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A B S T R A C T

The main objective of this study is to detect and quantify monotonic trends in a time series of gross
primary production (GPP) in peninsular Spain over 19 years, from 2004 to 2022. Daily GPP values
are derived at 1-km spatial resolution from an optimized methodology adapted to the Spanish
inland territory to obtain a GPP climate data record. These time series can be analyzed by means of
the non-linear Bκ-embeddings (NLE) method, which is based on smooth mathematical structures
depending on a continuous real parameter κ, with values ranging between zero (original time series)
and infinity (trend component, characterizing the interannual variation). The continuous variation
of κ is crucial for the decomposition of the time series into different temporal components, offering
a flexibility that other methods do not provide. The magnitude and direction of trend (increasing
or decreasing slope of interannual variation computed from the GPP time series) are analyzed in
terms of precipitation variations throughout the 2004-2022 period. For that purpose, daily images
of precipitation (including the SPI) at 1-km spatial resolution for the same period are obtained
from the Spanish Meteorological Agency (www.aemet.es). Statically significant ecosystems changes
are enhanced, identified and explained in terms of the aforementioned relationships between GPP
and meteorological variables, centering the focus on subtle changes as those due to degradation
processes.

1. Introduction
A full description of the carbon cycle requires detailed information on

spatiotemporal patterns of surface–atmosphere carbon fluxes. One of the
main carbon fluxes characterizing terrestrial ecosystems and biodiversity is
the gross primary production (GPP), i.e., the amount of carbon absorbed by
vegetation to perform photosynthesis, since it establishes the main carbon
and energy inputs to ecosystems for producing food, wood, and fiber (Xiao
et al., 2019). Consequently, ecosystem dynamics can be characterized by
analyzing GPP time series, which show non-stationary behavior due to
short-term, seasonal and long-term variations.

This study focusses in long-term variations, which use to be linked
to climate variability and, in some cases, are found in areas affected by
land degradation processes. Vegetation in these areas is sparse; the subtle
changes require a precise methodology to be detected and quantified and
the detection of trends ensuring statistical significance is rather difficult
due to the associated uncertainties. Degradation processes are found in
several countries on the Mediterranean Basin, in particular, Spain.

Mainland Spain territory is analyzed by means of daily GPP time series
at 1-km spatial resolution to detect long-term vegetation changes. The
non-linear Bκ-embeddings (NLE) method is used to analyse the time series.
It is based on smooth mathematical structures depending on a continuous
real parameter κ, with values ranging between zero (original time series)
and infinity (trend component, characterizing the interannual variation)
(García-Morales, 2017). The magnitude and direction of trend (increasing
or decreasing slope of interannual variation) are analyzed in terms of
precipitation variations throughout the 2004-2022 period.
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2. Materials

2.1. Daily GPP time series
The procedure to obtain the daily GPP (gm−2d−1) images is described

in Martínez et al. (2022) and corresponds to:

GPP = PAR fAPARϵmaxCwsTmin. (1)

The PAR (MJ m−2 d−1) accounts for the photosynthetically active
radiation (0.4–0.7 µm). It is computed as 46 % of the daily solar irradiance,
which was given by the MSG DIDSSF product (LSA-203) reprocessed and
available from 2004 up to the present at https://landsaf.ipma.pt/. This
product was very satisfactorily validated in the study area and is used as
the input of the MSG/SEVIRI GPP product LSA-411.

The daily fAPAR (fraction of absorbed PAR) at 1-km spatial resolution
is obtained by applying the algorithm proposed by Roujean and Breon
(1995) to MODIS products MCD43A1 and MCD43A2. This algorithm is
used to derive the SEVIRI/MSG fAPAR product (LSA-425).

ϵmax (g MJ−1) is the ecosystem light use efficiency under optimal
conditions and depends on the vegetation type. An optimized vegetation
map for the study area is used to assign the ϵmax value to each pixel
according to the literature (Martínez et al., 2022).

Cws is a water stress coefficient that is calculated as a linear
relationship with the water balance between actual and potential
evapotranspiration (AET and PET, respectively). In this case as AET
is not available, precipitation is considered when AET is lower than
PET (Martínez et al., 2022). PET (mm m−2d−1) is obtained, according
to (Jensen and Haise, 1965) parameterization, from the daily global
irradiation from the LSA-203 product, and the daily air temperature.

Tmin refers to the Tmin_scalar used in the MOD17 product (Running
and Zhao, 2021). It is a linear ramp function of minimum air temperature
that reduces ϵmax accounting for low temperatures, depending also on the
vegetation type.

2.2. Precipitation data
Daily precipitation data are provided by the Spanish Meteorological

Agency (http://www.aemet.es) for the 2004–2022 period. The daily
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images at 5-km spatial resolution are resampled at 1-km resolution. SPI
images are computed from them. The SPI quantifies precipitation anoma-
lies by transforming observed precipitation into a gamma distribution for
a specific period (World Meteorological Organization (WMO), 2012). In
this study, the 12-month SPI time series over the period 2004–2022 are
computed to enhance the identification and understanding of vegetation
changes.

3. Methods
Non-linear Bκ-embeddings (NLE) are smooth mathematical structures

that connect objects with similar or different dimensions (García-Morales,
2017). The dimension reduction involves a mixed convolution of discrete
and continuous time variables. The continuous variation of a real
parameter κ > 0 allows constructing the elements of the embedding.
The objects connected by the embedding act as fixed points of the latter
in the limits κ → 0 and κ → ∞. NLE have proved to be very useful in
connecting vector spaces of different dimensions (García-Morales, 2020).

NLE have several key features that make them worthwhile for the
analysis of time series. One of them is that this technique allows revealing
hidden structures of different scales immersed in the time series (García-
Morales, 2017, 2020). Another key feature is that the objects connected
by the embedding can be recovered not only in the limits κ → 0 and
κ → ∞ but also for a continuous range of κ values. The value of the scale
parameter κ changes with the temporal resolution of the time series since
it determines the number of measurements in a specific time interval.

The effectiveness of the NLE method was previously analyzed using
16-day MODIS NDVI TS at 1-km spatial resolution in Spain (Martínez
et al., 2025). It detected subtle changes with lower uncertainty than the
multi-resolution analysis based on the wavelet transform, MRA-WT, which
has been extensively used over the past few decades in several fields such
as remote sensing, finance, medicine, etc., (Martínez and Gilabert, 2009;
Rhif et al., 2022).

Temporal analysis at local and regional level are carried out. First, the
temporal dynamics of GPP using the NLE procedure is performed on the
original GPP time series to derive the interannual component (κ = 23).
Second, the trend, in terms of magnitude and direction, of the interannual
component is obtained through the combination of the Mann–Kendall
test and the Theil–Sen slope estimator, QGPP, at a significant level of
0.05 (p−value). Third, the 12-month SPI (SPI12) is considered as the
interannual variation of precipitation. Both the Mann-Kendall test and
Theil-Sen slope are used to derive the precipitation trend QSPI12. Here, a
relaxed significance threshold of 0.3 is adopted to increase the number of
pixels comparable to GPP trend values.

4. Results

4.1. Local assessment
Eight sites corresponding to different ecosystems are selected (Table

1) and shown in Figure 1 over a hybrid land cover map from Pérez-
Hoyos et al. (2012). To minimize the limitations imposed by the coarse
spatial resolution of MODIS, the local analysis has been performed at
homogeneous sites. The sites have been chosen to capture differences
in plant structure, and consequently in their radiative regime, and are
preferably located in the following areas: (i) natural parks, such as La
Albufera in Valencia (site #6) and Sierra de Cazorla, Segura y las Villas
in Jaén (site #2); (ii) forest areas such as Selva de Irati in Pamplona (site
#3); and (iii) degradation vulnerable areas from NATURA 2000 network
(https://natura2000.eea.europa.eu/), such as sites #5 and #8.

The results of the application of NLE to the GPP time series at local
scale are shown in Figure 2.

The sites #7 and #8, which exhibit negative trends, correspond to
areas of natural vegetation located in semi-arid regions (Alicante and
Almeria regions) rendering them particularly vulnerable to desertification.
Soil erosion, worsened by overgrazing, deforestation, and poor land
management, is one of the primary consequences of land degradation
in this area. The area uses to be affected by periodic droughts that
exacerbate desertification risks, such as the dry period in 2005 (https:
//www.aemet.es/es/serviciosclimaticos/vigilancia_clima/).

Table 1
Selected sites for different land cover types. Codes: EBF (evergreen broadleaved
forest), ENF (evergreen needle-leaved forest), DBF (deciduous broadleaved forest),
GRA (grassland), ICRO (irrigated crop), SHR (shrubland), and SPV (sparse
vegetation).

Site ID Land cover Lat/Lon Province

#1 EBF 43.07N;-8.29E La Coruña

#2 ENF 38.30N;-2.56E Jaén

#3 DBF 43.07N;-1.51E Navarra

#4 ENF 40.75N;-2.09E Guadalajara

#5 GRA 39.94N;-5.77E Cáceres

#6 ICROP 39.28N;-0.33E Valencia

#7 SHR 38.63N;-0.10E Alicante

#8 SPV 37.07N;-2.37E Almería

Figure 1: Location of the selected sites over a land cover map. (Codes: see Table 1).

4.2. Regional assessment
Figure 3 shows the results of the application of NLE at regional level

to map significant changes: the magnitude of the change (top) (i.e., the
Theil-Sen slope of the interannual component), and its direction and
significance (bottom). A non-significant value of the Mann–Kendall test
(0 value) means the null hypothesis (H0) (no trend exists) may not be
rejected, whereas a significant test value (1 value) assumes H0 is rejected,
and a trend is considered. H0 is rejected at p < 0.1 significance level for
the daily GPP time series. Annually, 85.4 % of the area shows a statistically
significant greening, with dominance in northern Spain, the eastern and
northwest Pyrenees and in the Ebro basin. These spatial patterns can be
linked to land cover changes and processes, such as transformation to
irrigated land, the conversion from shrubs to pastures or a revegetation
process in mountain areas affected by land abandonment (Vicente-Serrano
et al., 2020). In contrast, only a few browning areas (12.9 % showing
statistically significant negative changes) are detected, mainly located in
central, southern and eastern Spain.

The spatial distribution and magnitude of trends in this study are
consistent with the findings of previous research (Martínez and Gilabert,
2009; Vicente-Serrano et al., 2020; Martínez et al., 2022; Gutiérrez-
Hernández and García, 2024), which report a general enhancement
of vegetation activity and adaptation to climate change. The few areas
affected by productivity loss are potentially driven by consequences of
land use intensification and extensification. Droughts, loss of soil organic
matter, soil erosion, intensification of irrigated areas in marginal regions,
overexploitation of groundwater resources and salinization of agricultural
fields are examples of land use- and land cover-related processes that
can ultimately lead to land degradation and desertification (Cherlet et al.,
2018; Martínez et al., 2022). Particularly, some areas with negative trends
have been affected by forest fires, which contribute to land degradation
by causing soil erosion, nutrient loss, alterations in soil properties, and

2 of 4 https://www.recentadvancesin.com/remote-sensing-communications/

https://natura2000.eea.europa.eu/
https://www.aemet.es/es/serviciosclimaticos/vigilancia_clima/
https://www.aemet.es/es/serviciosclimaticos/vigilancia_clima/


B. Martínez et al. Recent Advances in Remote Sensing 3 (2025)

Figure 2: Original time series (black line) and inter-annual component (red line)
obtained from the NLE method.

reduced vegetation cover, ultimately leading to a loss of ecosystem
functionality.

On the other hand, the Theil-Sen slope, computed from monthly SPI12
time series, characterizes the direction and statistical significance of the
monotonic trend in the precipitation time series (Figure 4). The inter-
annual GPP trends shown in Figure 3 can be mainly attributed to variations
of precipitation during the same period. Exceptions are found in areas also

Figure 3: Theil-Sen slope (top) and Mann-Kendall significance test (bottom) for the
inter-annual component obtained when the NLE is applied to daily GPP time series.

affected by human activity (land abandonment) or disturbance events,
such as forest fires (the Valencia region in eastern Spain).

Figure 4: Theil-Sen slope for the monthly SPI12 time series. The p−value condition
is relaxed to 0.3 in order to have a larger number of pixels to be compared with the
GPP trend values in Figure 3.

5. Conclusions
The methodology used to infer subtle long-term vegetation changes

from daily GPP at 1-km spatial resolution series over Peninsular Spain
is based on the non-linear Bk−embeding (NLE) method. One of the
advantages of NLE is that it depends on a kappa parameter; by changing
κ we can obtain different temporal components such as the interannual
component. It has made it possible to map significant interannual trends,
which have been related to precipitation variability.
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A clear agreement between GPP and precipitation patterns was
observed, particularly in southeastern Spain, eastern Mediterranean
coastland, and central Spain. Evidence of high vulnerability is confirmed in
southeastern Spain areas where land degradation areas are detected. These
changes are mainly attributed to variations of precipitation as exception of
local areas, which may be affected by human activity or hazards events,
such as forest fires.

It is important to note that it is difficult to directly compare our derived
result with other published results in Spain since the interannual trend is
highly dependent on the length, temporal resolution and starting point of
the time series. The same area may show positive interannual trends if the
time series begins just after a forest fire, or negative trends if it ends with
a forest fire.
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