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Abstract 20 

 21 

Connecting the signals of the vegetative and reproductive cycles of plants using large-22 

scale phenological techniques is not always an easy task, and this complexity increases 23 

considerably when analysing the plant life cycle in grasses, due to the ubiquity and 24 

diversity of this taxonomic family. This work integrates remote sensing techniques 25 

(NDVI from satellite remote sensing data and greenness from near-surface imagery) and 26 

biological-based techniques (airborne pollen monitoring and field observations and 27 

sampling) to analyse phenological patterns and productivity in grass-dominated 28 

vegetation types. We aim to answer two main applied and unanswered questions; i) how 29 

are the specific phases of vegetative and reproductive cycles in grasses linked at the 30 

species and plant community level? and ii) which grass-dominant habitats are the major 31 

contributors of grass pollen emission to the atmosphere at the plant community level? 32 

The multi-scale integration and validation of large-scale methods such as satellite remote 33 
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sensing data and aerobiological monitoring using high-resolution or field phenological 34 

techniques is recommended. The results clearly support the hypothesis that the highest 35 

rates of grass pollen emission are successively produced when the major grass-dominated 36 

vegetation types go through the final phases of vegetative development during their 37 

biological senescence or equivalent phases. At the plant community level, natural and 38 

semi-natural grass-dominated vegetation types, rather than grass cropland habitats, 39 

constitute the major sources of pollen emission. The major contributors to the grass pollen 40 

emission at the species level are also identified. Finally, a positive relationship between 41 

year-to-year primary productivity (measured as annual sum or maximum NDVI) and 42 

pollen production (measured as airborne pollen intensity) was observed at the community 43 

level. This is a very timely study, as the availability of remote sensing data is increasing 44 

interest in generating enhanced forecasting model of allergenic airborne pollen. 45 

 46 
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1 Introduction 54 

 55 

Connecting the signals of plants' vegetative and reproductive cycles is not always an easy 56 

task, and this complexity increases considerably when analysing the plant life cycle in 57 

grasses. The study of the plant life cycle is often based on techniques that analyse the 58 

phases of the reproductive or vegetative cycle independently (Anderegg et al., 2021; Fu 59 

et al., 2015; Meng et al., 2020; Ziello et al., 2012). Recent research has focused on the 60 

link between the two cycles in order to relate the pollen dynamics to the vegetative 61 

patterns of the sources (Bogawski et al., 2019; González-Naharro et al., 2019). Analysing 62 

the connection between reproductive and vegetative cycles in allergenic plants such as 63 

grasses has interesting applications from the point of view of human health (Devadas et 64 

al., 2018; Khwarahm et al., 2017). 65 

 66 

In the analysis of vegetative phenology, remote sensing techniques have provided a 67 

highly efficient tool to study the plant life cycle from the specimen to the plant community 68 

level, as in the analysis of reproductive phenology (Chen et al., 2019). However, there is 69 

some disagreement as to their representativeness, which depends on the geographical 70 

scale of the study and the resolution of the technique (its  ability to analyse plant cycles 71 

at the individual organism or species level) (Dronova and Taddeo, 2022; Gallinat et al., 72 

2021). To resolve this conflict in phenological studies, several recent works have 73 

proposed integrating phenological techniques consisting of direct and indirect 74 

phenological procedures in order to combine the advantages of the different methods of 75 

phenological monitoring (Melaas et al., 2016; Richardson et al., 2018). The phenological 76 

study of the vegetative cycle at the specimen level may be done by means of field 77 

observations and even by remote sensing data at different spatial resolutions, e.g. near-78 

surface digital images or Sentinel-2 remote sensing imagery (Hemmerling et al., 2021; 79 

Richardson, 2019). In all cases it is good practice to validate remote sensing data with 80 

ground observations and measurements (Lugonja et al., 2019; Tian et al., 2021). For 81 

instance, d’Andrimont et al. (2020) used field measurements in croplands to train and 82 

validate remote sensing techniques to estimate flowering phenology. 83 

 84 

From the point of view of the reproductive cycle, the poor resolution of the aerobiological 85 

data at the species level (monitoring of airborne pollen emitted by plants) has made it 86 

difficult to identify the main plants responsible for the release of pollen into the air, 87 
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particularly when the species share the same pollen grain morphology, as in the case of 88 

species in the Poaceae taxonomic family (Romero-Morte et al., 2018). The ubiquitous 89 

nature and wide diversity of grasses has been a major obstacle to the correct interpretation 90 

of the grass pollen curve registered as an indirect biological-based measurement of 91 

reproductive phenology and intensity (Ghitarrini et al., 2017). The interspecific resolution 92 

of the reproductive phenology has frequently been achieved using in situ field 93 

observations of grass species, which is considered to be a direct method of phenological 94 

observations. Phenology has offered a useful complement to aerobiological studies 95 

(Tormo et al., 2011). Molecular techniques have also made it possible to determine the 96 

source of most airborne grass pollen and favoured the interpretation of grass pollen curves 97 

in temperate areas (Brennan et al., 2019). 98 

 99 

Phenological techniques can thus be classified according to their spatial resolution, the 100 

geographical scale covered (Nagai et al., 2016), and the nature of the measurements, and 101 

fall into one of two groups: biological-based techniques (airborne pollen monitoring and 102 

field observations) and remote sensing techniques (satellite and near-surface imagery) 103 

(Figure 1). All these techniques can be combined to analyse phenological data from the 104 

plant species to the landscape level (Morisette et al., 2021). In addition to the phenological 105 

monitoring of plant life cycles, they can also be used to estimate productivity, namely 106 

primary production related to the vegetative cycle, or pollen release as a measurement of 107 

the productivity of the reproductive cycle (Watson et al., 2019; Zhang and Steiner, 2022). 108 

Increasingly, investigation into phenological and productive processes in plants uses 109 

multi-scale platforms which produce robust findings independently of the spatial scale 110 

and the technique used (Li et al., 2022; Moon et al., 2021). 111 

 112 

The grass species that contribute most pollen to the atmosphere are relatively well known 113 

in Mediterranean areas thanks to field observations of the most representative species 114 

carried out in parallel to aerobiological monitoring. There is clear evidence that the main 115 

grass pollen contributors in the Mediterranean region are the ubiquitous species Dactylis 116 

glomerata L. (represented by different subspecies in the Mediterranean area) and Lolium 117 

rigidum Gaudin, various species of the genus Poa, Arrhenatherum or Agrostis, or 118 

Trisetaria panicea (Lam.) Paunero in the West Mediterranean region, among others 119 

(Aboulaich et al., 2009). However, cultivated grasses such as barley (Hordeum distichon 120 

L.) have been shown to be a minor contributor of airborne pollen (Romero-Morte et al., 121 
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2018). Most of these results coincided with the findings of phenological studies in 122 

Mediterranean areas (Ghitarrini et al., 2017; León-Ruiz et al., 2011; Tormo et al., 2011). 123 

 124 

 125 

Figure 1. Multi-scale techniques for monitoring the phenology and productivity of plant vegetative and 126 

reproductive cycles. 127 

 128 

Conversely, little is known of the pollen contribution of vegetation types at the plant 129 

community level. The hypothesis raised in this study is that natural and semi-natural 130 

grass-dominated vegetation types constitute the major sources of pollen emission, rather 131 

than cropland habitats which have not been measured using empirical data at this 132 

organization level. This hypothesis will be tested using a multi-scale phenological 133 

analysis that allows the comparison of vegetative and reproductive phases at different 134 

scales. 135 

 136 

The other main hypothesis of this research concerns the link between vegetative and 137 

reproductive plant cycles in grasses. While this aspect has been studied in the case of 138 

grasslands in temperate climates using satellite remote sensing data and airborne pollen 139 

concentrations (Khwarahm et al., 2017), we believe that these findings should be 140 

cautiously extended to other climate areas such as Mediterranean. Devadas et al. (2018) 141 

reported that even slightly different climates produce diverse patterns of synchrony 142 

between vegetative and reproductive curves. The hypothesis to be tested is that the highest 143 
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rates of grass pollen emission are successively produced when the major grass-dominated 144 

vegetation types are undergoing the final phases of the growing season, when vegetative 145 

development begins to decrease. 146 

 147 

The main objectives of this work are therefore: i) to integrate and validate different 148 

phenological techniques in grasses from the individual organism to the plant community 149 

level, considering biological-based (airborne pollen monitoring and field observations) 150 

and remote sensing techniques (satellite and near-surface imagery); ii) to compare the 151 

phenophases of vegetative development and pollen release for three different grass-152 

dominated vegetation types (rainfed cereal crops, ruderal vegetation and dry grasslands); 153 

and iii) to compare the primary productivity of the vegetative development and pollen 154 

intensity for the same three grass-dominated vegetation types. 155 

  156 
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2 Material and Methods 157 

 158 

2.1 Study area 159 

 160 

This work was carried out in the area around the city of Toledo, Spain (central Iberian 161 

Peninsula). Field phenological observations and digital images were registered in 162 

sampling sites from 0.5 to 9.2 km from the pollen station located in the centre of the study 163 

area in the city of Toledo (Figure 2). The study area belongs to the Mediterranean 164 

macrobioclimate, specifically to the hot-summer Mediterranean climate (Csa) in 165 

transition towards the cold semi-arid climate (BSk), according to the Köppen-Geiger 166 

classification (Kottek et al., 2006). The main vegetation types were mapped, defining 167 

homogeneous polygons at a scale of 1:5,000, from the orthophoto provided by the 168 

Spanish Aerial Orthophotography Plan (PNOA) (Romero-Morte et al., 2018). The main 169 

vegetation and land-use types were mapped in a 20 km radius centred on the pollen 170 

monitoring station, since most airborne pollen is likely to come from the habitats within 171 

this distance (Rojo et al., 2015).  172 

 173 

 174 

Figure 2. Study area, sampling points and map of the main vegetation and land-use types in the area around 175 

the city of Toledo (central Iberian Peninsula). Source: GoogleEarth (c). 176 

 177 
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The most abundant land use in the study area is annual herbaceous cropland (59.4% of 178 

the study area), mainly rainfed cereal crops but also irrigated annual crops on the banks 179 

of the Tagus river. Woody cropland accounts for 11.4%. Ruderal plant communities cover 180 

4.4% of the study area on abandoned arable land and suburban areas. The rest of the 181 

vegetated areas are covered by natural vegetation, mostly forests, shrublands and dry 182 

grasslands, accounting for 18.9% of the area studied (Figure 2). The main grass-183 

dominated vegetation types in the territory are cereal crops, ruderal vegetation and dry 184 

grasslands. 185 

 186 

2.2 Characterisation of the grass plant communities 187 

 188 

The main grass-dominated vegetation types analysed in this work (cereal crops, ruderal 189 

vegetation and dry grasslands) were classified and characterised using the common 190 

phytosociological technique based on the composition and abundance of species (Braun-191 

Blanquet, 1979). Table S1 and S2 of the Supplementary Material includes 12 vegetation 192 

plots to analyse the floristic composition of the vegetation types. These plots were 193 

registered in the locations where near-surface images were taken to characterise the 194 

vegetation in these specific sites (section 2.3.3). A non-metric multidimensional scaling 195 

(NMDS) method was used to ordinate the vegetation plots and characterise the most 196 

abundant grass species by vegetation type. NMDS ordination was also applied to define 197 

the pollen contribution gradient by vegetation type based on the inverse of the difference 198 

in days between the maximum date of the vegetative and reproductive cycles (section 199 

2.4). The goodness of fit of the NMDS ordination was evaluated by the stress value and 200 

the coefficient of determination (R2) (Figure S1 of the Supplementary Material). 201 

 202 

2.3 Phenological techniques 203 

 204 

This research proposes the integration of various phenological techniques based on both 205 

the vegetative and reproductive phases of the plant life cycle, and different spatial scales, 206 

both regional and site-specific (Figure 1). All these techniques were applied in 207 

combination to achieve the main objectives of this work. 208 

 209 

2.3.1 Near-surface image recording (vegetative phenology at the site-specific scale) 210 

 211 
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The vegetative phenology was studied at the site-specific scale using digital images 212 

recorded weekly in five locations in the study area (Figure 2), and with two subplots 213 

studied in three of them (Figure S2, Supplementary Material). Digital images were taken 214 

weekly from early March to late June 2016 using a NIKON D5100 digital camera. All 215 

the images were taken with a northerly orientation to avoid sun distortion and strictly at 216 

the same point, and all with the same manual specifications (shutter speed, aperture, ISO 217 

value, white balance, etc.). A sequence of images was obtained from the specific 218 

locations, which were then analysed to determine the vegetative phenology indices from 219 

the digital colour values of each images. 220 

 221 

The phenology index calculated in this study was the green chromatic coordinate (GCC) 222 

based on RGB colours; this is a measure of the greenness from the total brightness and  223 

its detailed calculation is described by Filippa et al. (2016). The data in the digital images 224 

was automatically filtered to remove sources of noise in the vegetation indices (bad 225 

weather conditions, biases, bad exposition, etc.) using the 'phenopix' R package, which 226 

can be consulted for more details on the image processing (Filippa et al., 2016). 227 

 228 

Before extraction the vegetation indices, the specific Region of Interest (ROI) was 229 

delineated in each image. ROIs of the specific locations studied are shown in Figure S2 230 

(Supplementary Material). The GCC was computed from the mean digital numbers across 231 

the entire ROI. A mathematical function was then fitted to the GCC curve using a double 232 

logistic model defined by Klosterman et al. (2014). Another method of fitting the GCC 233 

curve proposed by Elmore et al. (2012) was applied to demonstrate that the findings are 234 

not dependent on the selection of the method (the results of the Elmore fitting method are 235 

shown in Supplementary Material, Figure S3 and S4). This function is used to extract the 236 

phenophases as dates with different ecological meanings within the plants' vegetative 237 

cycle, equivalent to the stages in the growing season. Two approaches were followed in 238 

the phenological extraction, i) the trs method to define the start of season sos, end of 239 

season eos, peak of season position pop; and ii) the Klosterman method which defines 240 

greenup (vegetative activation), maturity (maximum vegetative development), 241 

senescence (decrease in vegetative activity), and dormancy (end of the growing season 242 

and latency). The fitting methods and the phenophase extraction methods are clearly 243 

explained and compared in Filippa et al. (2016). This publication supports the 'phenopix' 244 

R package which was used to analyse the images in this work. 245 
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 246 

2.3.2 Remote sensing data analysis (vegetative phenology at the regional scale) 247 

 248 

The vegetative phenology was also studied at the regional scale in the entire area of grass-249 

dominated vegetation types in the study area using the Normalized Difference Vegetation 250 

Index (NDVI) for the period 2014-2021. The NDVI was provided by the Copernicus 251 

Global Land Service (https://land.copernicus.eu/global/products/ndvi) in two versions 252 

derived from PROBA-V and Sentinel-3 data. This source provides the NDVI from 253 

corrected and composed satellite images with a spatial resolution of 300x300 m. The 254 

NDVI was compiled from the Copernicus Global Land Service using satellite images 255 

taken over 10-day periods, so the middle day of these periods was used as the reference 256 

time of each NDVI map. Linear interpolation methods were used to generate a NDVI 257 

curve based on daily resolution, and checking filters and outlier removal techniques were 258 

applied to reduce the noise of the NDVI time-series (e.g. presence of clouds) with the 259 

'phenofit' R package (Kong et al., 2022). 260 

 261 

Only 300x300 m pixels with at least 90% cover of each grass-dominated vegetation units 262 

(rainfed cereal crops, ruderal vegetation and dry grasslands) were selected for the NDVI 263 

analysis. The 'exactextractr' R package (Baston, 2016) was used to extract specific pixels 264 

from the vectorial masks derived from vegetation mapping (section 2.1). Since only the 265 

study of rainfed crops within the agricultural unit is relevant in this work, one more filter 266 

was applied to remove the interference of common irrigated summer crops such as maize 267 

crops, or temporary fallow fields showing unusual NDVI curves. This filter was based on 268 

an algorithm to remove pixels in each year's analysis that did not have a good fit with the 269 

usual behaviour of NDVI curves, e.g. the maximum NDVI for March (spring) did not 270 

reach the value of the 1st quartile for all pixels, or the maximum NDVI for July (summer) 271 

exceeded the value of the 3rd quartile for all pixels. 272 

 273 

The phenological parameterisation of the NVDI curves was performed in the same way 274 

as the GCC curves of the near-surface images (section 2.3.2). The NDVI curves were 275 

modelled and smoothed with the Klosterman fitting method (in addition to the Elmore 276 

fitting, as shown in Supplementary Materials, Figures S3 and S4); and trs and Klosterman 277 

method were used for phenological extraction. 278 

 279 
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2.3.3 Field observations (reproductive phenology at the site-specific scale) 280 

 281 

Flowering phenology was recorded between early March and late June 2016 in parallel 282 

with the record of near-surface images (Figure 2). Phenological observations were made 283 

for 25 individuals of each grass species at ten sampling locations in and around the city 284 

of Toledo (more information about sampling locations in Supplementary Material, Table 285 

S3). The flowering phenophase was studied in a total of 21 grass species selected: 286 

Aegilops geniculata Roth AeGe, Arrhenatherum album (Vahl) Clayton ArAl, Avena 287 

barbata Link AvBa, Avena sterilis L. AvSt, Bromus diandrus Roth BrDi, Bromus 288 

hordeaceus L. BrHo, Bromus rubens L. BrRu, Bromus tectorum L. BrTe, Cynosurus 289 

elegans Desf. CyEl, Dactylis glomerata L. subsp. hispanica (Roth) Nyman DaHi, 290 

Echinaria capitata (L.) Desf. EcCa, Hordeum distichon L. HoDi, Hordeum murinum L. 291 

subsp. leporinum (Link) Arcang. HoLe, Lolium rigidum Gaudin LoRi, Macrochloa 292 

tenacissima (L.) Kunth MaTe, Melica ciliata L. magnolii (Gren. & Godr.) Husn. MeCi, 293 

Rostraria cristata (L.) Tzvelev RoCr, Stipa capensis Thunb. StCa, Triticum aestivum L. 294 

TrAe, Trisetaria panicea (Lam.) Paunero TrPa, Vulpia bromoides (L.) Grey VuBr. The 295 

taxonomic nomenclature for grasses was proposed by Romero-Zarco (2015). 296 

 297 

Phenological observations were recorded using the phenophases for the flowering period 298 

defined by the international BBCH scale (Meier, 1997), from the date when the first 299 

anthers were visible (BBCH 61, start of flowering) to the date when all anthers were 300 

dehydrated (BBCH 69, end of flowering). The number of species studied varied for each 301 

sampling location depending on the presence of the grass species. Phenological data were 302 

processed using principal factor analysis to reduce dimensionality, yielding one 303 

phenological value for each species independently of the number of sites where the 304 

species was sampled. One principal component was considered since only the first 305 

component of the factor analysis accounted for over 90% of variance. The procedure for 306 

reducing phenological dimensionality is described in Rojo et al. (2017). 307 

 308 

2.3.4 Aerobiological sampling (reproductive phenology at the regional scale) 309 

 310 

Aerobiological sampling was carried out in the city of Toledo (central Spain) during the 311 

period 2014-2021. Airborne grass pollen was recorded continuously throughout the entire 312 

study period following the standardised aerobiological protocol proposed by the 313 
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International Association for Aerobiology (Galán et al., 2014; Oteros et al., 2013).  The 314 

Hirst-type volumetric trap is located on the rooftop of the Campus of the University of 315 

Castilla-La Mancha (39° 51′ 55″N, 4° 2′ 31″W) in the middle of the study area (Figure 316 

2). The complete aerobiological protocol consists of the collection of samples and 317 

preparation, identification and counting of the pollen grains in order to determine the 318 

daily number of grass pollen grains per cubic meter of air. The daily pollen concentrations 319 

throughout the year were added to obtain the annual pollen amount (Annual Pollen 320 

Integral, APIn). The aerobiological time series were managed using the 'AeRobiology' R 321 

package (Rojo et al., 2019) implemented in R Software (R Core Team, 2022). 322 

 323 

2.4 Data analysis 324 

 325 

The data were analysed to compare the different phenological techniques and the 326 

vegetative and reproductive phases. The vegetative phenological phase that best matched 327 

the maximum pollen peak was evaluated and selected to assess the synchronisation 328 

between vegetative and reproductive cycles (Figure 3). The difference in days between 329 

the date of eos or senescence and the date of the maximum pollen peak was used to 330 

measure the influence of the vegetation types on the pollen contribution to the air. This 331 

was then statistically compared using a pairwise post-hoc test to determine the difference 332 

in variance (ANOVA). In addition, the variable for the inverse of the difference between 333 

the date of maximum pollen release (peakrep) and the date of the end of the vegetative 334 

season (eosveg) was used as an additional gradient for the ordination of the vegetation 335 

plots according to their floristic composition (1/Abs[peakrep-eosveg]). The influence of the 336 

productivity of the vegetation cycle was compared with pollen intensity. Thus, the sum 337 

and maximum value of the NDVI curve for each vegetation type during the months of 338 

January to July were related to the year-to-year annual pollen amounts.  339 
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3 Results 340 

 341 

The definition of the vegetative phenophases in this work followed two approaches 342 

described in the methods, as both techniques fitted well with the concept of connection 343 

between the signals of the vegetative and reproductive cycle. Figure 3 shows an example 344 

of the connection between the vegetative development in dry perennial grasslands and 345 

grass pollen release in the central Iberian Peninsula as an indicator of reproductive 346 

development. It can be seen that the vegetative activation (known as greenup or sos -start 347 

of season- respectively depending on the definition method) began in late March or early 348 

April, and the vegetative development reached its maximum value (pop -peak of season-349 

) coinciding with the first lower peaks of airborne pollen. The final phases of vegetative 350 

development (maturity, onset of senescence and eos -end of season-) were then matched 351 

with the maximum pollen peaks. Figure 3 is useful for understanding the relationship 352 

between the different phases of vegetative and reproductive development in grasses; it is 353 

however a simplification, as the aerobiological curve represents the reproductive 354 

phenology of grasses for a wide territory while the vegetative curve is based on the 355 

analysis of images for a specific site (Figure 2). 356 

 357 

 358 

Figure 3. Example of the link between the vegetative development of dry grasslands (black curves) and 359 

the specific stages of reproductive development based on airborne pollen emission (blue bars). Two 360 
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methods of phenophase extraction were used to analyse near-surface images: the Klosterman threshold 361 

method based on the greenup, maturity and senescence stages (A); and trs threshold method based on the 362 

start of season sos, peak of season position pop and end of season eos stages (B); using the Elmore fitting 363 

method in both cases. Also, the Klosterman threshold method (C) and trs threshold method (D), were 364 

applied using the Klosterman fitting method; thus, considering different combinations of fitting the curve 365 

and threshold definition (Filippa et al., 2016). 366 

 367 

An in-depth analysis was applied to the three main vegetation types dominated by grass 368 

species in the study area, used for the integration of phenological techniques (Figures 4-369 

6). In these figures, the phenological link between vegetative and reproductive phases 370 

was analysed using techniques at the regional level (satellite images and aerobiological 371 

monitoring) and site-specific samplings (near-surface images and field observations) to 372 

interpret the phenological process at the plant community and species level. 373 

 374 

The beginning of the senescence and eos stages of vegetative development extracted from 375 

the near-ground image analysis in site-specific rainfed cereal crops exactly matches the 376 

flowering period of the almost exclusively dominant species Hordeum distichon and 377 

Triticum aestivum (barley and wheat). The monospecific character of these crops makes 378 

it possible to reliably establish this correspondence. This flowering period coincides with 379 

very low early grass pollen peaks in April and early May (Figure 4). The NDVI of the 380 

cereal crops at the regional level showed more prolonged final stages of the vegetative 381 

cycle of grasses and matched the blooming of late-flowering grass species such as Avena 382 

sterilis and Lolium rigidum, weed species commonly associated with crops. In any case, 383 

most pixels in this land use complete their vegetative process before the peaks of the grass 384 

pollen curve. 385 

 386 
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 387 

Figure 4. Full integration of phenological techniques in rainfed cereal crops in 2016 based on the analysis 388 

at the regional level (satellite images in the top panel and aerobiological monitoring in the middle panel, 389 

orange curve) and site-specific samplings (near-surface images in the middle panel, blue and purple curves, 390 

and site-based flowering observations in the bottom panel). Numbers above vertical lines correspond to the 391 

day of the year for each phenophase. Abbreviations of grass species are indicated in section 2.3.3. 392 

 393 

The highly diverse floral composition of ruderal vegetation (Supplementary Material, 394 

Table S1) makes it difficult to establish a clear relationship between the degree of 395 

vegetative maturity and the flowering period of the species (Figure 5). As a consequence, 396 

the NDVI curve at the regional level shows a high quantile difference caused by the wide 397 

spatial variability. The stage of senescence and eos coincided with the flowering of annual 398 

grass species such as Lolium rigidum, Aegilops geniculata or Trisetaria panicea; and 399 

perennial species such as Melica ciliata subsp. magnolii and Dactylis glomerata subsp. 400 

hispanica. The flowering period of early species (genus Vulpia, Bromus, Hordeum, 401 
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Avena) masks the near-ground image signal of these communities, as a succession of 402 

grass development occurs between early-flowering species (March-April) and late-403 

flowering species (May-June) in the same place throughout the season. The blooming of 404 

late-flowering species that marks the onset of the senescence and eos stages matches the 405 

highest peaks of the grass pollen curve in early June 2016. 406 

 407 

 408 

Figure 5. Full integration of phenological techniques in ruderal vegetation in 2016 based on the analysis at 409 

the regional level (satellite images in the top panel and aerobiological monitoring in the middle panel, 410 

orange curve) and site-specific samplings (near-surface images in the middle panel, green curves, and site-411 

based flowering observations in the bottom panel). Numbers above vertical lines correspond to the day of 412 

the year for each phenophase. Abbreviations of grass species are indicated in section 2.3.3. 413 

 414 

Finally, dry perennial grasslands are also very diverse; these are open habitats frequently 415 

in transition towards ruderal vegetation or natural forests in the territory (Figure 2, Table 416 
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S2 Supplementary Material). However, in this case a lower interquartile range can be 417 

observed in the NDVI at the regional level as a result of the synchrony between the pixels 418 

with this vegetation type (Figure 6). The senescence and eos phases in the vegetative 419 

development of the site-specific images matched the flowering period of the main 420 

perennial species of the plant community. This period also coincided with the most 421 

intense pollen peaks in the aerobiological curve (Figure 6). 422 

 423 

 424 

Figure 6. Full integration of phenological techniques in dry grasslands in 2016 based on the analysis at the 425 

regional level (satellite images in the top panel and aerobiological monitoring in the middle panel, orange 426 

curve) and site-specific samplings (near-surface images in the middle panel, red curves, and site-based 427 

flowering observations in the bottom panel). Numbers above vertical lines correspond to the day of the year 428 

for each phenophase. Abbreviations of grass species are indicated in section 2.3.3. 429 

 430 
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Figure 7 shows the analysis of the floristic composition for the three main grass-431 

dominated vegetation types considered. Two main groups of habitats can be differentiated 432 

according to the lifeform of the dominant species. First, perennial grasslands on dry 433 

slopes in the territory related with the transitional stages of forests are assigned to the 434 

vegetation class Lygeo-Stipetea Rivas-Martínez 1978, according to the syntaxonomical 435 

classification (Rivas-Martínez et al., 2002). This vegetation type showed the dominance 436 

of Macrochloa tenacissima and was commonly accompanied by Arrhenatherum album 437 

or Dactylis hispanica (see Table S2 in Supplementary Material for the complete list of 438 

species in addition to grasses). Second, annual grass-dominated vegetation is assigned to 439 

the vegetation class Stellarietea mediae Tüxen, Lohmeyer & Preising ex von Rochow 440 

1951, and is characterised by weeds and cereal crops (Centaureetalia cyani Tüxen ex von 441 

Rochow 1951), and synanthropic ruderal vegetation (Thero-Brometalia (Rivas Goday & 442 

Rivas-Martínez ex Esteve 1973) O. Bolòs 1975). 443 

 444 

Ruderal plant communities in suburban and synanthropic areas are represented by a wide 445 

diversity of grasses and other species (see Table S1 in Supplementary Material). The most 446 

common genera in the most abundant annual species are Bromus, Hordeum, Avena, 447 

Aegilops and Trisetaria, and this type of vegetation is also often accompanied by 448 

perennial grasses such as Dactylys hispanica or Melica magnolii (sometimes dominating 449 

several dynamic phases of the community) which are not exclusive to dry perennial 450 

grasslands. Dry perennial grasslands are frequently colonized by a large number of 451 

ruderal species in very open and disturbed spaces. Clearly differentiated human-managed 452 

habitats are rainfed crops which are dominated by barley (Hordeum distichon) or wheat 453 

(Triticum aestivum) and sparsely accompanied by weeds of the genus Lolium or Avena 454 

(Figure 7, the goodness of fit of the NMDS ordination is shown in Figure S1 of the 455 

Supplementary Material). 456 

 457 

The ordination analysis of the species and vegetation types shown in Figure 7 allowed us 458 

to establish the pollen contribution gradient for each vegetation type based on the inverse 459 

of the difference between the date of maximum pollen release and the date of the end of 460 

vegetative season. According to the results, dry grasslands showed the least difference 461 

between the eos stage and the maximum pollen peak, while annual crops had the greatest 462 

difference between their vegetative and reproductive stages. The coincidence between 463 
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both stages, eos and maximum pollen peak, has been validated at the local spatial scale 464 

when different phenological techniques are analysed together (Figures 4-6). 465 

 466 

 467 

Figure 7. Non-metric multidimensional scaling to classify and characterise grass-dominated vegetation 468 

types based on the floristic composition of vegetation plots in the sites where the near-surface images were 469 

recorded (Tables S1 and S2, Supplementary Material). The pollen contribution of these vegetation plots 470 

was estimated as the inverse of the difference between the date of the peak pollen concentration (peakrep) 471 

and the date of the end of season (eosveg). 472 

 473 

The complete time series of the vegetative development (NDVI derived from satellite) 474 

for each vegetation type and the airborne pollen concentrations during the period 2014-475 

2021 is shown in Figure 8. In general, the pollen release stage in the grass reproductive 476 

cycle occurs immediately after or at the same time as the phenological phases of the end 477 

of the vegetative period (eos and onset of senescence). The maximum vegetative 478 
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development (pop) occurs before this phenomenon. Although the phenological sequence 479 

in grasses is the same year to year, it does not occur during the same period of the year. 480 

Figure 8 shows the interannual variability in phenology. Specifically, the maximum 481 

pollen release was recorded the on the day of the year (DOY) 143 ± 10 days (22 May). 482 

During the period 2014-2021, the peak pollen date ranges from 6 May in 2019 to 6 June 483 

in 2016, hence a range of one month between the year with the earliest and latest peaks 484 

(Figure S5 shows the influence of seasonal temperature and precipitation on the 485 

phenological occurrence of pollen peaks). 486 

 487 

 488 

Figure 8. Year-to-year correspondence between the grass pollen curve (orange line) and vegetative 489 

development extracted from the normalized difference vegetation index (NDVI in blue, green and red, 490 

respectively; the line corresponds to the median and the area to the interquartile range) based on satellite 491 

data (maturity and senescence phases according to Klosterman method; peak of season position pop and 492 

end of season eos phases according to trs method) during the period 2014-2021. Vegetation indices have 493 

been extracted for the vegetation types: rainfed cereal crops (A), ruderal vegetation (B) and dry grasslands 494 

(C). Outliers were omitted from the boxplot analysis. 495 
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 496 

Phenological differences were observed for the three main grass-dominated vegetation 497 

types analysed during the entire period 2014-2021 at the regional level (NDVI satellite 498 

data). In general, the final phenophases of vegetative development (senescence and eos) 499 

for rainfed cereal crops and ruderal vegetation were observed earlier than for dry 500 

grasslands (Figure 9A). These results signify that the difference in days between the 501 

maximum pollen peak in the air and the senescence and eos of the vegetative cycle is 502 

lower in dry grasslands than in other grass-dominated vegetation types, implying a greater 503 

coincidence between vegetative and reproductive cycles (Figure 9). Statistical differences 504 

were observed between the phenology of dry grasslands compared to the other vegetation 505 

types (F = 116.2, p < 0.001 and F = 241.8, p < 0.001 for eos and senescence stages, 506 

respectively). 507 

 508 

Beyond the phenological comparison, although non-significant results were obtained in 509 

the comparison of the intensity features (productivity), a positive relationship was 510 

observed between the annual production of the vegetative development (sum of daily 511 

NDVI) and the annual production of the reproductive development (sum of daily pollen 512 

concentrations) (Figure 9B). The interannual comparison shows a similar positive 513 

relationship between the pollen amount released and the sum of NDVI for the three gras-514 

dominated vegetation types. A comparable relationship was observed with the maximum 515 

NDVI attained during the year (Figure 9). 516 

 517 
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 518 

Figure 9. Relationship between vegetative and reproductive development based on the difference in days 519 

between the maximum pollen peak and vegetative phases (eos and senescence) (A); and the interannual 520 

relationship based on the comparison between the annual sum or maximum value of NDVI (productivity) 521 

and annual pollen amount (B). Outliers were omitted from the boxplot analysis. Levels of significance: *** 522 

p < 0.001. 523 

 524 

  525 
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4 Discussion 526 

 527 

There are numerous recent examples of multi-scale studies of the plant life cycle (e.g., Li 528 

et al., 2022; Liu et al., 2017; Morisette et al., 2021). The proliferation of this research is 529 

due to two main reasons: i) the integration of several phenological techniques at different 530 

spatial scales combines the advantages of the different methods and achieves the 531 

objectives of the research by producing more robust findings; and ii) coarser remote 532 

sensing data and the non-specific level of aerobiological monitoring can be calibrated and 533 

validated by very high-resolution information or even field observations, obtaining a 534 

straightforward relationship between the measurements of indirect methods and direct 535 

observation-based biological processes. 536 

 537 

Our study was based on techniques characterised by a spatial scale ranging from the 538 

landscape level (satellite remote sensing data and aerobiological sampling) to the plant 539 

species level (field observations and samplings). Techniques at an intermediate spatial 540 

scale were also incorporated (near-surface digital images) as a transition stage of the 541 

analysis at the plant community level. The comparison of the information from all these 542 

phenological techniques together revealed some interesting results (Figures 4-6). A 543 

common pattern was found when the measurements were compared, although there were 544 

differences between the three grass-dominated vegetation types, as discussed in detail 545 

below. 546 

 547 

First, both the indexes for measuring vegetative development -namely NDVI from 548 

satellite remote sensing data and greenness from near-surface digital images- were 549 

complementary, as they represent the vegetation growth at the plant community level 550 

using equivalent spectral sources with similar biophysical correspondence (Zeng et al., 551 

2020). Near-surface digital images allow a more specific phenological extraction and 552 

enable the floristic composition to be monitored (Watson et al., 2019), as in this study. 553 

However, satellite remote sensing data produces more generalised results with which to 554 

obtain robust conclusions for a larger territory at the landscape level (Ren et al., 2020; 555 

Yuan et al., 2020). In addition, reproductive behaviour such as pollen production and 556 

emission were studied by monitoring the airborne pollen levels at the regional scale, 557 

complemented by field observations of the flowering period at the species level. This 558 
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integrative technique has previously been successfully applied in the central Iberian 559 

peninsula (Rojo et al., 2017; Romero-Morte et al., 2018). 560 

 561 

Perhaps the most interesting finding in the integration of all the phenological techniques 562 

is the way in which certain phases of the vegetative and reproductive cycles in 563 

Mediterranean grasslands are linked, specifically with the rates of pollen emission at the 564 

plant community level. The results of this work clearly support the hypothesis that the 565 

highest rates of grass pollen emission are successively produced when the major grass-566 

dominated vegetation types go through the final phases of vegetative development during 567 

their biological senescence or equivalent phases. In fact, the date of the end of the growth 568 

season (eos stage) in dry grasslands closely matched the airborne pollen peak. This 569 

behaviour in grasslands and crops in Mediterranean areas is not shared by grasslands in 570 

other climate areas. Seasonal synchrony with coinciding peak dates was observed 571 

between vegetation indices and pollen seasons for grasses in France and the UK under a 572 

temperate climate (Devadas et al., 2018; Khwarahm et al., 2017). However, Devadas et 573 

al. (2018) also documented a less synchronous pollen curve with the vegetation index 574 

curve, possibly due to a different floristic composition in temperate Australian sites, 575 

which also determined the behaviour of the pollen dynamics (Medek et al., 2016). 576 

 577 

In view of these results, we recommend the use of high-resolution or field phenological 578 

techniques to validate the occurrence of the pollen season parameters using satellite 579 

observations of vegetation growth (Camps-Valls et al., 2021; Lugonja et al., 2019). Only 580 

in this way can we gain a profound understanding of the phenological behaviour at the 581 

plant community level using empirical results. Beyond the plant community level, the 582 

complexity considerably increases at the species level. The results show a wide range of 583 

grass species with diverse flowering times, from early-flowering species blooming from 584 

mid-March to early May, and late-flowering species blooming from early May to mid-585 

June (this range was observed in 2016, but was described as a general pattern for the 586 

territory (Romero-Morte et al., 2018)). This pattern is also similar to those described in 587 

other areas of the Mediterranean region (Tormo et al., 2011), meaning that the flowering 588 

period of the various grass species occurs in different stages of the vegetative 589 

development estimated using spectral indices, and the flowering of late-flowering species 590 

is associated with the end of the growth season. Nevertheless, the vegetative curve will 591 
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be shaped by the floristic composition of the vegetation types (not only grasses), and 592 

mainly by the dominant species. 593 

 594 

The three vegetation types considered in this study (rainfed cereal crops, ruderal 595 

vegetation and dry perennial grasslands) were studied from a floristic point of view to 596 

analyse their phenological patterns. The most common grass species in each vegetation 597 

type were then characterised by means of an ordination of the vegetation plots. The pollen 598 

contribution of each vegetation plot was estimated using the principles described in regard 599 

to the difference between the pollen peak and the eos stage. An airborne pollen 600 

contribution gradient was thus revealed at the plant community, from rainfed cereal crops 601 

(the lowest) to dry perennial grasslands (the highest) based on the synchrony between 602 

their vegetative and reproductive cycles (pollen release) (Figure 7). This is the first 603 

evidence to support the hypothesis that natural and semi-natural grass-dominated 604 

vegetation types, as opposed to cropland habitats, constitute the major sources of pollen 605 

emission. This finding has important clinical implications, as the distance and abundance 606 

of pollen-contributing habitats is a highly significant factor in pollen exposure for grass 607 

allergy sufferers (Hjort et al., 2016). But also, this finding has relevance from an 608 

ecological point of view. Diet quality of pollinators depends on the pollen production and 609 

diversity of the vegetation since pollen is a major source of protein and lipids for many 610 

pollinators (Nicholls and Hempel de Ibarra, 2017; Vaudo et al., 2016). Although Poaceae 611 

family mainly comprises wind-pollinated and non-nectariferous species with protein-612 

poor pollen, the results of this and similar works are an essential tool for assessing the 613 

loss of pollen availability in ecosystems due to land-use transformation. Large surfaces 614 

covered by monospecific cereal crops reduce considerably the diversity and abundance 615 

of wild plant species in favour of the dominance of mainly self-fertile and cleistogamous 616 

cultivars (Thom et al., 2018). The effect of the agriculture expansion process on 617 

pollinators is evidenced by the reduction of honey yield related to soybean expansion in 618 

South America which has been hypothesised as the origin of an environmental and 619 

beekeeping crisis in Argentina by de Groot et al. (2021). 620 

 621 

The satellite remote sensing time-series during the period 2014-2021 confirmed the 622 

results of greater pollen emission of natural and semi-natural grasslands (Figures 8-9). 623 

The year-to-year difference in days between the maximum pollen peak and the eos stage 624 

or senescence was generally lower for dry grasslands than for cereal crops and ruderal 625 
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vegetation, which showed similar behaviour. As discussed, it is clear that although the 626 

phenological pattern at the plant community level depends on the specific floristic 627 

composition (Cebrino et al., 2018; Hess et al., 2022), the requirements of the plant species 628 

are related to a specific ecological range. Another important finding of this research was 629 

that the highest pollen contribution was associated to perennial grass species 630 

characterising dry perennial grasslands such as Macrochloa tenacissima and 631 

Arrhenatherum album. An important indicator of pollen production and emission is the 632 

ubiquitous species Dactylis glomerata L. (Yan et al., 2016), which has been reported to 633 

be the main contributor of airborne pollen at the species level in studies in both 634 

Mediterranean and Temperate areas (Frisk et al., 2021; Ghitarrini et al., 2017; Kmenta et 635 

al., 2017). Several coinciding features determine the importance of this species, such as 636 

its small grain size and high buoyancy in the air, high pollen production and considerable 637 

abundance in natural grasslands, not only limited to this habitat (Romero-Morte et al., 638 

2018; Tormo-Molina et al., 2015). Several perennial grasses and other important pollen 639 

contributors such as Trisetaria panicea are also well represented in ruderal and peri-urban 640 

vegetation. 641 

 642 

Another important feature of plant life cycles in addition to timing is productivity (Zani 643 

et al., 2020). Primary productivity from vegetation growth is indirectly estimated from 644 

remote sensing data, and flowering intensity from plants is indirectly estimated from 645 

aerobiological monitoring at the regional level (Anderegg et al., 2021; Camps-Valls et 646 

al., 2021). The question raised is whether higher primary productivity is linked to higher 647 

pollen production and release in grasses. In this case the research linking both vegetative 648 

and reproductive production is very scarce, and mainly based on phenological features 649 

(Bogawski et al., 2019; Khwarahm et al., 2017; Li et al., 2022). Verstraeten et al. (2019) 650 

documented how the gross primary productivity of birches partially explained the 651 

interannual variability in pollen production, as implemented in forecasting models. 652 

However, this relationship was not observed year by year, while birch pollen production 653 

reacted to the primary productivity in previous years. 654 

 655 

While the life cycle of spring-flowering trees in temperate latitudes depends on the 656 

environmental conditions in previous years (Picornell et al., 2019), the life cycle of 657 

herbaceous lifeforms reacts faster to the environment (Garnier, 1992). A relationship has 658 

been experimentally demonstrated between the biomass of vegetative plant parts and 659 
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flower production, although in any case the two factors are not mutually exclusive 660 

(Jongejans et al., 2006). We hypothesise that the connection between primary 661 

productivity (measured as annual sum or maximum NDVI) and pollen production in 662 

grasses is positive, although a longer sequence of years would produce stronger 663 

conclusions. This relationship is obvious for annual grasslands and crops, but has also 664 

been observed in our results for dry perennial grasslands with the same intensity and 665 

direction as in other vegetation types. The lower variability of the vegetation indices for 666 

dry grasslands most strongly determines the relationship between annual NDVI and 667 

annual pollen amounts in grasses. Previous research has compared crop production, 668 

another indicator of the reproductive cycle, with vegetation indices from satellite remote 669 

sensing data in croplands (Qader et al., 2018). 670 

  671 
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5 Conclusions 672 

 673 

Remote sensing techniques are a very useful tool to study the plant cycle from the plant 674 

species to the plant community level. Integrative approaches with techniques at different 675 

spatial scales allow the results of research in phenology and productivity to be generalised 676 

in a highly efficient way. These findings have important implications in the predictive 677 

models of pollen exposure from allergenic taxa as they focus on the sources of grass 678 

exposure, but also the findings are relevant as tool for assessing the loss of pollen 679 

availability in ecosystems due to land-use transformation. This is therefore a very timely 680 

study, as remote sensing data is increasing interest in generating enhanced forecasting 681 

model of systems for monitoring airborne allergenic pollen. However, the link between 682 

the vegetative and reproductive phases of the plant life cycle is not well known, and is 683 

frequently established based on arbitrary criteria and poorly founded assumptions. The 684 

results of this study represent a step forward in the modelling of grass pollen in 685 

Mediterranean areas using remote sensing techniques. This work has answered the two 686 

main questions raised in the objectives, thus we have demonstrated that, i) the highest 687 

rates of grass pollen emission (reproductive cycle) are successively produced when the 688 

major grass-dominated vegetation types go through the final phases of the vegetative 689 

development (vegetative cycle) in Mediterranean grasslands, and ii) natural and semi-690 

natural grass-dominated vegetation types constitute the major source of grass pollen 691 

emission rather than cropland habitats. The results highlight the importance of validation 692 

and calibration large-scale methods using high-resolution remote sensing or field 693 

samplings. Finally, longer time series are required to obtain more solid conclusions in 694 

regard to the link between primary productivity and pollen production in large-scale 695 

studies at the plant community level. 696 
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