the opposite behavior (higher rates of change for minima than for maxima). According to this,
the climatic change experienced in this region might be linked to different behaviors in maxima and minima. A relation
between this asymmetry found in the Iberian Peninsula and the different multifractality shown by their singularity spectra
could exist.
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Fig. 7. Multifractal spectrum of Tmax (a and b), Tmin (c and d), Tmean (e and f) and DTR (g and h) for every coastal station (Barcelona, Bilbao, Málaga,
La Coruña and Valencia). Charts on the left side are from the years 1960–1989 (a, c, e and g), while the ones on the right side correspond to the
years 1990–2019.
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Fig. 8. Multifractal spectrum of Tmax (a and b), Tmin (c and d), Tmean (e and f) and DTR (g and h) for every mainland station (Burgos, Sevilla, Zaragoza,
Badajoz and Albacete). Charts on the left side are from the years 1960–1989 (a, c, e and g), while the ones on the right side correspond to the years
1990–2019.
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The conclusions drawn from these results can help testing models related to the climate change. One important point
extracted from this analysis is that multifractal properties are not conserved over time for temperature time series.
Hence, to improve future simulations, studies involving greater periods of time should be done. By doing so, a better
understanding of how these parameters evolve with time could be achieved. Additionally, it must be pointed out the
importance of seeking relations among the multifractal features and the atmospheric processes involved. A search of the
applicability of these outcomes for assessing different climate models will be the aim of future works.
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[36] S. Drozdz, P. Oświȩcimka, Detecting and interpreting distortions in hierarchical organization of complex time series, Phys. Rev. E 91 (2015)
030902, http://dx.doi.org/10.1103/PhysRevE.91.030902.

[37] H. Feng, Y. Xu, Multifractal detrended fluctuation analysis of WLAN traffic, Wirel. Pers. Commun. 66 (2012) 385–395, http://dx.doi.org/10.1007/
s11277-011-0347-y.

[38] P. Pavón-Domínguez, S. Serrano, F.J. Jiménez-Hornero, J.E. Jiménez-Hornero, E. Gutiérrez de Ravé, A.B. Ariza-Villaverde, Multifractal detrended
fluctuation analysis of sheep livestock prices in origin, Physica A 392 (2013) 4466–4476, http://dx.doi.org/10.1016/j.physa.2013.05.042.

14

http://dx.doi.org/10.1175/2008JAMC1921.1
http://dx.doi.org/10.1007/s40710-015-0105-3
http://dx.doi.org/10.1080/02626660009492373
http://dx.doi.org/10.1080/02626660009492373
http://dx.doi.org/10.1080/02626660009492373
http://dx.doi.org/10.1016/j.atmosenv.2016.11.004
http://dx.doi.org/10.1016/j.agrformet.2019.107657
http://dx.doi.org/10.1007/978-1-4614-1806-1_30
http://dx.doi.org/10.1007/s00704-018-2705-0
http://dx.doi.org/10.1007/s00704-018-2705-0
http://dx.doi.org/10.1007/s00704-018-2705-0
http://dx.doi.org/10.3390/atmos10020045
http://dx.doi.org/10.1016/j.physa.2020.124333
http://dx.doi.org/10.1016/j.physa.2020.124333
http://dx.doi.org/10.1016/j.physa.2020.124333
http://dx.doi.org/10.1007/s00704-014-1268-y
http://dx.doi.org/10.1007/s00704-014-1268-y
http://dx.doi.org/10.1007/s00704-014-1268-y
http://refhub.elsevier.com/S0378-4371(21)00391-5/sb28
http://refhub.elsevier.com/S0378-4371(21)00391-5/sb28
http://refhub.elsevier.com/S0378-4371(21)00391-5/sb28
http://dx.doi.org/10.1016/j.physleta.2004.10.011
http://dx.doi.org/10.12693/APhysPolA.123.597
http://dx.doi.org/10.1002/hyp.7119
http://dx.doi.org/10.1016/j.geomorph.2013.04.040
http://dx.doi.org/10.1142/S0218348X02001130
http://dx.doi.org/10.1016/j.tecto.2006.03.023
http://dx.doi.org/10.1016/j.tecto.2006.03.023
http://dx.doi.org/10.1016/j.tecto.2006.03.023
http://dx.doi.org/10.1155/2018/7015721
http://dx.doi.org/10.1103/PhysRevE.91.030902
http://dx.doi.org/10.1007/s11277-011-0347-y
http://dx.doi.org/10.1007/s11277-011-0347-y
http://dx.doi.org/10.1007/s11277-011-0347-y
http://dx.doi.org/10.1016/j.physa.2013.05.042


37 

Publicación 2 

Analysis of Air Mean Temperature 

Anomalies by Using Horizontal Visibility 

Graphs 

Journal Citation Reports (Clarivate™) 

Revista 

Entropy 

Editorial 

MDPI 

Factor de impacto (2020) 

2.524 

Categoría 

Physics, multidisciplinary 

Posición y cuartil (2020) 

38/86, Q2 



 

 



entropy

Article

Analysis of Air Mean Temperature Anomalies by Using
Horizontal Visibility Graphs

Javier Gómez-Gómez * , Rafael Carmona-Cabezas, Elena Sánchez-López , Eduardo Gutiérrez de Ravé and
Francisco José Jiménez-Hornero

����������
�������

Citation: Gómez-Gómez, J.;

Carmona-Cabezas, R.;

Sánchez-López, E.; Gutiérrez de Ravé,

E.; Jiménez-Hornero, F.J. Analysis of

Air Mean Temperature Anomalies by

Using Horizontal Visibility Graphs.

Entropy 2021, 23, 207.

https://doi.org/10.3390/e23020207

Academic Editor: José A.

Tenreiro Machado

Received: 21 January 2021

Accepted: 4 February 2021

Published: 8 February 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

GEPENA Research Group, University of Cordoba, Gregor Mendel Building (3rd Floor), Campus Rabanales,
14071 Cordoba, Spain; f12carcr@uco.es (R.C.-C.); g02saloe@uco.es (E.S.-L.); eduardo@uco.es (E.G.d.R.);
fjhornero@uco.es (F.J.J.-H.)
* Correspondence: f12gogoj@uco.es

Abstract: The last decades have been successively warmer at the Earth’s surface. An increasing
interest in climate variability is appearing, and many research works have investigated the main
effects on different climate variables. Some of them apply complex networks approaches to explore
the spatial relation between distinct grid points or stations. In this work, the authors investigate
whether topological properties change over several years. To this aim, we explore the application of
the horizontal visibility graph (HVG) approach which maps a time series into a complex network.
Data used in this study include a 60-year period of daily mean temperature anomalies in several
stations over the Iberian Peninsula (Spain). Average degree, degree distribution exponent, and global
clustering coefficient were analyzed. Interestingly, results show that they agree on a lack of significant
trends, unlike annual mean values of anomalies, which present a characteristic upward trend. The
main conclusions obtained are that complex networks structures and nonlinear features, such as
weak correlations, appear not to be affected by rising temperatures derived from global climate
conditions. Furthermore, different locations present a similar behavior and the intrinsic nature of
these signals seems to be well described by network parameters.

Keywords: complex networks; horizontal visibility graph; time series analysis; mean temperature;
topological properties

1. Introduction

The global increase of surface air temperatures on different time and spatial scales was
confirmed in past decades by distinct studies [1–3]. Each of the last three decades has been
successively warmer at the Earth’s surface than any other preceding decade since 1850 [4].
Some consequences include change in migrations patterns and abundances of many ter-
restrial, freshwater, and marine species, an increase of vulnerability of some ecosystems
and many human systems, shrinking of glaciers, or negative impacts in crops like wheat
or maize yield in many regions, influencing current global politics and society [5]. As a
result, a major interest in climate variability has appeared among researchers. Most studies
have used climate models and statistical approaches to investigate extreme events linked
to global warming. The major level of confidence associated with these extreme events are
related to extreme heat and cold events [6]. Therefore, the study of temperature variables
is a widespread research field [7–11].

In the last decades, a methodology which transforms time series into complex net-
works was developed [12]. It is called visibility graph (VG) and it has been demon-
strated that these graphs inherit the nature of the underlining time series [12–14]. Further-
more, this method has been proven to be robust when applied to different environmental
signals [15–19]. A simpler version of this approach, the horizontal visibility graph (HVG),
was firstly published by Luque et al. in 2009, who developed a theoretical framework for
uncorrelated time series which supported the numerical results [20]. In addition, Lacasa
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and Toral found that a characteristic exponent of a network property, the degree distribu-
tion, was a limit which allowed us to distinguish between chaotic and correlated stochastic
nature of time series [14]. As an example of application, Braga et al. described annual
evolution of river flow fluctuations in Brazil for more of 80 years data series with HVG [21].
They found significant trends in networks properties.

Although graph theory and other particular complex networks techniques have been
used in several works for climate studies [22–24], they mainly focus on the spatial descrip-
tion by considering stations and/or grid points as nodes in the so-called climate networks.
Moreover, some non-trivial assumptions based on different measures of correlation are
generally done to determine connections between nodes. On the contrary, VG’s aim is to
obtain a graph from each time series with its links following the same visibility criterion.
To best of our knowledge, no previous study has applied an HVG approach to investigate
the annual evolution of temperature by means of the topological properties of their graphs.

In this work, the authors’ objective is to explore whether a VG framework can be
applied to air mean temperature time series and to verify how some topological properties
might change in a warming context. To that end, we used the HVG approach on yearly
temperature anomalies of a 60-year period. Three relevant parameters have been analyzed,
as in the work of Braga et al. for flow fluctuations of Brazilian rivers, namely: average
degree centrality, degree distribution exponent, and global clustering coefficient.

This manuscript is organized as follows: Section 2 presents a detailed explanation
of data and methodology used. Data, stations information and the preprocessing tech-
nique employed are introduced respectively in Sections 2.1 and 2.2 The HVG algorithm
is presented in Section 2.3 and network topological properties can be found on Section
2.3.1 (degree centrality) and Section 2.3.2 (global clustering coefficient). In Section 3, a de-
scription and discussion of the main results are shown, organized as degree centrality
computation in Section 3.1 and clustering coefficient computation in Section 3.2. Finally, the
most important conclusions are stated in Section 4.

2. Materials and Methods
2.1. Data

To undertake this work, daily mean temperature time series from 10 different meteo-
rological stations of Spain located over the Iberian Peninsula were analyzed (see Figure 1).
These locations were chosen in order to have the least number of missing data, retaining a
representative amount of stations to cover the Atlantic and the Mediterranean semiarid
climates, which are the most representative climates in the Iberian Peninsula. In addition,
half of them belong to mainland areas and the rest are coastal. In Table 1, we show their
names, coordinates, and altitudes. Raw data are publicly available and provided by Agen-
cia Estatal de Meteorología (Spanish Meteorological Agency). The period considered for
this study extend to 60 years, from 1960 to 2019.
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Table 1. Meteorological stations name, coordinates and altitude.

Station Name Short Name Latitude (◦N) Longitude (◦W) Altitude (m)

Albacete air base Albacete 38.95 1.86 702
Badajoz airport Badajoz 38.88 6.81 185

Barcelona
airport Barcelona 41.29 −2.07 4

Bilbao airport Bilbao 43.30 2.91 42
Burgos airport Burgos 42.36 3.62 891

La Coruña La Coruña 43.37 8.42 58
Málaga airport Málaga 36.67 4.48 5
Sevilla airport Sevilla 37.42 5.88 34

Valencia Valencia 39.48 0.37 11
Zaragoza airport Zaragoza 41.66 1.00 249

2.2. Seasonality Removal

Before employing the HVG algorithm, seasonal behavior of signals has been removed
by computing the mean temperature anomalies. These new time series are obtained
by subtracting the average value for each calendar day over the whole period from the
original time series (µ) and normalizing by their standard error (σ), i.e., x′i = (xi − µi)/σi,
for i = 1 . . . 366 day [25]. In Figure 2a,b, two examples of time series have been depicted.
For illustrative purposes, only one year is shown (2019). Figure 2c,d contain their respective
computed anomalies for the same period.
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Figure 2. The left margin: (a,b) Plots that illustrate mean temperature time series of Valencia and
Sevilla in the year 2019, respectively. (c,d) The corresponding anomalies for the same stations
and period. The right margin: (e) Example of application of the horizontal visibility graph (HVG)
algorithm to the first ten values of Sevilla anomalies in 1960. (f) Network obtained from the previous
plot.

After computing temperature anomalies, one can obtain a better description of annual
changes because the seasonal effect has been eliminated. The evolution of annual average
values of these anomalies has been explored as a preliminary study. It has been found that
all locations show time series with clear upward linear trends (see Figure 3). t-tests reject in
every case the null hypothesis, which tests whether these slopes are equal to zero; therefore,
they are statistically significant. Pearson correlation coefficients are in the range 0.51–0.71
and slopes vary between 0.0098 and 0.0179 ◦C/year. These trends can be associated to the
global climate conditions because they are influenced by the global warming effect.
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2.3. Horizontal Visibility Graph (HVG)

VGs were conceived by Lacasa et al. in 2008 as an approach that allowed us to
transform time series into complex networks [12]. This technique was proven to capture the
main nonlinear features of time series such as correlations. One year later, a geometrically
simpler procedure of mapping time series was firstly published by Luque et al. with the
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advantage of being easier to find a theoretical framework that support the recent findings
for uncorrelated time series: the horizontal visibility graph (HVG) [20].

The HVG algorithm states that two nodes (or points in a time series) i and j are
connected if every node between them fulfills the following criterion:

xi, xj > xp, ∀ p
∣∣ i < p < j (1)

An example of the application of this algorithm can be seen in Figure 2e,f. For more
details, some properties of HVGs can be found in Ref. [20].

As every node in HVGs is connected and these connections are bidirectional, the
resulting network is connected and undirected. Therefore, an HVG can be easily described
by their nodes and links, also named edges. By doing so, a natural way of describing
this kind of networks is by means of a matrix where each element Aij is one or zero if
nodes i and j are connected or not, respectively. The matrix obtained in this way is a n× n
adjacency binary matrix, with n being the size of the time series [16].

Some topological properties from the complex networks have been explored in this
work, such as the degree distribution and the global clustering coefficient, which are
defined further in the text. The procedure used to obtain the time evolution of these
topological properties was: (i) to split each time series into each year; (ii) to transform time
series to their respective HVG and (iii) to compute the degree centrality and the global
clustering coefficient in each case. After that, we investigated the mean values and trends
of both topological properties, as Braga et al. did for river flow fluctuations [21].

2.3.1. Degree Centrality

The first studied topological property is the degree centrality, one of the most widely
used in several articles due to the simplicity of its computation and the information which
provides about the nonlinear properties of time series [12,18,19,26]. This measure is defined
as the number of edges, ki, that each node i has in the network, i.e., the number of other
nodes which node i sees. By using the adjacency matrix, this quantity is formally defined
as:

ki =
n

∑
j=1

Aij ∀ j = 1 . . . n (2)

After computing the degree of every node, the degree probability distribution, P(ki),
can be obtained. For HVGs, the theoretical degree distribution of a random uncorrelated
series was demonstrated in [20] and it fits an exponential function: P(k) = (1/3)(2/3)k−2.
This expression can be rewritten as P(k) ∼ exp(−γk) with a characteristic exponent
value of γun = ln(3/2).

As commented in Section 1, Lacasa and Toral found that this theoretical result is also a
quantitative frontier between chaotic and correlated stochastic processes [14]. They showed
that chaotic time series map into HVGs whose degree distribution follow an exponential
function with a characteristic exponent γ < ln(3/2) (λ in the original work) whereas
correlated stochastic series exhibit exponential degree distributions as well, but with
γ > ln(3/2). Moreover, every possible value on the left and the right of γun slowly tends
to this asymptotical value as the correlation dimension increases in chaotic processes or the
correlations become weaker in stochastic ones.

2.3.2. Global Clustering Coefficient

Another commonly studied topological property in networks is the global clustering
coefficient C, which was introduced by Watts and Strogatz [27]. It gives information about
to what extent nodes tend to be clustered together. The coefficient definition is based on
triplets of nodes. This term refers to groups of three nodes which are connected by two
or three edges. In the last situation, if one of these groups reaches the maximum possible
number of edges among the three nodes, then it is called a closed triplet. According to this,
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C is defined as the proportion of closed triplets over the total number of triplets (open and
closed) and it can be computed through the adjacency matrix of the network [17]:

C =
∑i,j,k Aij Ajk Aki

∑i ki(ki − 1)
(3)

where ki is the degree of node i and if the denominator is null, then C is set to zero.
Note that this quantity is a unique value for each network and is in the range [0, 1].

The closer the clustering coefficient is to one, the more clustered the network is.

3. Results
3.1. Degree Centrality Computation

As previously stated, after separating temperature anomalies into annual time series,
the HVG algorithm was computed for each case. Next, the degree centrality was obtained
from the corresponding networks and the mean values of every network and degree
distributions were studied. An example of this can be observed in Figure 4 for Valencia
and Sevilla stations.
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Burgos 1.7 1.4 0.02 3.6 4.3 0.01 0.8 0.7 0.02 

La Coruña 1.7 1.6 0.02 6.4 4.3 0.04 1.1 0.8 0.03 

Málaga 0.9 1.4 0.01 −4.7 2.8 0.05 −0.2 0.7 0.00 

Sevilla −1.2 1.7 0.01 7.0 4.8 0.04 1.3 0.7 0.05 

Valencia 2.0 1.6 0.03 2.3 3.2 0.01 0.5 0.6 0.01 

Zaragoza −1.8 1.6 0.02 7.4 5.2 0.03 2.0 0.8 0.10 

Figure 4. The left margin: (a,b) Degree distributions of Valencia and Sevilla stations in year 2019,
respectively. Red lines are the least-square fits of values. (c,d) Annual evolution of slopes obtained
from the previous linear fits (γ exponent) for Valencia and Sevilla, respectively. (e,f) Annual evolution
of mean values of degree for the same stations. Red lines in every case represent the least-squares fits
of curves. The right margin: (g) Normalized histogram of γ exponent obtained for all locations and
years. Dashed line represents the theoretical value for an uncorrelated random series (γun = ln(3/2)).
(h) Normalized histogram of mean degree for all locations and years.

Figure 4a,b illustrates the degree distributions of the mentioned stations in year 2019
in log-linear plots. It can be appreciated how these distributions well fit to an exponential
function of the form: P(k) ∼ exp(−γk). Slopes obtained from least-square fit are different
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values of the characteristic exponent γ. In a similar way, the rest of stations replicate the
expected theoretical behavior of these curves.

Figure 4c,d depict the annual evolution of these exponents for the same stations while
Figure 4e,f show annual evolution of average degree. Linear fits were computed in every
case and outcomes are displayed in Table 2. The authors investigated t-tests of these fits to
determine whether these network properties evolve in a similar way to the trends identified
in annual means of temperature anomalies (see Figure 3). t-tests verify or reject the null
hypothesis of that slope is different from zero. For this reason, if the null hypothesis is
rejected, the curve exhibits a statistically significant trend. Interestingly, t-tests approved
null hypothesis at a 95% confidence level for annual average degree in every station and for
the γ exponent curves in almost every location (see Table 2). This outcome, together with
rather low values of Pearson correlation coefficients, suggest that γ and average degree do
not show statistically significant trends. As a consequence, they must oscillate around a
mean value. These mean values were also computed, and they are discussed next.

Table 2. Slopes with standard errors and Pearson correlation coefficients of linear fits of mean degree
(k), characteristic exponent of degree distribution (γ) and global clustering coefficient (C) for each
location over time. Values in bold refer to statistically significant trends at a 95% confidence level
given by t-tests.

Station mk(×10−4)σmk (×10−4) Rk mγ(×10−4)σmγ (×10−4) Rγ mC(×10−4)σmC (×10−4) RC

Albacete 2.2 1.7 0.03 −1.9 4.3 0.00 0.6 0.7 0.01
Badajoz −0.2 1.7 0.00 7.1 4.2 0.05 1.0 0.7 0.04
Barcelona −2.4 1.4 0.05 0.7 3.2 0.00 1.7 0.8 0.06
Bilbao −1.4 1.7 0.01 7.3 3.5 0.07 1.9 0.7 0.10
Burgos 1.7 1.4 0.02 3.6 4.3 0.01 0.8 0.7 0.02

La
Coruña 1.7 1.6 0.02 6.4 4.3 0.04 1.1 0.8 0.03

Málaga 0.9 1.4 0.01 −4.7 2.8 0.05 −0.2 0.7 0.00
Sevilla −1.2 1.7 0.01 7.0 4.8 0.04 1.3 0.7 0.05
Valencia 2.0 1.6 0.03 2.3 3.2 0.01 0.5 0.6 0.01
Zaragoza −1.8 1.6 0.02 7.4 5.2 0.03 2.0 0.8 0.10

In Table 3, we show the mean values and their corresponding standard errors for γ
exponents and average degree in the whole period of 60 years. These values are all quite
close to each other despite large distances among stations. In fact, mean degree absolutely
coincide in values up to the second decimal with the same error: k = 3.91± 0.02, while γ
is in the range [0.41, 0.48]. Mean average degree is associated to the average number of
connections that nodes have in networks. This means that a high value of this parameter—
and thus, more connected graphs—will be related to irregular time series. In this case,
every location time series is smoother, rather than rougher, and this feature remains in time.
As γ > ln(3/2), temperature anomalies are situated in the region of correlated stochastic
processes. Nonetheless, they are rather close to the limit of an uncorrelated random process,
so correlations are very weak [14]. This also contributes to the smoothness of time series,
since correlation tends to decrease the number of nodes with high degree.
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Table 3. Average values and standard errors of mean degree (k), characteristic exponent of degree
distribution (γ) and global clustering coefficient (C) for the 60-year period in each location.

Station µk σk µγ σγ µC σC

Albacete 3.91 0.02 0.46 0.06 0.57 0.01
Badajoz 3.91 0.02 0.47 0.06 0.57 0.01

Barcelona 3.91 0.02 0.43 0.04 0.56 0.01
Bilbao 3.91 0.02 0.46 0.05 0.57 0.01
Burgos 3.91 0.02 0.48 0.06 0.57 0.01

La Coruña 3.91 0.02 0.46 0.06 0.57 0.01
Málaga 3.91 0.02 0.43 0.04 0.56 0.01
Sevilla 3.91 0.02 0.48 0.07 0.57 0.01

Valencia 3.91 0.02 0.41 0.04 0.55 0.01
Zaragoza 3.91 0.02 0.47 0.07 0.57 0.01

When results from each year and station are analyzed together, one can find that their
normalized histograms are also centered around one value and take the form of gaussian
distributions.

On the one hand, the histogram of γ is depicted on Figure 4g. It is centered around
0.45 with a relatively important amount of values grouped to the right side of the exponent
value from a white noise process, γun. However, it also displays a significant number
of them falling on the left side (approximately 19% of all yearly time series analyzed).
These last values are all equally distributed along the years and over different stations.
This outcome points to the fact that although this parameter suggests a “mean behavior”
that has a stochastic character, it also exhibits a chaotic character in a shorter time scale.

On the other hand, we also illustrate the normalized histogram of average degree on
Figure 4h. This histogram shows a sharper distribution with the peak being the previously
mentioned result from Table 3, what could explain the coincident results for every location.

In summary, degree distributions are quite similar in average independently of loca-
tions, although some differences can be observed. Mean degree is the same for all locations
and this can indicate that it might not be affected by local conditions, such as coastal
proximity or latitude. In contrast, although γ exponents are close to each other, a distinct
strength of correlations can be observed among different locations. Contrary to what Braga
et al. found for river flow fluctuations [21], we found an absence of trends. This points to
the fact that such parameters can be considered as good constant properties for temperature
anomalies, without being affected by any kind of trend from climate change.

The study of the character of nonlinearities in temperature anomalies suggests that
signals exhibit an overall behavior which can be classified as stochastic, although in
shorter time scale some yearly time series can be classified as chaotic. Lacasa and Toral
found that although extrinsic noise was well captured by the HVG algorithm, it failed
to discern chaotic from stochastic character for intrinsic noise [14]. More sophisticated
methods such as the ε entropy and the finite size Lyapunov exponent analysis have also
shown some difficulties to distinguish nonlinear nature of signals due to the finiteness
of the observational data [28]. Nonetheless, climate system has been often defined as a
nonlinear system involving both chaotic and stochastic components [29,30]. It is possible
that in shorter time scales our results can be strongly affected by mesoscale convective
phenomena—such as Atlantic or Mediterranean (cold drop) depressions landfalls in the
Iberian Peninsula—that provide a more chaotic nature to signals.

3.2. Clustering Coefficient Computation

The computed global clustering coefficients of HVGs from Valencia and Sevilla stations
are depicted vs. time on Figure 5a,b. The rest of locations shows similar behaviors. It can
be observed how these plots are analogous to those obtained from the average degree and
γ parameters. Again, trends were tested with t-tests. It was found that the null hypothesis
was accepted in most cases as well as in the degree results leading to no significant trends
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for the majority of locations (see Table 2). Only three stations had a significant trend at a
95% confident level. Nonetheless, the orders of magnitude in slopes are too low and their
respective Pearson correlation coefficients are no more than 0.10. Therefore, the global
clustering coefficient agrees with the previous analyzed topological properties and yearly
values can be considered as oscillations around a mean. This result suggests that there
is no annual evolution in complexity of time series structure. Moreover, linear trends of
anomalies do not affect it.
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Figure 5. (a) Annual evolution of global clustering coefficient (C along the years for Valencia
station. Red line represents the least-squares fit of the curve. (b) The same plot for Sevilla station.
(c) Normalized histogram of C for all years and locations. (d) Scatter plot (grey dots) of C vs. the
characteristic degree exponent (γ). Correlation coefficient and p-value for testing the null hypothesis
that C and γ are not correlated. This p-value is smaller than the 95% significance level (less than 0.05),
thus the correlation is statistically significant. Blue stars are window average values obtained from
seven bins of equal size in γ axis and error bars are standard deviations. Red line is the least-squares
fit of these average values.

Mean values of annual clustering coefficients and their standard errors are displayed
on Table 3 for every location. As it can be seen in the table, they are all really close to each
other, varying from 0.55 to 0.57, although standard errors are lower than in the case of
γ. This shows that the obtained networks exhibit a complex structure where nodes have
some tendency to be clustered. It also suggests a quite similar behavior in different stations
which, as it was commented before, remain almost constant along the years. For illustrative
purposes, Figure 5c shows the normalized histogram obtained from every year and location.
This confirms that the complex structure is rather similar in every case with a higher or
lower degree of clustering. These results also take the form of a gaussian distribution.
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Finally, authors compared all results to check whether some kind of relationship
could exist among the three parameters (average degree, degree exponent and clustering
coefficient). A statistically significant correlation between clustering coefficient and γ
exponent was found. This correlation can be observed on Figure 5d. Grey dots represent
the relation between both distributions with a high correlation coefficient of 0.73 and
extremely low p-value for the correlation test at a 95% confidence level (2.63 × 10−99).
This last outcome is much less than the significance level, which means that we can
certainly reject the null hypothesis that C and γ are not correlated. In the same figure,
it can also be seen the window average over seven bins of equal size in γ axis. They fit to a
straight line with a Pearson coefficient of 0.99 and a slope of 0.13± 0.01. Braga et al. also got
a coupling on average between these two topological properties when they studied river
flow fluctuations in Brazil [21]. In that work, an exponential function was the best fit to
the average values. Temperature anomalies, conversely, exhibit a linear coupling of degree
exponent and global clustering coefficient. This also corroborates that both properties
behave in a similar way.

4. Conclusions

Daily mean temperature anomalies show common HVGs structures over different
locations which also remain almost constant in a relative long period of time (up to 60
years). Three studied topological parameters (average degree, degree exponent and global
clustering coefficient) do not show statistically significant annually trends in most cases,
although annual mean values of anomalies do show them. Indeed, these anomalies are
clearly affected by a positive trend which can be related to the global conditions of rising
temperatures in the context of climate change, but this fact apparently does not affect the
topological properties of networks.

When mean values were analyzed, they showed a coincident mean average degree
and similar degree exponents and clustering coefficients in every location. According
to this, these properties are more related to the natural process itself than to the local
variations in climate or geographical conditions. In fact, one can clearly notice that HVG
algorithm characterizes the nature of the time series, as explained below. Firstly, mean
degree invariance points to a similar smoothness in every time series, which is characteristic
of dissipative processes where the air temperature is involved. Secondly, similar degree ex-
ponents are higher than the theoretical value for an uncorrelated process. This fact suggests
that the underlining process is mainly stochastic with weak correlations. Lastly, clustering
coefficients—which are related to the tendency of nodes to be clustered together—also give
some information about these correlations. This last consideration is corroborated since it
is found a great correlation between degree exponents and clustering coefficients which
can be well fitted to a line.

Finally, the characteristics of these constant properties could be useful to expand
databases for climate models validation. However, some problems remain open for future
studies, such as the confirmation of these results on more locations governed by other
climate conditions, or the appearance of different new outcomes. Other open research
fields for future works include the application of other variants from the VG framework or
HVGs together with Shannon–Fisher plane method [31]. This last methodology could be
studied in future works on real data.
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a b s t r a c t 

In this work, an analysis of multifractal parameters of daily precipitation series over the Iberian Peninsula 

was performed in two 30-year periods to explore whether these properties follow any pattern. Fluctu- 

ations of precipitation series show three different scaling regions. Only two distinct regimes for small 

and large timescales can be confirmed, while intermediate scales are part of a transition region. It is 

also observed a certain degree of multifractality, which is higher for small timescales. At these scales, 

there is a high persistence which follows the spatial gradient of the annual precipitation. Moreover, mul- 

tifractal parameters of the precipitation are modified according to complex spatial and temporal patterns. 

Only persistence uniformly decreases in the last period. Other relevant findings are the changes in the 

asymmetry of multifractal spectra in the eastern belt at larger timescales, which might be related to the 

change in the behavior of the Mediterranean cyclones. 

© 2022 Elsevier Ltd. All rights reserved. 

1. Introduction 

Climate change might impact natural and human systems in 

different ways. Some include changes in quantity and quality of 

water resources, negative impacts on agriculture or an increment 

in frequency of droughts, floods or wildfires, among others [ 1 , 2 ]. 

A closely relation between some of these effects and precipitation 

patterns, makes quite relevant the study of this climatic variable 

for a better understanding of the hydrological systems [3] . 

Precipitation is a climatic variable of great relevance for the 

Iberian Peninsula. This region is located between Africa and Cen- 

tral Europe, more precisely, at the south of Europe and in the west- 

ern Mediterranean basin. Unlike other Mediterranean regions, this 

one is characterized by having the Atlantic oceanic influence, what 

produces a climate with irregularity in water regime [4] , which 

makes this geographic location specially interesting to study rain- 

fall. According to de Luis et al. [5] , seasonal precipitation regimes 

in the Iberian Peninsula can be explained in a simple way, as the 

sum of three factors that contributes to the high spatial variability: 

an Iberian inland component, and the Atlantic and Mediterranean 

oceanic components which becomes more notable at the west and 

east, respectively. Thus, water resources scarcity is notable in this 

region, as it is shown by some models that predict a drier precip- 

itation regime, particularly, due to a prolonged dry season [6] . Ac- 
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tually, several authors showed that seasonal precipitation regimes 

are modifying in this region [ 5 , 7–9 ]. 

Climate variability studies based on empirical meteorological 

data are of great importance. Much of them are based on statisti- 

cal analysis [10–13] . Nevertheless, an growing interest in multifrac- 

tal analysis is taking place in the last decades [14–16] . Multifrac- 

tal analysis is useful to study the complexity and non-linearity of 

time series which cannot be addressed with other linear methods. 

These techniques are based on the fractal theory [ 17 , 18 ]. A frac- 

tal is a geometric object characterized by its self-similarity or scale 

independency when they are split into smaller parts. Many stud- 

ies have demonstrated that fluctuations of several environmental 

variables and, particularly, precipitation, have multifractal nature, 

and contain a range of scaling exponents which characterize the 

temporal structure of the time series. Thus, the underlying process 

can be described by the multifractal parameters. Some of the most 

important ones studied here are the Hurst exponent, the Hölder 

exponent with maximum spectrum, the width and the asymmetry 

of the multifractal spectrum [ 14 , 19 , 20 ]. 

In recent years, a technique is being widely used to get infor- 

mation about the multifractal scaling properties of temporal fluc- 

tuations in signals. This is the multifractal detrended fluctuation 

analysis (MF-DFA), which was developed by Kantelhardt et al. [21] . 

This technique is a useful method to deal with non-stationary time 

series. Its applications extend to several climatic variables, as ex- 

posed in different studies [ 3 , 16 , 20 , 22 ]. 

Due to the high variability in the spatial and temporal distri- 

bution of rainfall in the Iberian Peninsula, it is appropriate to ana- 

lyze the complexity and non-linearity of precipitation series in dif- 
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ferent time periods. Thus, it will be possible to explore whether 

these properties follow geographical or temporal patterns. To this 

purpose, two independent 30-year periods are analyzed with MF- 

DFA and compared. Because of the data availability and their qual- 

ity, the two 30-year periods are limited to 1960 - 1989 and 1990 

- 2019. Hence, the analysis of the spatial and temporal variabil- 

ity is performed through the study of the changes in multifrac- 

tal parameters of daily precipitation series between these peri- 

ods. Furthermore, a preliminary analysis of linear trends of annual 

precipitation series is carried out to improve the information ex- 

tracted about the climate variability in this region. This work is 

structured as follows. Section 2 includes the description of data, 

gauge stations and methods used; results are collected and dis- 

cussed in Section 3 and, lastly, Section 4 includes the main con- 

clusions drawn in this study. 

2. Materials and methods 

2.1. Data 

This study is based on daily precipitation data series from 29 

meteorological stations distributed over the Spanish region of the 

Iberian Peninsula during the period 1960 - 2019 (see Fig. 1 ). This 

leads to a total amount of 21,915 records, split up into two sub- 

periods (1960 - 1989 and 1990 - 2019) with N 1 = 10958 and N 2 = 

10957 , respectively. 

Raw data records were obtained via the Spanish Meteorological 

Agency (‘‘Agencia Estatal de Meteorología’’) from the AEMET Open- 

Data website at http://www.aemet.es/es/datos _ abiertos/AEMET _ 

OpenData . This network contains 261 stations across the consid- 

ered region. To get reliable results, a previous identification of 

missing data was carried out and we discarded time series which 

contained more than 0.01% missing values and more than 10 con- 

secutive ones for both periods. After this procedure, the remaining 

29 series were collected. Some basic information about these sta- 

tions can be seen in the Appendix A, in Table A.1 . The annual pre- 

cipitation was also computed from daily rainfall and an analysis 

of inter-annual trends was performed through simple least-squares 

fits. 

The set of gauge stations covers the main two climate vari- 

ants of the Iberian Peninsula: the Atlantic climate type and the 

Mediterranean semiarid subtype [23] . The precipitation climatol- 

ogy in the Spanish region of the Iberian Peninsula is character- 

ized by strong gradients with abundant annual precipitation to the 

Fig. 1. (a) Meteorological stations. (b) Orographic map of the Iberian Peninsula. 
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north and northwest ( P > 10 0 0 mm / year ) and lower values to- 

wards the southeast ( P < 400 mm / year ) [10] . In this last region, 

certain areas can even have less than 200 mm/year [24] . However, 

a higher complexity in the spatial and temporal seasonal variabil- 

ity is present in the study area, because of the two water masses 

influences and orography [5] . Fig. 1 (b) shows the orography of the 

region. 

2.2. Multifractal detrended fluctuation analysis 

In order to apply the MF-DFA algorithm, it is common to con- 

template the deseasonalized time series when analyzing climato- 

logical variables [ 16 , 25 ] and, in particular, hydrological variables 

[26–28] . In our study, the precipitation (normalized) anomalies 

were computed similarly to the work of Xavier et al. [29] , to avoid 

that seasonal periodicity affected power law behavior. As an exam- 

ple, the whole time series with daily resolution of station No. 15 

and its corresponding deseasonalized version are shown in Fig. 2 . 

MF-DFA algorithm was developed by Kantelhardt et al. [21] . 

This method computes the “profile” (the integrated series after 

subtracting the mean) and obtains its fluctuation function divid- 

ing this profile into multiple segments. More precisely, the pro- 

file is divided into N s ≡ int ( N/s ) nonoverlapping segments of equal 

length s and the same procedure is repeated from the end of the 

series to the beginning. As a result, 2 N s segments are obtained al- 

together for each time scale s (see [21] for more details). Next, the 

local trend, y ν (i ) , must be determined for each segment ν by the 

least-squares fit of the values [ 30 , 31 ]. In this document, the sim- 

ple linear fit has been used. The local trend is subtracted from the 

Fig. 2. Complete time series and its corresponding deseasonalized version (precip- 

itation anomalies) of station No. 15. 

profile as follows: 

F 2 ( ν, s ) ≡ 1 

s 

s ∑ 

i =1 

{ Y [ ( ν − 1 ) s + i ] − y ν ( i ) } 2 (1) 

for each segment ν , ν = 1 , . . . , N s and 

F 2 ( ν, s ) ≡ 1 

s 

s ∑ 

i =1 

{ Y [ N − ( ν − N s ) s + i ] − y ν ( i ) } 2 (2) 

for each segment ν , ν = N s + 1 , . . . , 2 N s . 

Finally, to compute the q th order fluctuation function, the aver- 

age over all segments is computed: 

F q ( s ) ≡
{ 

1 

2 N s 

2 N s ∑ 

ν=1 

[
F 2 ( ν, s ) 

]q/ 2 

} 1 /q 

(3) 

Since the averaging procedure in Eq. (3) cannot be used for q = 

0 , a logarithmic averaging procedure must be applied instead [21] . 

If the analyzed series are long-range power law correlated, F q (s ) 

increases for large s as a power-law: 

F q ( s ) ∼ s h ( q ) (4) 

Consequently, the scaling exponent h (q ) can be obtained by 

means of the computation of slopes in the log-log plots of F q (s ) 

vs s for each q . 

Negative q values are related to the intervals with small fluctu- 

ations whereas positive ones describe the scaling behavior of large 

fluctuations [32] . In general, h (q ) can depend on q , meaning that 

small and large fluctuations significantly scale in different ways. 

Only if h (q ) is independent of q , the series has monofractal nature. 

For stationary signals, h (2) is the Hurst exponent H whereas, 

for non-stationary signals, it is retrieved from H = h (2) − 1 [33] . 

For this reason, h (q ) is called as generalized Hurst exponent 

[ 21 , 26 , 34 ]. The standard Hurst exponent, H, provides information 

about the long-range correlations of the signals [34] . 

2.3. Relation to standard multifractal analysis 

Kantelhardt et al. obtained an analytical expression [21] that 

connected the MF-DFA to the standard box counting formalism 

[ 17 , 18 ]. As they demonstrated, the scaling exponent h (q ) defined 

in Eq. (4) is related to the scaling exponent τ (q ) , which is de- 

termined by the partition function of the multifractal formalism. 

Therefore, the multifractal spectrum or singularity spectrum, f (α) , 

can be computed via the Legendre transform as [35] : 

α = 

dτ ( q ) 

dq 
and f ( α) = qα − τ ( q ) (5) 

where α is the singularity strength or Hölder exponent [36] . 

The shape of f (α) is often a concave-down parabola with a 

maximum value which is the most dominant scaling behavior [20] . 

The singularity strength at which f (α) reaches its maximum value 

is usually denoted by α0 . Large values of this parameter indicates 

that the underlying process has “fine-structure" and is more com- 

plex [ 15 , 37 ]. Another important quantity from this spectrum is its 

width, w , which provides information about the degree of multi- 

fractality of the signal [16] . A monofractal time series will have a 

spectral width close to zero. 

There are different kinds of parameters in literature to mea- 

sure the asymmetry of multifractal spectra [ 15 , 20 , 37–39 ]. In this 

manuscript, it is used one based on the work of Shimizu et al. [37] , 

which takes the multifractal spectrum and compute the second or- 

der polynomial fit of the shifted curve: 

f ( α) = A ( α − α0 ) 
2 + B ( α − α0 ) + C (6) 

The B coefficient is usually known as the asymmetry parame- 

ter. When this parameter is equal to zero, the spectrum itself is 

3 
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symmetrical. On the other hand, if B > 0 the curve is left-skewed 

and it is right-skewed when B < 0 [ 19 , 37 ]. A right-skewed spec- 

trum indicates that small fluctuations ( q < 0 ) are favored and the 

time series is less singular and has “fine-structure” [ 37 , 40 ]. A left- 

skewed shape is associated to time series which are more singular 

and are characterized by a “loss of fine-structure”. 

3. Results and discussion 

3.1. Descriptive statistics and trend analysis of annual precipitation 

Annual precipitation series were computed from daily records 

and linear fits, based on least-squares regressions, were applied to 

these series as a preliminary study of inter-annual variability. The 

presence of significant linear trends was analyzed for each loca- 

tion. Results are given in Table 1 . To this aim, t-tests were per- 

formed. 

A total amount of 14 stations (48% of sample) shows statisti- 

cally significant negative trends in the whole period 1960 - 2019. 

An example of four stations is depicted in Fig. 3 , where trends 

are statistically significant in the considered period. In these sta- 

tions, trends of −10.90, −1.71, −4.10 and −2.59 mm/year, respec- 

tively, were found. The most pronounced decreasing trend corre- 

sponds to the station No. 2 ( Fig. 3 (a)), located at the northwestern 

coastal subregion of the Iberian Peninsula, which is characterized 

by abundant precipitation. The second highest decreasing trend be- 

longs to the station No. 21, which is also located at this region. The 

rest of locations with significant trends belong to the central and 

southern mainland subregions, except for No. 24 ( Fig. 3 (d)), which 

is at the northeastern Mediterranean coastland. Furthermore, all 

these 14 significant trends are consistent with a decrease in mean 

and standard deviation of annual precipitation for the same sta- 

tions between both subperiods 1960 - 1989 and 1990 - 2019 (see 

Table 1 ). 

3.2. Hurst exponents for different regions and for periods 1960 - 

1989 and 1990 - 2019 

MF-DFA method was applied to deseasonalized daily precip- 

itation series at 29 locations for each subperiod. The q depen- 

dent fluctuation function was obtained from these signals for q ∈ 

[ −5 , 5 ] with step 0.5 and over a wide range of time scale s , more 

precisely, from s = 10 to 1094 days ( ≈ N/ 10 ) and step of 2. Con- 

sequently, log-log plots of F q (s ) vs s were obtained for each case. 

Plots for stations No. 15, 20 and 2 in both subperiods are depicted 

in Fig. 4 . It can be observed that the fluctuation function has three 

clearly differentiated scaling regions, indicated by (i) - (iii). All sta- 

tions exhibit these three distinct regimes. However, the amplitudes 

of these regions vary, and might be shifted depending on the loca- 

tion (see Fig. 4 ). Moreover, the same location can exhibit different 

limits for the three regions ((i) – (iii)) in both subperiods of 30 

years. Average values of crossovers that separate the three scaling 

regimes are the following. The average first crossover that separate 

regions (i) and (ii) is 45 and 41 days for the first and second subpe- 

riods, respectively. The second average crossovers are 151 and 134 

days. 

The power spectra of time series only show two different scal- 

ing regions which can be clearly distinguished, as it can be seen for 

the above-mentioned stations in Fig. 4 (g), (h). Most stations dis- 

play statistically non-significant slopes for low frequencies, while 

all of them show marked slopes for high frequencies. This means 

that for a wide range of high frequencies, the precipitation series 

show a power-law decay of the spectrum, P ( f ) ∝ f −β , what indi- 

cates a strong persistence at small scales [41] . The linear fits in 

this last interval of frequencies agree the region (i) found for s . As 

a consequence, both results confirm that fluctuations of precipita- 

tion series present mainly two different scaling regimes for large 

and small timescales, while the region (ii) seems to be a transition 

region for small fluctuations ( q < 0 ). 

Table 1 

Mean, standard deviation (SD) and daily maximum (Max.) of precipitation for each subperiod, together with the slope and Pearson correlation coefficient of linear fits 

obtained by least-squares regression of annual precipitation series. Slopes highlighted in bold are statistically significant at 95% confidence level. 

1960–1989 1990–2019 Annual trends 

No. Mean SD Max. Mean SD Max. Slope (mm/year) R 

1 1014.1 169.5 66.6 1017.0 175.7 132.7 −0.06 ± 1.3 0.01 

2 1975.4 400.8 218.0 1671.3 366.4 118.6 −10.90 ± 2.7 0.46 

3 370.2 98.0 78.6 351.5 101.0 146.6 −0.27 ± 0.7 0.05 

4 359.6 116.9 220.2 286.3 114.7 270.2 −1.22 ± 0.9 0.18 

5 507.8 134.8 70.5 424.8 130.5 119.1 −2.54 ± 1.0 0.32 

6 584.7 111.4 51.6 545.1 96.9 52.4 −1.71 ± 0.8 0.28 

7 577.9 151.2 69.6 490.9 115.0 98.2 −2.84 ± 1.0 0.35 

8 1590.5 242.1 149.8 1560.2 221.1 167.7 −0.20 ± 1.7 0.02 

9 1747.0 268.5 130.4 1686.3 257.3 185.2 −2.29 ± 2.0 0.15 

10 390.6 89.0 53.6 356.3 117.0 69.3 −0.93 ± 0.8 0.16 

11 391.1 78.9 64.6 429.3 87.0 82.6 0.71 ± 0.6 0.15 

12 568.5 116.3 98.5 495.5 109.3 56.5 −1.92 ± 0.8 0.28 

13 668.0 146.6 58.3 638.1 140.9 63.6 −0.50 ± 1.1 0.06 

14 429.4 100.7 62.0 352.3 80.5 64.6 −2.32 ± 0.7 0.41 

15 423.2 133.8 73.4 367.4 95.2 58.9 −1.89 ± 0.9 0.28 

16 472.4 111.6 66.8 411.7 93.4 79.4 −2.04 ± 0.8 0.34 

17 464.3 121.3 87.0 411.1 95.8 50.2 −1.65 ± 0.8 0.26 

18 1438.5 323.0 116.0 1254.6 296.5 150.0 −4.61 ± 2.3 0.25 

19 594.2 237.3 151.0 502.2 237.7 132.7 −3.14 ± 1.8 0.23 

20 296.5 117.5 99.8 287.4 92.7 179.7 0.34 ± 0.8 0.06 

21 2001.6 357.3 175.0 1690.4 347.4 171.9 −9.89 ± 2.6 0.45 

22 395.8 88.2 48.7 354.6 76.9 50.3 −1.34 ± 0.6 0.28 

23 623.3 202.7 101.0 503.3 171.5 109.3 −4.10 ± 1.4 0.37 

24 568.3 192.8 176.5 499.6 111.4 140.8 −2.59 ± 1.2 0.28 

25 465.1 187.2 148.4 454.4 154.0 178.2 0.22 ± 1.3 0.02 

26 486.9 109.6 80.0 422.6 108.8 60.5 −1.88 ± 0.8 0.29 

27 397.6 121.9 66.1 388.0 89.8 51.4 −0.67 ± 0.8 0.11 

28 434.3 97.8 76.6 392.9 95.7 68.8 −0.94 ± 0.7 0.17 

29 315.3 77.3 67.3 326.9 88.1 70.8 0.56 ± 0.6 0.12 
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Fig. 3. Linear fits of annual precipitation in the period 1960–2019 of four meteorological stations. 

The best linear fits of F q (s ) in station No. 15 for regions (i) and 

(iii) are depicted in Fig. 5 (a). Generalized Hurst exponents, h (q ) , 

obtained from these linear fits are shown against q moments in 

Fig. 5 (b). A non-monotonic function of q can be seen in the region 

(i) due to the abrupt change of the tendency for negatives q val- 

ues (see Fig. 5 (a), (b)). This phenomenon might be related to the 

limited resolution of the daily time series which might be caus- 

ing spurious results when the small fluctuations are magnified by 

the method in these smaller scales. Similar outcomes have been 

obtained for the rest of stations. 

A clear evidence of multifractality is the q dependence of h . In 

fact, a measurement of the degree of multifractality is the range 

of h (q ) [32] . There is a wide range of h for small timescales and 

a small but significant range of values for large timescales, as it 

is shown in the Fig. 5 (b). Therefore, these signals are multifractals 

and show a greater degree of multifractality at small timescales. 

Regarding the well-known Hurst exponent, H, some interesting 

results have been obtained. All values are lower than 1, what in- 

dicates that time series are stationary [33] . The greatest values of 

H correspond to the smallest timescales (region (i)), as it is also 

confirmed by the marked slopes found in the power spectra. For 

this regime, H i ∈ [ 0 . 58 , 0 . 79 ] , while the region (iii) shows values 

of H iii ∈ [ 0 . 38 , 0 . 65 ] . These last weak long-term correlations de- 

pend on the location and only station No. 16 for the last period 

has a Hurst exponent similar to a white noise process consider- 

ing results obtained from MF-DFA. Nevertheless, power spectra at 

these timescales only exhibit statistically significant slopes for sta- 

tions No. 3, 8, 13 and 19 for the first period and No. 1, 2, 11, 18 

and 21 for the second one. Thus, all precipitation series show a 

regime with strong long-term persistence for small timescales and 

other regime where they resemble white noise for large timescales. 

Due to this discrepancy in the results, the analysis of the possi- 

ble changes in H has been only performed for the small timescales 

(region (i)), where the values of H are considerably larger and the 

persistence is more marked. 

The spatial distribution of H in both periods of 30 years have 

been depicted in Fig. 5 (c), (d). Both periods show the highest val- 

ues ( H ∈ [ 0 . 70 , 0 . 79 ] ) at the northeastern Atlantic coast, which 

gradually decrease to the southeast and the east. In this last area, 

the reduction is even more noticeable. The lowest values in both 

periods correspond to stations No. 20, 28 and 29. The analysis of 

changes between periods 1960–1989 and 1990–2019 reveal that 

there is a little reduction of persistence in most stations of the cen- 

tral and northwestern inland areas and in the southern part. These 

regions present values of H ∈ [ 0 . 64 , 0 . 73 ] for the first period and 

H ∈ [ 0 . 61 , 0 . 70 ] for the second one. 

3.3. Parameters of the singularity spectra for different regions for 

periods 1960–1989 and 1990–2019 

The non-monotonic function of q found for the scaling expo- 

nent in the region (i) in most stations leads to unreliable singular- 
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Fig. 4. (a–f) Log-log plots of fluctuations function F q (s ) vs time scale s for different stations and periods. For clarity reasons, only half of the analyzed curves are depicted. 

(g, h) Power spectrum of the same stations and their corresponding slopes. 

ity spectra f (α) when the Eq. (5) is applied. They exhibit a non- 

parabolic shape with abrupt changes for q < 0 and large statistical 

errors. Therefore, the analysis of changes in parameters that de- 

scribe the multifractal spectra ( α0 , w and B ) has been only per- 

formed for the region (iii), i.e., for large timescales. An example 

of these spectra can be found in Fig. 6 (a), (b). Similar parabolic 

shapes have been obtained for every station. In the given ex- 

ample, the multifractal parameters are shown for both subperi- 

ods. α0 increases in the last period and, as a result, the spec- 

trum is shifted to the right. Both curves show widths signifi- 

cantly greater than zero, what proves that signals have a multi- 

fractal behavior, although it is more evident for the period 1990 

- 2019. Two different behaviors can be found for the asymmetry 

parameter B . For the sake of clarity, the shifted curves of spec- 

tra with respect to its maximum were depicted together with 

its respective second order polynomial fit in Fig. 6 (c), (d). Ad- 

ditionally, the second order polynomial functions with the same 

A and C coefficients and null B coefficient are plotted in the 

same figures. A comparison between both fits is enough to see 

that this station had approximately symmetric multifractal spec- 

trum ( Fig. 6 (c)), which changed to a left-skewed spectrum in the 

last 30 years, with B = 0 . 14 ± 0 . 04 ( Fig. 6 (d)). As explained pre- 

viously in Section 2.3 , this means that this time series becomes 

more singular, with loss of “fine-structure”. The multifractal pa- 

rameters for all locations are shown with their statistical errors in 

Table A.2 . 
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Fig. 5. (a) Log-log plot of fluctuation function F q (q ) vs time scale s for different q values in station No. 15 and subperiod 1960 - 1989. (b) h (q ) and their respective statistical 

errors obtained for regions (i) and (iii) for the same station. (c, d) Spatial distribution of H for the region (i). 

Fig. 6. (a, b) Singularity spectra f (α) in station No. 2 in both subperiods obtained for the scaling region (iii). (c, d) Shifted curves of the spectra shown in panels (a, b). The 

reference curves with the same A and C coefficients from second order fits and B = 0 are depicted as solid black lines. For clarity reasons, error bars have been omitted here. 
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Fig. 7. Spatial distribution of multifractal parameters obtained for the scaling region (iii). 

The spatial distribution for the maximum scaling exponent α0 

for period 1960–1989 is depicted in Fig. 7 (a). For this period, there 

is a high variability in α0 . However, some areas which present 

more homogeneity can be observed. The northwestern coastal part 

(stations No. 1, 2 and 21), with α0 ∈ [ 0 . 56 , 0 . 60 ] ; the northeast- 

ern area of the Iberian Peninsula (stations No. 6, 11, 29 and 28), 

with α0 ∈ [ 0 . 52 , 0 . 55 ] ; the southern part (No. 19 and 10, α0 ∼
[ 0 . 50 , 0 . 52 ] ) and the northern Atlantic coast (No. 8 and 9, α0 ∈ 

[ 0 . 45 , 0 . 49 ] ). This last area shows some of the lowest values of α0 , 

denoting that these series are more characterized by a “smooth- 

structure”. On the contrary, stations No. 13 and 7 are those with 

the highest value (see Table A.2 ), meaning that these series are 

more complex (possess “fine-structure”). 

On the other hand, the plot for the last 30 years is de- 

picted in Fig. 7 (b). There is a slight increase of values for the 

most part of the sample in the period 1990–2019. The north- 

western Atlantic coast present values of α0 ∈ [ 0 . 63 , 0 . 66 ] , while 

for the northwestern inland area, α0 ∈ [ 0 . 67 , 0 . 69 ] ; the north- 

eastern area, now excluding station No. 11, which shows val- 

ues of α0 ∈ [ 0 . 60 , 0 . 66 ] and the northern Atlantic coast, with 

α0 ∈ [ 0 . 49 , 0 . 53 ] . In this last period, the southern part is more 

heterogeneous. 
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Fig. 8. Histograms of changes in parameters between periods 1960 - 1989 and 1990 - 2019. The width of the bins exceeds the largest statistical error in each parameter. 

Non-significant changes are omitted. (a) Hurst exponent in the scaling region (i). (b, c, d) Parameters of the multifractal spectra in the scaling region (iii). 

Fig. 7 (c), (d) depict the spatial distribution of the spectral width 

w for both subperiods. This magnitude shows a wide range of 

values and high spatial variability. Additionally, a little less than 

half of stations exhibit non-significant changes. Therefore, it can- 

not be identified any geographical pattern where these changes 

are consistent. The highest values correspond to stations No. 19 

in the first period and No. 23 in the second one. This means 

that these time series have relatively more scaling exponents for 

large and low fluctuations in the respective periods and, thus, 

they possess a higher degree of multifractality. On the contrary, 

the lowest values (stations No. 24 in the period 1960–1989 and 

No. 10 in 1990–2019) are not significantly different from zero (see 

Table A.2 ). Hence, these signals are monofractals in the respective 

periods. 

For the asymmetry parameter in the first period (see Fig. 7 (e)), 

it can be observed a region with high homogeneity and positive 

values ( B ∈ [ 0 . 12 , 0 . 39 ] ). This region covers the most part of the 

eastern area. As a result, their respective multifractal spectra are 

left-skewed. This means that series from the eastern part of the 

Peninsula in this period are characterized by being singular and 

having low fluctuations with “smooth-structure”. Outcomes for the 

period 1990 - 2019 are depicted in Fig. 7 (f). In this figure, the ge- 

ographic pattern found in the eastern part of the Iberian Penin- 

sula changes differently depending on the location. However, al- 

most all the locations in this subregion show a decrease of the 

asymmetry coefficient, what means that they become less singu- 

lar and exhibit a more complex structure of the low fluctuations. 

Furthermore, some of these locations (No. 4, 25, 28 and 24) slightly 

vary its asymmetry from left to right-skewed, while spectra from 

stations No. 3 and 7 become noticeably right-skewed. Therefore, 

they display low fluctuations with “fine-structure” in the last 

period. 

3.4. Global changes in H , α0 , w , and B between both periods 

To clarify the general changes in H and in multifractal parame- 

ters α0 , w and B , their histograms are shown in Fig. 8 . There are 22 

stations that exhibit a significant decrease of the Hurst exponent 

between both periods ( Fig. 8 (a)). This denotes a global reduction 

of the persistence in the Iberian Peninsula at small timescales. In 

Fig. 8 (b), an increase of α0 is observed for large scales in 24 sta- 

tions, what indicates a rise in the complexity of local fluctuations 

of low magnitude. The width of spectra also shows a rise between 

both periods, but only for 17 stations (see Fig. 8 (c)). For this reason, 

and because no geographical patterns were found for this parame- 

ter, it cannot be discarded that these increases are due to the effect 

of the local conditions. Lastly, the asymmetry coefficient does not 

exhibit a marked tendency (see Fig. 8 (d)). 

4. Conclusions 

48% of gauge stations present statistically significant decreas- 

ing trends in annual precipitation series between 1960 and 2019. 

These outcomes are also consistent with a decrease in mean and 

9 



J. Gómez-Gómez, R. Carmona-Cabezas, E. Sánchez-López et al. Chaos, Solitons and Fractals 157 (2022) 111909 

standard deviation of annual precipitation between the subperiods 

1960–1989 and 1990–2019. Most stations with decreasing annual 

rainfall records are distributed over the central part of Spain, which 

is characterized by a strong continental climate with a relatively 

low precipitation amount (between 400 and 600 mm/year) [10] . 

Thus, this region is uniformly becoming more arid in the last pe- 

riod (1990 - 2019). 

The MF-DFA method reveals that the fluctuations of the daily 

precipitation series contain three distinct scaling regions. In the in- 

termediate scales, the curves mainly differ for the fluctuations of 

low magnitude ( q < 0 ). The analysis of the power spectrum only 

exhibits two different regimes, showing clear differences between 

the small and large timescales. This indicates that the small fluctu- 

ations at intermediate scales belong to a transition region between 

the mentioned regimes. Similar findings of multi-scale multifrac- 

tality were also found for precipitation with hourly resolution in 

the United States [41] . In addition, they have also been observed 

in other complex systems in different fields of knowledge, such as 

physics [42] , traffic flow [43] , astronomy [44] or economics [32] . 

Generalized Hurst exponents depend on q moments in every 

case, what is a clear evidence of multifractality. The degree of mul- 

tifractality is higher for small timescales. In these scales, the se- 

ries exhibit a non-monotonic shape of h (q ) for small fluctuations 

( q < 0 ). This phenomenon might be a result of the influence of the 

time series resolution on the analysis at the smallest timescales. 

This led to unreliable results in the computation of the singular- 

ity spectra and the study of these ones was performed for large 

timescales only. 

All stations present a strong long-term persistence for small 

timescales and weak correlations for large timescales. However, 

these last correlations are poorly confirmed by the power spec- 

tra for a few stations only. The standard Hurst exponent computed 

for small timescales shows a geographical pattern. It approximately 

follows the strong gradient of annual precipitation which charac- 

terizes the Iberian Peninsula. This gradient exhibits large values 

to the north and northwest and lower values towards the south- 

east [10] . The persistence is reduced in most stations between both 

studied periods, what might be related to the annual precipitation 

decrease found in the trend analysis. 

The features of multifractal spectra for large timescales show 

more complex patterns. In fact, the spatial analysis of results is not 

coherent among different parameters. The main conclusions drawn 

are detailed next. α0 results show that there is a global rise in 

complexity of low fluctuations (more presence of “fine-structure”), 

mainly in the Atlantic coast and the northern inland area. On the 

other hand, half of stations exhibit significant variations of the 

width, w , between both periods, although no pattern can be ob- 

served. This might denote that the degree of multifractality might 

be affected by the local conditions. Finally, B only shows consistent 

variations in the eastern part of the Iberian Peninsula, where the 

precipitation series become less singular and have more presence 

of “fine-structure” in the last period. Nevertheless, the strength of 

these changes varies depending on the location and is particularly 

notable in some stations from the central area of the Mediter- 

ranean coast and inland. This might be related to the change in 

the frequency and direction of the Mediterranean cyclones that af- 

fects this part of the Iberian Peninsula [45] . 

It has been shown that several scaling regimes with different 

multifractal features are present in the precipitation series of the 

Iberian Peninsula. The nonlinear multifractal features are proved 

to be more complex and irregularly distributed than those derived 

from the linear analysis. Furthermore, it has been observed that 

some of these properties change over time in different scales. This 

fact might reveal an important role of these parameters in the 

long-term change of the precipitation. 
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Appendix A 

Table A.1 

Description of gauge stations of daily precipitation data series recorded at the 

Iberian Peninsula in the period 1960–2019. 

No. Location 

Latitude 

( °N) 

Longitude 

( °W) 

Altitude (m 

a.s.l.) 

1 La Coruña 43.37 8.42 58 

2 Santiago de Compostela 

Airport 

42.89 8.41 370 

3 Albacete Air Base 38.95 1.86 702 

4 Alicante 38.37 0.49 81 

5 Badajoz Airport 38.88 6.81 185 

6 Burgos Airport 42.36 3.62 891 

7 Cuenca 40.07 2.13 948 

8 San Sebastián, Igueldo 43.31 2.04 251 

9 Hondarribia, Malkarroa 43.36 1.79 4 

10 Granada Air Base 37.14 3.63 687 

11 Logroño Airport 42.45 2.33 353 

12 León, Virgen del Camino 42.59 5.65 912 

13 Ponferrada 42.56 6.60 534 

14 Getafe 40.30 3.72 620 

15 Madrid Airport 40.47 3.56 609 

16 Madrid, Cuatro Vientos 40.38 3.79 690 

17 Madrid, Retiro 40.41 3.68 667 

18 Navacerrada Pass 40.79 4.01 1894 

19 Málaga Airport 36.67 4.48 5 

20 Alcantarilla Air Base 37.96 1.23 75 

21 Vigo Airport 42.24 8.62 261 

22 Salamanca Airport 40.96 5.50 790 

23 Sevilla Airport 37.42 5.88 34 

24 Tortosa 40.82 −0.49 50 

25 Valencia 39.48 0.37 11 

26 Valladolid Airport 41.71 4.86 846 

27 Zamora 41.52 5.74 656 

28 Daroca 41.11 1.41 779 

29 Zaragoza Airport 41.66 1.00 249 
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Table A.2 

Multifractal spectra parameters ( α0 , w and B ) in the scaling region (iii) and their respective statistical errors in every location for both subperiods. Results highlighted in 

bold are not significantly different from zero. 

α0 w B 

No. 1960 - 1989 1990 - 2019 1960 - 1989 1990 - 2019 1960 - 1989 1990 - 2019 

1 0.5940 ± 0.013 0.6356 ± 0.013 0.40 ± 0.08 0.35 ± 0.11 0.34 ± 0.04 0.20 ± 0.09 

2 0.5831 ± 0.007 0.655 ± 0.03 0.17 ± 0.09 0.51 ± 0.11 −0.05 ± 0.09 0.14 ± 0.04 

3 0.5364 ± 0.008 0.5593 ± 0.014 0.46 ± 0.14 0.51 ± 0.11 0.17 ± 0.19 −0.46 ± 0.08 

4 0.4276 ± 0.021 0.623 ± 0.03 0.43 ± 0.11 0.37 ± 0.13 0.21 ± 0.05 −0.114 ± 0.015 

5 0.5272 ± 0.019 0.661 ± 0.03 0.45 ± 0.10 0.42 ± 0.12 0.250 ± 0.023 −0.180 ± 0.021 

6 0.5485 ± 0.013 0.6209 ± 0.021 0.34 ± 0.09 0.45 ± 0.08 −0.0083 ± 0.0020 −0.179 ± 0.017 

7 0.6004 ± 0.010 0.5689 ± 0.011 0.26 ± 0.08 0.29 ± 0.10 0.35 ± 0.08 −0.30 ± 0.08 

8 0.4501 ± 0.017 0.4939 ± 0.006 0.33 ± 0.08 0.18 ± 0.06 −0.150 ± 0.016 −0.41 ± 0.06 

9 0.4853 ± 0.015 0.5218 ± 0.007 0.38 ± 0.08 0.19 ± 0.08 0.182 ± 0.017 0.083 ± 0.012 

10 0.518 ± 0.03 0.5820 ± 0.005 0.53 ± 0.10 0.14 ± 0.15 0.122 ± 0.014 0.00 ± 0.09 

11 0.5210 ± 0.013 0.6508 ± 0.016 0.28 ± 0.10 0.29 ± 0.10 −0.154 ± 0.014 −0.028 ± 0.013 

12 0.5739 ± 0.019 0.689 ± 0.03 0.50 ± 0.09 0.68 ± 0.10 0.010 ± 0.004 0.217 ± 0.018 

13 0.6145 ± 0.014 0.6723 ± 0.013 0.33 ± 0.09 0.24 ± 0.06 0.37 ± 0.05 0.038 ± 0.020 

14 0.4769 ± 0.014 0.5880 ± 0.010 0.29 ± 0.08 0.30 ± 0.11 −0.049 ± 0.009 −0.17 ± 0.10 

15 0.5549 ± 0.014 0.5771 ± 0.020 0.29 ± 0.08 0.37 ± 0.10 −0.33 ± 0.04 −0.128 ± 0.015 

16 0.4989 ± 0.017 0.5336 ± 0.010 0.35 ± 0.07 0.22 ± 0.11 −0.26 ± 0.03 −0.082 ± 0.009 

17 0.5195 ± 0.008 0.6206 ± 0.021 0.22 ± 0.09 0.44 ± 0.11 0.04 ± 0.07 −0.003 ± 0.008 

18 0.5759 ± 0.021 0.630 ± 0.03 0.42 ± 0.16 0.58 ± 0.09 0.199 ± 0.020 0.25 ± 0.04 

19 0.5098 ± 0.024 0.627 ± 0.05 0.57 ± 0.11 0.58 ± 0.16 0.37 ± 0.06 0.21 ± 0.03 

20 0.5610 ± 0.004 0.5410 ± 0.016 0.17 ± 0.12 0.37 ± 0.10 0.29 ± 0.15 0.27 ± 0.06 

21 0.5640 ± 0.006 0.6562 ± 0.018 0.18 ± 0.09 0.36 ± 0.12 0.11 ± 0.10 0.172 ± 0.019 

22 0.5317 ± 0.013 0.6056 ± 0.022 0.29 ± 0.08 0.51 ± 0.09 −0.030 ± 0.007 0.187 ± 0.019 

23 0.4658 ± 0.019 0.621 ± 0.04 0.46 ± 0.15 0.73 ± 0.11 −0.044 ± 0.011 0.159 ± 0.017 

24 0.5573 ± 0.017 0.4808 ± 0.016 0.14 ± 0.17 0.36 ± 0.12 0.4 ± 0.4 −0.132 ± 0.011 

25 0.5146 ± 0.022 0.5083 ± 0.012 0.52 ± 0.13 0.23 ± 0.09 0.24 ± 0.05 −0.21 ± 0.04 

26 0.5504 ± 0.013 0.6720 ± 0.009 0.24 ± 0.12 0.23 ± 0.12 −0.8 ± 0.3 0.089 ± 0.017 

27 0.5904 ± 0.009 0.6792 ± 0.024 0.25 ± 0.09 0.58 ± 0.11 0.19 ± 0.04 0.27 ± 0.06 

28 0.5254 ± 0.015 0.6194 ± 0.016 0.41 ± 0.11 0.42 ± 0.08 0.32 ± 0.06 −0.146 ± 0.016 

29 0.5488 ± 0.010 0.6071 ± 0.020 0.23 ± 0.09 0.61 ± 0.09 0.34 ± 0.06 0.037 ± 0.008 

References 

[1] IPCC Summary for PolicymakersClimate change 2013: the physical science ba- 

sis. contribution of working group i to the fifth assessment report of the in- 

tergovernmental panel on climate change. Stocker TF, Qin D, Plattner GK, Tig- 
nor M, Allen SK, Boschung J, et al., editors. Cambridge, United KingdomNew 

York, NY, USA: Cambridge University Press; 2013 . 
[2] . Summary for policymakers. In: Field CB, Barros VR, Dokken DJ, Mach KJ, Mas- 

trandrea MD, Bilir TE, et al., editors. Climate change 2014: impacts, adaptation, 
and vulnerability. part A: global and sectoral aspects. contribution of working 

group ii to the fifth assessment report of the intergovernmental panel on cli- 

mate change. Cambridge, United KingdomNew York, NY, USA: Cambridge Uni- 
versity Press; 2014. p. 1–32 . 

[3] Sankaran A, Chavan SR, Ali M, Sindhu AD, Dharan DS, Khan MI. Spa- 
tiotemporal variability of multifractal properties of fineresolution daily grid- 

ded rainfall fields over India. Nat Hazards 2021;106:1951–79. doi: 10.1007/ 
s11069- 021- 04523- 0 . 

[4] Gallego MC, García JA, Vaquero JM, Mateos VL. Changes in frequency and 
intensity of daily precipitation over the Iberian Peninsula. J Geophys Res 

2006;111:D24105. doi: 10.1029/2006JD007280 . 

[5] de Luis M, Brunetti M, Gonzalez-Hidalgo JC, Longares LA, Martin-Vide J. 
Changes in seasonal precipitation in the Iberian Peninsula during 1946–2005. 

Glob Planet Chang 2010;74:27–33. doi: 10.1016/j.gloplacha.2010.06.006 . 
[6] Guerreiro SB, Kilsby CG, Fowler HJ. Rainfall in Iberian transnational basins: a 

drier future for the Douro, Tagus and Guadiana? Clim Chang 2016;135:467–80. 
doi: 10.1007/s10584-015-1575-z . 

[7] Esteban-Parra MJ , Rodrigo FS , Castro-Diez Y . Spatial and temporal pat- 

terns of precipitation in Spain for the period 1880–1992. Int J Cli- 
matol 1998;18:1557–74 10.1002/(SICI)1097-0088(19981130)18:14 < 1557:: 

AID −JOC328>3.0.CO;2-J . 
[8] González-Hidalgo JC, De Luis M, Raventós J, Sánchez JR. Spatial distribution 

of seasonal rainfall trends in a western Mediterranean area. Int J Climatol 
2001;21:843–60. doi: 10.1002/joc.647 . 

[9] De Luis M, González-Hidalgo JC, Longares LA, Štepánek P. Seasonal precipi- 

tation trends in the Mediterranean Iberian Peninsula in second half of 20th 
century. Int J Climatol 2009;29:1312–23. doi: 10.1002/joc.1778 . 

[10] Rodriguez-Puebla C , Encinas AH , Nieto S , Garmendia J . Spatial and temporal 
patterns of annual precipitation variability over the Iberian Peninsula. Int J Cli- 

matol 1998;18:299–316 . 
[11] De Lima MIP , Marques ACP , De Lima JLMP , Coelho MFES . Precipitation 

trends in mainland Portugal in the period 1941–20 0 0. IAHS-AISH Publ; 20 07. 

p. 94–102 . 
[12] López-Moreno JI, Vicente-Serrano SM, Angulo-Martínez M, Beguería S, Ke- 

nawy A. Trends in daily precipitation on the northeastern Iberian Peninsula, 
1955–2006. Int J Climatol 2010;30:1026–41. doi: 10.1002/joc.1945 . 

[13] de Lima MIP, Santo FE, Ramos AM, de Lima JLMP. Recent changes in daily pre- 
cipitation and surface air temperature extremes in mainland Portugal, in the 

period 1941–2007. Atmos Res 2013;127:195–209. doi: 10.1016/j.atmosres.2012. 
10.001 . 

[14] Baranowski P, Krzyszczak J, Slawinski C, Hoffmann H, Kozyra J, Nieróbca A, 
et al. Multifractal analysis of meteorological time series to assess climate im- 

pacts. Clim Res 2015;65:39–52. doi: 10.3354/cr01321 . 

[15] Baranowski P, Gos M, Krzyszczak J, Siwek K, Kieliszek A, Tkaczyk P. Multi- 
fractality of meteorological time series for Poland on the base of MERRA- 

2 data. Chaos Solitons Fractals 2019;127:318–33. doi: 10.1016/j.chaos.2019. 
07.008 . 

[16] Krzyszczak J, Baranowski P, Zubik M, Kazandjiev V, Georgieva V, Sławi ́nski C, 
et al. Multifractal characterization and comparison of meteorological time se- 

ries from two climatic zones. Theor Appl Climatol 2019;137:1811–24. doi: 10. 
10 07/s0 0704- 018- 2705- 0 . 

[17] Mandelbrot BB . The fractal geometry of nature. San Francisco: WH Freeman; 

1982 . 
[18] Feder J. Fractals. Boston, MA: Springer US; 1988. doi: 101007/978-1- 

4899- 2124- 6 . 
[19] Telesca L, Lapenna V. Measuring multifractality in seismic sequences. Tectono- 

physics 2006;423:115–23. doi: 10.1016/j.tecto.2006.03.023 . 
[20] Kalamaras N, Tzanis C, Deligiorgi D, Philippopoulos K, Koutsogiannis I. Distri- 

bution of air temperature multifractal characteristics over Greece. Atmosphere 

2019;10:45. doi: 10.3390/atmos10 020 045 . 
[21] Kantelhardt JW , Zschiegner SA , Koscielny-Bunde E , Havlin S , Bunde A , Stan- 

ley HE . Multifractal detrended fluctuation analysis of nonstationary time se- 
ries. Phys A 2002;316:87–114 . 

[22] Burgueño A, Lana X, Serra C, Martínez MD. Daily extreme temperature mul- 
tifractals in Catalonia. NE Spain. Phys Lett A 2014;378:874–85. doi: 10.1016/j. 

physleta.2014.01.033 . 

[23] Brunet M, Jones PD, Sigró J, Saladié O, Aguilar E, Moberg A, et al. Temporal 
and spatial temperature variability and change over Spain during 1850–2005. 

J Geophys Res 2007;112:D12117. doi: 10.1029/20 06JD0 08249 . 
[24] State Meteorological Agency of Spain, Institute of Meteorology of 

Portugal. Iberian climate atlas: air temperature and precipitation (1971–
20 0 0). State Meteorological Agency of Spain, Institute of Meteorology of 

Portugal; 2011. 

[25] da Silva HS, Silva JRS, Stosic T. Multifractal analysis of air temperature in Brazil. 
Phys A 2020;549:124333. doi: 10.1016/j.physa.2020.124333 . 

[26] Kantelhardt JW, Rybski D, Zschiegner SA, Braun P, Koscielny-Bunde E, Livina V, 
et al. Multifractality of river runoff and precipitation: comparison of fluctu- 

ation analysis and wavelet methods. Phys A 2003;330:240–5. doi: 10.1016/j. 
physa.2003.08.019 . 

[27] Koscielny-Bunde E, Kantelhardt JW, Braun P, Bunde A, Havlin S. Long-term per- 

sistence and multifractality of river runoff records: detrended fluctuation stud- 
ies. J Hydrol 2006;322:120–37. doi: 10.1016/j.jhydrol.20 05.03.0 04 . 

11 

http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0001
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0002
https://doi.org/10.1007/s11069-021-04523-0
https://doi.org/10.1029/2006JD007280
https://doi.org/10.1016/j.gloplacha.2010.06.006
https://doi.org/10.1007/s10584-015-1575-z
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0007
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0007
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0007
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0007
https://doi.org/10.1002/joc.647
https://doi.org/10.1002/joc.1778
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0010
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0010
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0010
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0010
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0010
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0011
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0011
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0011
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0011
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0011
https://doi.org/10.1002/joc.1945
https://doi.org/10.1016/j.atmosres.2012.10.001
https://doi.org/10.3354/cr01321
https://doi.org/10.1016/j.chaos.2019.penalty -@M 07.008
https://doi.org/10.1007/s00704-018-2705-0
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0017
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0017
https://doi.org/101007/978-1-penalty -@M 4899-2124-6
https://doi.org/10.1016/j.tecto.2006.03.023
https://doi.org/10.3390/atmos10020045
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0021
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0021
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0021
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0021
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0021
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0021
http://refhub.elsevier.com/S0960-0779(22)00119-9/sbref0021
https://doi.org/10.1016/j.physleta.2014.01.033
https://doi.org/10.1029/2006JD008249
https://doi.org/10.1016/j.physa.2020.124333
https://doi.org/10.1016/j.physa.2003.08.019
https://doi.org/10.1016/j.jhydrol.2005.03.004


J. Gómez-Gómez, R. Carmona-Cabezas, E. Sánchez-López et al. Chaos, Solitons and Fractals 157 (2022) 111909 

[28] Livina VN, Ashkenazy Y, Bunde A, Havlin S. Seasonality effects on nonlinear 
properties of hydrometeorological records. In: Kropp J, Schellnhuber HJ, edi- 

tors. Extremis. Berlin, Heidelberg: Springer Berlin Heidelberg; 2011. p. 266–84. 
doi: 10.1007/978- 3- 642- 14863- 7 _ 13 . 

[29] Xavier SFA, Stosic T, Stosic B, Jale JDS, Xavier ÉFM. A Brief multifractal anal- 
ysis of rainfall dynamics in Piracicaba, São Paulo, Brazil. Acta Sci Technol 

2018;40:35116. doi: 10.4025/actascitechnol.v40i1.35116 . 
[30] Bunde A, Havlin S, Kantelhardt JW, Penzel T, Peter JH, Voigt K. Correlated 

and uncorrelated regions in heart-rate fluctuations during sleep. Phys Rev Lett 

20 0 0;85:3736–9. doi: 10.1103/PhysRevLett.85.3736 . 
[31] O ́swi ̨ecimka P, Dro ̇zd ̇z S, Kwapie ́n J, Górski AZ. Effect of detrending on 

multifractal characteristics. Acta Phys Pol A 2013;123:597–603. doi: 10.12693/ 
APhysPolA.123.597 . 

[32] Pavón-Domínguez P, Serrano S, Jiménez-Hornero FJ, Jiménez-Hornero JE, 
Gutiérrez de Ravé E, Ariza-Villaverde AB. Multifractal detrended fluctuation 

analysis of sheep livestock prices in origin. Phys A 2013;392:4466–76. doi: 10. 

1016/j.physa.2013.05.042 . 
[33] Zhang Q, Xu CY, Chen YD, Yu Z. Multifractal detrended fluctuation analy- 

sis of streamflow series of the Yangtze River basin, China. Hydrol Process 
2008;22:4997–5003. doi: 10.1002/hyp.7119 . 

[34] Telesca L, Colangelo G, Lapenna V, Macchiato M. Fluctuation dynamics in geo- 
electrical data: an investigation by using multifractal detrended fluctuation 

analysis. Phys Lett A 2004;332:398–404. doi: 10.1016/j.physleta.2004.10.011 . 

[35] Kavasseri R, Nagarajan R. A multifractal description of wind speed records. 
Chaos Solitons Fractals 2005;24:165–73. doi: 10.1016/S0960-0779(04)00533-8 . 

[36] Gonçalvès P, Riedi R, Baraniuk R. A simple statistical analysis of wavelet-based 
multifractal spectrum estimation. In: Proceedings of the Conference Record of 

Thirty-Second Asilomar Conference on Signals, Systems and Computers (Cat. 
No.98CH36284), 1. Pacific Grove, CA, USA: IEEE; 1998. p. 287–91. doi: 10.1109/ 

ACSSC.1998.750873 . 

[37] Shimizu Y, Thurner S, Ehrenberger K. Multifractal spectra as a mea- 
sure of complexity in human posture. Fractals 2002;10:103–16. doi: 10.1142/ 

S0218348X02001130 . 
[38] Macek WM, Wawrzaszek A. Evolution of asymmetric multifractal scaling of 

solar wind turbulence in the outer heliosphere. J Geophys Res 2009;114. 
doi: 10.1029/2008JA013795 . 

[39] Dro ̇zd ̇z S, O ́swi ̧e cimka P. Detecting and interpreting distortions in hierarchical 
organization of complex time series. Phys Rev E 2015;91:030902. doi: 10.1103/ 

PhysRevE.91.030902 . 

[40] Gómez-Gómez J, Carmona-Cabezas R, Ariza-Villaverde AB, Gutiérrez de Ravé E, 
Jiménez-Hornero FJ. Multifractal detrended fluctuation analysis of tempera- 

ture in Spain (1960–2019). Phys A 2021;578:126118. doi: 10.1016/j.physa.2021. 
126118 . 

[41] Yang L, Fu Z. Process-dependent persistence in precipitation records. Phys A 
Stat Mech Appl 2019;527:121459. doi: 10.1016/j.physa.2019.121459 . 

[42] Tadi ́c B, Mijatovi ́c S, Jani ́cevi ́c S, Spasojevi ́c D, Rodgers GJ. The critical 

Barkhausen avalanches in thin random-field ferromagnets with an open 
boundary. Sci Rep 2019;9:6340. doi: 10.1038/s41598- 019- 42802- w . 

[43] Shang P, Lu Y, Kamae S. Detecting long-range correlations of traffic time se- 
ries with multifractal detrended fluctuation analysis. Chaos Solitons Fractals 

2008;36:82–90. doi: 10.1016/j.chaos.2006.06.019 . 
[44] Movahed MS, Jafari GR, Ghasemi F, Rahvar S, Tabar MRR. Multifractal de- 

trended fluctuation analysis of sunspot time series. J Stat Mech Theory Exp 

20 06;20 06:P020 03 –P020 03. doi: 10.1088/1742-5468/20 06/02/p020 03 . 
[45] Bartholy J, Pongrácz R, Pattantyús-Ábrahám M. Analyzing the genesis, in- 

tensity, and tracks of western Mediterranean cyclones. Theor Appl Climatol 
2009;96:133–44. doi: 10.1007/s00704- 008- 0082- 9 . 

12 

https://doi.org/10.1007/978-3-642-14863-7_13
https://doi.org/10.4025/actascitechnol.v40i1.35116
https://doi.org/10.1103/PhysRevLett.85.3736
https://doi.org/10.12693/APhysPolA.123.597
https://doi.org/10.1016/j.physa.2013.05.042
https://doi.org/10.1002/hyp.7119
https://doi.org/10.1016/j.physleta.2004.10.011
https://doi.org/10.1016/S0960-0779(04)00533-8
https://doi.org/10.1109/ACSSC.1998.750873
https://doi.org/10.1142/S0218348X02001130
https://doi.org/10.1029/2008JA013795
https://doi.org/10.1103/PhysRevE.91.030902
https://doi.org/10.1016/j.physa.2021.126118
https://doi.org/10.1016/j.physa.2019.121459
https://doi.org/10.1038/s41598-019-42802-w
https://doi.org/10.1016/j.chaos.2006.06.019
https://doi.org/10.1088/1742-5468/2006/02/p02003
https://doi.org/10.1007/s00704-008-0082-9


 

 

 

 

 

4. CONCLUSIONES 

GENERALES  



 

 

 

 



 

 
67 

 

4. Conclusiones generales 

De cada uno de los estudios llevados a cabo durante esta investigación se 

desprenden varias conclusiones. 

Del primer estudio, en el que se aplica MF-DFA a distintas series de temperatura, 

se han extraído las siguientes (Gómez-Gómez et al., 2021a): 

• Las variables de temperatura en superficie analizadas (máxima, mínima, media 

diarias y DTR) muestran distintos exponentes de escala cuando se observan las 

respectivas funciones de fluctuación en función de la escala, 𝐹𝑞(𝑠), a distintos 

momentos 𝑞. Esto demuestra que las series son multifractales. Además, todas 

las series son estacionarias y tienen correlación de largo alcance. 

• Las características multifractales de las cuatro series de temperatura se 

modifican, en mayor o menor medida, entre los periodos 1960-1989 y 1990-

2019. Esto sugiere una relación entre el cambio climático y el cambio en las 

propiedades fractales de estas series. No obstante, la simetría de los espectros 

multifractales permanece aproximadamente igual entre ambos periodos. 

• Existe un mayor grado de multifractalidad en las estaciones meteorológicas 

costeras en ambos periodos en las variables de temperatura mínima y media que 

contrasta con el de las otras variables. Esto indica que el océano podría tener 

alguna influencia sobre la complejidad de las temperaturas mínima y media en 

estas áreas. 

• Las temperaturas mínima y media también presentan en la mayoría de las 

estaciones un estrechamiento de los espectros de singularidad y, por tanto, una 

disminución en el grado de multifractalidad en el último periodo. Dado que este 

cambio no se manifiesta en la temperatura máxima, existe un comportamiento 

asimétrico entre las temperaturas extremas diarias. Este comportamiento puede 

estar relacionado con las evidencias de asimetría encontradas por otros autores 

en el ritmo de aumento en las temperaturas máxima y mínima en la región. 
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Los resultados que se han obtenido en el segundo trabajo, aplicando el marco 

teórico de las redes complejas a series de temperatura media, han dado lugar a las 

siguientes conclusiones principales (Gómez-Gómez et al., 2021b): 

• Las medias anuales de las anomalías de la temperatura muestran tendencias 

ascendentes significativas, confirmando los resultados descritos en estudios 

previos en la Península Ibérica en el periodo considerado. 

• Las redes HVGs de las series anuales poseen estructuras similares y propiedades 

que se mantienen constantes a lo largo del periodo 1960-2019, a diferencia de 

lo que ocurre con sus medias anuales. El calentamiento global, que influye en las 

medias anuales, parece no afectar a la media del grado, al exponente de la 

distribución del grado ni al coeficiente de agrupamiento global de las redes 

complejas obtenidas. 

• Los resultados obtenidos en distintas localizaciones son similares, sugiriendo que 

las propiedades estudiadas están más relacionadas con el propio proceso natural 

que describen que con las variaciones en las condiciones locales. 

• El algoritmo de HVG caracteriza la naturaleza de la señal estudiada. La media del 

grado de las series anuales indica su regularidad, típica de procesos disipativos, 

mientras que el exponente de la distribución en la mayoría de los casos posee un 

valor que revela unas correlaciones de corto alcance débiles. Además, un 

coeficiente de agrupamiento no muy elevado también apunta a esta presencia 

de correlaciones débiles, debido a que se ha hallado una correlación lineal entre 

este parámetro y el exponente de la distribución del grado. 

Por último, el tercer estudio, que aborda los cambios en los parámetros 

multifractales de la precipitación en la Península Ibérica, revela las siguientes 

conclusiones (Gómez-Gómez et al., 2022): 

• El 48% de las estaciones de medida analizadas presenta tendencias 

descendentes estadísticamente significativas en la precipitación anual. Estas 
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tendencias coinciden con un descenso en la media y la desviación estándar entre 

los dos periodos de 30 años, confirmando la disminución de la precipitación 

observada en estudios previos. 

• La región central de la Península contiene la mayoría de las estaciones que 

registran una disminución de la precipitación anual. Por lo tanto, esta región, ya 

caracterizada por una precipitación escasa, se está volviendo uniformemente 

más árida. 

• Las fluctuaciones de las anomalías de la precipitación diaria contienen tres 

regiones de escala distintas según el método MF-DFA. En las escalas intermedias, 

únicamente las pequeñas fluctuaciones difieren del resto de regiones 

encontradas. Contrariamente a este método, el análisis del espectro de potencia 

solo muestra dos regímenes distintos. Esto sugiere que las escalas intermedias 

pertenecen a una región de transición entre ambos para el caso de las 

fluctuaciones de pequeña magnitud. 

• Las series de precipitación son multifractales. El grado de multifractalidad es 

mayor en la región de las pequeñas escalas temporales. 

• Todas las estaciones presentan una gran correlación persistente para las escalas 

pequeñas y correlaciones débiles para las escalas grandes. Los espectros de 

potencia confirman el comportamiento de las primeras, mientras que para las 

segundas se obtienen correlaciones no significativas. 

• La gran persistencia encontrada para las pequeñas escalas se distribuye sobre la 

Península siguiendo aproximadamente el gradiente de la precipitación anual. 

Además, esta persistencia disminuye en la mayoría de las estaciones analizadas 

en el último periodo. 

• La forma no monotónica del exponente de Hurst generalizado en el régimen de 

las escalas pequeñas impidió la obtención de resultados fiables en esta región. 

En la región de las escalas temporales grandes, en cambio, se obtuvieron 
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espectros multifractales que indican un incremento general de la complejidad de 

las pequeñas fluctuaciones. Además, estos espectros manifiestan un cambio de 

asimetría que implica una disminución en las singularidades grandes de las series 

estudiadas en la región oriental de la Península, especialmente en la zona del 

levante. Esta mayor regularidad puede estar relacionada con el cambio 

observado por otros autores en la frecuencia y dirección de las borrascas 

Mediterráneas. Por el contrario, el grado de multifractalidad de las series no 

muestra ningún patrón de cambio significativo. 

Las conclusiones generales, derivadas de las conclusiones individuales de cada 

publicación, se indican a continuación. 

La dinámica de la precipitación es más compleja que la de la temperatura, 

distinguiéndose un mayor número de regiones de escala. Además, para ambas variables, 

se confirma que en general las series estudiadas son multifractales y, por tanto, 

muestran una jerarquía de distintos subconjuntos fractales que se entremezclan. 

Las propiedades multifractales de las distintas variables de temperatura y de la 

precipitación se están modificando en el periodo analizado, 1960-2019. Estos cambios 

incluyen, fundamentalmente, reducciones en el grado de multifractalidad y complejidad 

de las fluctuaciones en la temperatura (especialmente, en el caso de la temperatura 

mínima) y un incremento de la complejidad de las fluctuaciones pequeñas de las series 

de precipitación a escalas grandes. En otras palabras, hay un aumento de la regularidad 

en la temperatura mínima y un incremento en la irregularidad de las pequeñas 

fluctuaciones de la precipitación. Por el contrario, la reducción de grandes 

singularidades en la precipitación en la zona oriental, especialmente en el levante, indica 

que sus grandes fluctuaciones pueden estar volviéndose más regulares en el último 

periodo en esta región. 

En un rango amplio de escalas, las diferentes variables de temperatura presentan 

grandes correlaciones en ambos periodos. El grado de persistencia hallado en estas 

series también está variando, aunque se ha observado un patrón más claro y con mayor 

evidencia en el caso de la precipitación. En esta última, la alta persistencia encontrada 
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ocurre a escalas pequeñas y sigue la distribución espacial del fuerte gradiente de la 

precipitación anual característica de la Península Ibérica. Los cambios en esta variable 

sugieren un descenso generalizado de estas correlaciones en las series en el último 

periodo. Mientras tanto, a gran escala, las fluctuaciones en la precipitación manifiestan 

una dinámica más aleatoria, carente de correlaciones, que se mantiene en los dos 

periodos. 

El mayor grado de multifractalidad de las temperaturas mínima y media en las 

zonas costeras, sugiere que la evolución de la temperatura en esas zonas tiene una 

jerarquía mucho más rica de exponentes. Este fenómeno puede ser debido al efecto 

amortiguador del océano, que parece que afecta más a las temperaturas mínimas que 

a las máximas en el primer periodo. 

Estas conclusiones permiten confirmar la utilidad del método de MF-DFA para 

describir las propiedades fractales a distintas escalas y para distintos segmentos de las 

series. No obstante, tiene algunos inconvenientes cuando se tratan las pequeñas escalas 

más próximas a la resolución de las series de precipitación, impidiendo obtener 

resultados fiables de sus espectros multifractales. 

La aplicación de HVG y el marco teórico de las redes complejas a las series de 

temperatura media confirman que estos grafos permiten identificar la naturaleza de las 

series originales y heredan sus propiedades. Las propiedades topológicas analizadas 

oscilan alrededor de valores medios y no muestran tendencias significativas, a pesar de 

la tendencia ascendente observada en el promedio anual de las anomalías de 

temperatura. La metodología empleada para aplicar el HVG, basada en segmentos 

anuales de las series desestacionalizadas, no da signos evidentes de cambio. Por lo 

tanto, el análisis de las series de temperatura llevado a cabo con el método HVG no 

detecta el cambio climático. 

Finalmente, el método de análisis multifractal empleado en esta tesis permite 

obtener las propiedades de escala y no lineales de la temperatura y la precipitación, 

mejorando la descripción de estas variables. Por tanto, estas propiedades pueden ser 

usadas para completar la información disponible en las bases de datos que se emplean 

para aplicar métodos predictivos y aumentar así el conocimiento sobre la evolución del 

cambio climático en las próximas décadas. 
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