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Abstract: Measuring and monitoring tree diversity is a prerequisite for altering biodiversity loss 

and the sustainable management of forest ecosystems. High temporal satellite remote sensing, 

recording difference in species phenology, can facilitate the extraction of timely, standardized and 

reliable information on tree diversity, complementing or replacing traditional field measurements. 

In this study, we used multispectral and multi-seasonal remotely sensed data from the Sentinel-2 

satellite sensor along with geodiversity data for estimating local tree diversity in a Mediterranean 

forest area. One hundred plots were selected for in situ inventory of tree species and measurement 

of tree diversity using the Simpson’s (D1) and Shannon (H’) diversity indices. Four Sentinel-2 scenes 

and geodiversity variables, including elevation, aspect, moisture, and basement rock type, were 

exploited through a random forest regression algorithm for predicting the two diversity indices. 

The multi-seasonal models presented the highest accuracy for both indices with an R2 up to 0.37. In 

regard to the single season, spectral-only models, mid-summer and mid-autumn model also 

demonstrated satisfactory accuracy (max R2 = 0.28). On the other hand, the accuracy of the spectral-

only early-spring and early-autumn models was significant lower (max R2 = 0.16), although it was 

improved with the use of geodiversity information (max R2 = 0.25). 

Keywords: biodiversity; earth observation; multispectral; Mediterranean forest habitats; Random 

Forest 

 

1. Introduction 

Starting from the 1990s, there has been an international recognition and a sense of urgency for 

natural capital conservation and altering of the accelerating biodiversity loss observed during the 

past 50 years [1]. Multiple conservation actions have been designed and implemented from local to 

global scales during the last few decades, but the rate of biodiversity loss and degradation of 

ecosystems is not slowing [2,3]. The problems associated with biodiversity loss are pronounced in 

the fragile Mediterranean-type ecosystems. 

The Mediterranean area has been characterized as a biodiversity hotspot [4] due to its high 

floristic richness and distinguished endemism; both attributes reveal the important biogeographical 

peculiarities existing in a relative limited areal extent [5,6]. The current levels of Mediterranean 
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biodiversity are a result of the distinct natural (scarce water resources, temperature and precipitation 

seasonality, geology, topography) and cultural (human interaction/disturbances from human 

presence) characteristics of the Mediterranean region [7–9]. 

In particular, Mediterranean forests harbor most of the area’s terrestrial biodiversity, hosting 

over 25,000 species of vascular plants [10]. Tree species richness and diversity in these ecosystems, as 

well as a high degree of endemism, which is evidenced by the presence of 201 endemic taxa (species 

and subspecies) [7], play a crucial role in supporting forest biodiversity. Accordingly, it is an 

important factor for ecosystem functioning, productivity and provision of multiple ecosystem 

services [11,12]. Yet, tree species diversity in Mediterranean forests is threatened by the progress of 

various degradation factors including climate warming, drought intensification, deforestation, 

erosion and desertification as well as urban expansion, rural abandonment, and uncontrolled tourism 

development [13,14]. Effective conservation of tree diversity in the Mediterranean forests is therefore 

a critical priority, urging the need for the establishment of an effective, operational approach, capable 

of providing assessment of the baseline state of tree diversity as well as facilitating identification of 

early warning signs of diversity change at multiple spatial scales. This information is crucial for 

designing and introducing policies and management actions for halting tree diversity decline and 

creating more resilient forest areas [15]. 

Traditional field measurement is a key, accurate approach for collecting bio-geographical data, 

recording and analyzing the properties, processes, and functions of forest ecosystems [16,17]. 

However, in situ measurements alone cannot simply address the need of biodiversity or tree diversity 

monitoring [18,19]. Satellite remote sensing can be used together with traditional field surveys [17,20–

22] in order to minimize deficiencies of the latter, related to budget, time, and personnel demands. 

This synergetic approach can provide reliable, updated and cost-efficient information on tree species 

diversity at multiple spatial and temporal scales, in heterogeneous, large or remote regions with 

reduced time and personnel costs [22,23]. 

The potential of earth observation (EO) as an effective tool for exploring and monitoring patterns 

of tree diversity had been largely ignored until the early 2000s, as previous studies have thoroughly 

reviewed [22,24,25]. Yet, at the early stages of EO application in diversity estimation, caveats similar 

to other domains were also identified. These constraints were related to availability and costs for 

imagery, costs of specialized EO software and hardware tools, computational power demands, 

technical expertise required to process EO data, analytical skills to convert EO data products into 

actual biodiversity-related knowledge, and last but not least, operational sensor characteristics [26]. 

With the advent and improvement of technical characteristics of earth observation sensors, 

considerable efforts have been expended, attempting to operationally employ EO for tree diversity 

estimation [27]. The early 2000s brought significant advances in the capabilities of the existing 

technology in terms of the spatial resolution of commercial satellites (IKONOS, Quickbird). 

Subsequently, this evolution has promoted the use of high-resolution commercial satellites for tree 

species diversity estimation [28,29]. The free and open Landsat policy by the United States Geological 

Survey (USGS) was another breakthrough that led to an increase in the research efforts relying on the 

use of Landsat data for tree diversity estimation [30], similar to other thematic domains [31]. The 

introduction of Sentinel-2 satellite to an operational phase from 2015 onwards once again 

transformed the potential of EO technology to contribute to spatially explicit tree diversity mapping 

and monitoring. Sentinel-2 provides multispectral information with a 5 day revisit cycle, along with 

a spatial resolution up to 10 m, offering the potential to incorporate temporal–seasonal information 

in the diversity modelling process [32]. 

In the past, rather few studies have examined the season-dependence of the relationship 

between spectral reflectance recorded by satellite sensors and tree diversity, and as such, the 

influence of phenology remains under-investigated [17,33]. While sensors with high temporal 

resolution were available, the coarse spatial resolution scales (hundreds of meters), provided very 

weak (if any) relationship with field-measured diversity [22]. On the contrary, temporal changes in 

spectral reflectance as recorded by medium to high spatial resolution sensors can be linked with 

phenology and physiology differences existing among species, and provide critical information for 
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tree diversity mapping [34]. Moreover, the higher temporal resolution of Sentinel-2 images 

(compared to the near-two-week revisit time of Landsat images previously available) facilitates 

seasonal information extraction and minimizes cloud obstruction—a common constraint when it 

comes to multi-date image series over mountainous forest areas. 

Further to the enhanced remotely sensed information provided by Sentinel-2 imagery, 

geodiversity related information can also be used to determine tree species diversity across space and 

scales. The term geodiversity is used to describe the different forms οf variability observed in a set of 

Earth’s abiotic processes and features [35]. While there is a lack of consensus in regard to the exact 

elements and characteristics it encompasses according to its definition [36], geodiversity incorporates 

many of the environmental patterns and processes influencing tree diversity [37]. 

So far, many studies have focused explicitly on elements of topography, soil or hydrology as 

drivers and potential predictors of the variations in the spatial patterns of tree diversity [19,36,38–40]. 

Despite the direct and indirect effects of geodiversity in forest species distribution [36], very few 

studies have included geodiversity elements to improve the prediction of tree diversity, along with 

spectral or texture information extracted from EO data [41]. 

The main aim of this study is to explore the use of Sentinel-2 spectral data and geodiversity 

information for tree diversity estimation in a Mediterranean forest area through a random forest 

regression modelling procedure. This work is a follow-up of earlier research, evaluating the use of 

various non-parametric algorithms and imagery from sensors with different technical characteristics 

for increasing the accuracy of tree diversity estimation [42,43] in the area. Through these earlier 

research findings, we have proved that although Sentinel-2 data resulted to lower prediction accuracy 

compared to commercial very high-spatial resolution data, it is still a cost-efficient alternative for 

diversity modeling. We also identified that further research was deemed necessary to explore the 

potential to integrate temporal spectral information in the diversity modelling process. 

The specific objectives of the study are: (i) to evaluate seasonal data from Sentinel-2 satellite 

imagery in estimating two tree diversity indices, (ii) to provide evidence regarding preferable season 

for estimation of α-diversity, and (iii) to examine the contribution of geodiversity variables to the 

accuracy of predictive models for α-diversity. 

2. Materials and Methods 

2.1. Study Area 

The Northern Pindos National Park (NPNP) is located in the northern part of the Pindos 

mountain range, covers an area of approximately 2000 sq. km, and lies on the borders of the Regional 

Units of Ioannina and Grevena, in northwest Greece (Figure 1). 
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Figure 1. Location of the study area, field plots and the four Sentinel-2 MSI satellite images used in 

the study (R: NIR, G: Red, B: Green). 

The NPNP was established in 2005, with the purpose of conserving the high biodiversity which 

is found in this mountainous territory. It consists of several areas of great biological and geological 

value which are under special legislation status, such as the Vikos-Aoos and Pindos National Forests, 

one Biogenetic Reserve, eleven sites belonging to the European Network of Protected areas 

«NATURA 2000» and eleven wildlife refuges. 

The diverse mountainous, with marked altitude variations terrain is dominated by several high 

peaks with altitudes well above 2000 m, including Smolikas, the second highest mountain in Greece, 

Tymfi, Vassilitsa, and Ligkos, and a significantly high number of steep mountain streams. The 

geological substrate of the NPNP is also diverse, including calcareous and siliceous rocks such as 

limestones, flysch, dolomites and granites. Ultramafic rocks also appear, although locally and to a 

lesser extent. The average monthly temperatures in the NPNP fluctuates between 0.9 and 21.4 °C, 

while the annual rainfall ranges from 880 to 1660 mm. 

The great elevational range and substrate variation of the region is reflected in the diversity of 

the flora and plant communities. The forests in the NPNP are, in general, of natural origin and forest 

vegetation generally follows the typical altitudinal zonal pattern. In the lower altitudes of the 

montane zone (up to approximately 1000 m) forest communities of thermophilous deciduous species 

dominate the landscape. These include principally mixed stands of oaks, namely Quercus frainetto, Q. 

cerris, Q trojana, Q. petraea and Q. pubescens, or—in suitable habitats—a large variety of other 

deciduous tree species that may contain mainly Ostrya carpinifolia, Carpinus orientalis, C. betulus, 
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Fraxinus ornus, Corylus avellana, Tilia tomentosa, T. platyphyllos and several Acer species. In the latter 

case, a mixture of deciduous oak species may participate to a lesser extent. 

The forested middle to high elevations (of altitudes up to 1600 m) are covered by coniferous 

forests comprising of black pine (Pinus nigra) and fir (Abies borisii-regis) or closed deciduous stands of 

beech (Fagus sylvatica). Mixed communities of the above conifers and beech occasionally occur. 

The higher montane zone, which extends above 1600 m, is covered by usually open or 

fragmented conifer stands consisting of Pinus leucodermis. These pine formations in the subalpine 

zone show a degraded stand structure; they are subjected to the common occurrence of avalanches 

and extend to the treeline in a patchy and shrubby form, often on stony or rocky soils [43]. 

2.2. Field Data 

Reference data were collected during a field survey during summer 2018. As described in 

Mallinis et al. [43], a total of 100 plots (Figure 1), 20 × 20 m each, were selected using the gradsect 

method of survey [44]. Elevation, slope and aspect were used for identifying the strongest 

environmental gradients and establishing gradsects, where subsequently field plots were located 

randomly [43]. All forest tree species with a diameter at breast height above 8 cm were identified and 

measured. Subsequently, tree diversity within each plot was estimated using Shannon’s (H’) [45] and 

Simpson’s (D1) [46] diversity indices. 

H’ highlights both species abundance and richness based on the proportion pi of each ith species 

found within a plot: 

�� = − � �� × ln (��)

�

���

  

On the other hand, D1 emphasizes the evenness component [46]. 

�� = 1 − � ��
�

�

���

  

2.3. Satellite Data Preprocessing 

A multi-seasonal set of four Sentinel-2 images was selected based on expert knowledge 

regarding seasonal changes in vegetation within the NPNP as well as constraints related to the 

minimum cloud coverage (Figure 1). 

The remote sensing dataset included images which, in accordance with the site’s altitude, 

correspond to mid-spring (12 April 2018), mid-summer (3 July 2018), mid-autumn (14 September 

2019) and late autumn (29 October 2019). The specific periods were deliberately selected as 

representative phases of tree cambium annual activity in order to facilitate the quantification of 

phenological variations among the local different forest types. 

All images were originally accessed from Copernicus Open Access Hub as orthoimage tiles 

processed at level L1C (i.e., top-of-atmosphere reflectance). The 8 tiles (2 for each date) were 

afterwards converted to surface reflectance using the Sen2Cor processor to perform atmospheric and 

terrain correction [47]. 

For the subsequent analysis, bands with 10 (i.e., blue: 490 nm, green: 560 nm, red: 665 nm, near-

infared: 842 nm) and 20 m spatial resolution centered at 705 (band 5), 740 (band 6), 783 (band 7), 865 

(band 8A), 1610 (band 11), and 2190 nm (band 12) were used. In the case of the 20 m bands, pixel 

values at each plot center were identified for the analysis. Finally, in the case of the 10 m bands 

images, the pixel’s reflectance falling within the plot boundary was used to assign a mean spectral 

value to each plot. 

2.4. Geodiversity-Related Variables 

Indicators of topography including elevation, slope, soil/substrate, topographic radiation aspect 

index (TRASP), and integrated moisture index (IMI) were extracted from a 5 m digital elevation 

model (DEM). 
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Soil parent material affects soil type to some extent (especially in newly developed soils) and is 

often crucial for the plant communities present. However, detailed information on the soils of the 

NPNP is not provided in the published literature until today. In order to use this apparent relation, 

data on basement rock type within the national park were extracted from 1:50,000 scale soil maps [48] 

and were included in the analysis process. TRASP results from a cosine transformation of area’s 

aspect to a continuous range (0 to 1), in order to address the circular nature circular resulting from 

degree measurement in the 0–360 range [49]. IMI is a DEM-based index [50] that has been developed 

for predicting forest productivity as a function of the source, flow accumulation and curvature of the 

landscape. The IMI and TRASP indices were calculated through the Geomorphometry and Gradient 

Metrics Toolbox [51]. 

2.5. Statistical Modelling 

Relationships between the two tree diversity indices and the spectral/geodiversity variables 

were assessed through a random forest (RF) modelling procedure [52] using the randomForest [53] 

package. The popularity of RF lies in its simplicity and ability to provide accurate, robust results, 

even in the case of limited sample size and high-dimensional feature spaces [54]. RF as an ensemble 

method of machine learning, and is based on bootstrap aggregation (bagging) to construct many 

individual decision trees, using at each node the best among a subset of input variables [55]. The 

average of the predicted values from each tree in the ensemble is the final prediction of each RF 

model. 

During the bagging process, a subset of the original data was selected with replacement and 

used for individual tree development. The remaining samples, representing the out-of-bag (OOB) 

sample, are employed for the validation of the model [56]. Aggregating the OOB predictions of each 

tree, we get the mean squared error of the model [57]. Previous studies have identified that RF does 

not require an independent dataset to assess model accuracy, since the internal accuracy measures 

provide robust, reliable results [58]. 

RF algorithm is easy to implement as only three parameters need to be specified by the user: tree 

number in the forest (ntree), the number of variables randomly sampled as candidates at each split 

(mtry), and the node size that specifies the minimum number of observations in a node. Accordingly, 

the ntree was optimized based on OOB estimated error, the optimal mtry was set to default values 

(p/3 where p is number of variables), and node size was also set to the default value of five [53]. 

Initially, we trained RF models based on spectral information for each image and for the 

complete multi-temporal dataset. Subsequently, four new single-date models for each date and one 

multi-seasonal model were developed considering spectral, topographic, soil, and moisture 

information as predictor variables. 

2.6. Model Perfomance 

The prediction error and the models’ performance were measured through the use of the OOB 

sample. The OOB sample was used for computing the R-square (R2), indicating the percentage of the 

variation measured in the dependent variable explained by the variation of the independent variables 

(Equation (1)), the root mean square error (RSME) quantifying the average prediction error of the 

model (Equation (2)) and the mean absolute error (MAE), expressing the absolute difference between 

the actual (��) and the predicted (���) i-th values of the total (n) samples (Equation (3)): 

�� =
∑ (���� �� )��

���

∑ (�� � ��)��
���

  (1) 

���� = �
1

�
�(�� − ���)�

�

���

 (2) 
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��� = � �
�� − ���

�
�

�

���

 (3) 

where �� is the mean of the actual values. 

3. Results 

Based on spectral variables models, the results indicate that predictions of the examined tree 

diversity indices (H and D1) were more accurate using multi-seasonal (R2 = 0.31, RMSE = 0.33, MAE 

= 0.27 and R2 = 0.37, RMSE = 0.18, MAE = 0.15 for H and D1, respectively) imagery. The July model 

(R2 = 0.25, RMSE = 0.34, MAE = 0.28 and R2 = 0.28, RMSE = 0.19, MAE = 0.16 for H and D1, respectively) 

(Table 1) was the best performing single-date model. The April imagery generated the lowest 

accuracy (R2 = 0.04, RMSE = 0.39, MAE = 0.33 and R2 = 0.04, RMSE = 0.22, MAE = 0.19 for H and D1, 

respectively) (Table 1). The accuracy results attained from both single-date and multi-seasonal 

models suggest that models better explained the Simpson’s diversity (D1) than the Shannon Index 

(H’) models. 

Table 1. Accuracy assessment results for the tree diversity models based only on spectral information 

(white cells) and on spectral and geodiversity information (grey cells). 

Imagery 
Shannon Index (H’) Simpson’s Diversity (D1) 

R2 RMSE MAE R2 RMSE MAE 

April 0.04 0.11 0.39 0.37 0.33 0.31 0.04 0.13 0.22 0.21 0.19 0.18 

July 0.25 0.26 0.34 0.34 0.28 0.27 0.28 0.30 0.19 0.19 0.16 0.15 

September 0.14 0.20 0.37 0.35 0.31 0.29 0.16 0.25 0.20 0.19 0.17 0.16 

October 0.22 0.26 0.35 0.34 0.28 0.27 0.26 0.29 0.19 0.19 0.15 0.15 

Multi-seasonal 0.31 0.31 0.33 0.33 0.27 0.26 0.37 0.37 0.18 0.18 0.15 0.14 

The validation results between the tree diversity indices (H and D1) based on full predictor 

variable dataset (Table 1) indicate that geodiversity variables produced a subtle improvement in the 

prediction of the two tree diversity indices for the best performing diversity models (Figure 2). In 

regard to the performance of the models considering both spectral and geodiversity variables, the 

July model attained the highest accuracy for predicting H’ (R2 = 0.26, RMSE = 0.34, MAE = 0.27) and 

D1 (R2 = 0.30, RMSE = 0.19, MAE = 0.15). Incorporation of the geodiversity variables along with multi-

seasonal spectral information provided a marginal improvement in prediction accuracy for H’ (R2 = 

0.31, RMSE = 0.33, MAE = 0.26) and D1 (R2 = 0.37, RMSE = 0.18, MAE = 0.14). 
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Figure 2. Scatterplots of predicted versus observed tree diversity indices values, using the best 

performed model based on full datasets: (a) Shannon index of July imagery, (b) Simpson diversity for 

July imagery, (c) Shannon index of multi-seasonal imagery (d) Simpson diversity for multi-seasonal 

imagery. 

In the case of the less satisfactory spectral model (i.e., April), the prediction accuracy increased 

by 7% and 9%, respectively, for Shannon’s and Simpson’s diversity indices. Likewise, a similar 

improvement was observed in the case of the September dataset presenting R2 = 0.20 for Shannon’s 

and R2 = 0.25 Simpson’s indices. 

The resulting maps of tree diversity using the fused July spectral-geodiversity information for 

the Shannon and Simpson’s diversity indices are presented in Figure 3. 
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Figure 3. Maps of predicted Shannon Index (H’) and Simpson’s diversity (D1) based on the July 

spectral and geodiversity variables model. 

4. Discussion 

Higher accuracy results both in the case of the single spectral reflectance and the combined 

reflectance-geodiversity models were identified for the prediction of Simpson’s diversity (D1) 

compared to Shannon index (H). This is consistent with previous research findings in the area using 

a different set of images [43], as well as other recent studies on different ecosystem types [59]. This 

may be linked to the nature of Simpson’s diversity (D1), being a measure of relative concentration of 

dominance and sensitive to abundant species [60]. On the other hand, Shannon as index of 

equitability, is more sensitive to rare species [28], assuming that all species are randomly sampled 

and are represented in the sample [61]. Consequently, in our study area, D1 is more appropriate to 

model α-diversity since dominant species play an important role in NPNP. 

In regard to the variations in the relationship between tree diversity spectral reflectance across 

different seasons, the results of the present study indicate a higher prediction accuracy when July 

and October imagery were employed, compared to the models based on scenes acquired in April and 

September. In general, reports from previous works provide models of lower accuracy during the 

transitional seasons (spring-autumn), whereas higher fidelity of spectral imaging is obtained during 

the peak of the growing season. In an alpine conifer forest, Torresani et al. [62] also observed that tree 

species diversity and variation in spectral reflectance presented stronger relationship in mid-June 

and early July. Arekhi et al. [63], who examined the relationship between tree diversity (Shannon’s 

index) and several Landsat TM spectral bands (original and synthetic) in a temperate forest in Turkey, 

identified that the image acquired in late June facilitated the development of the most accurate model. 

On the other hand, the lowest accuracy was observed when involving the October and November 

images. However, results from research conducted in forest formations belonging to distant biomes 

and subject to a different climatic regime may be quite contrasting. Mandosela et al. [64], using two 

Worldview images captured during peak productivity and senescence season in a South African 

savanna woodland, identified the latter as the most appropriate for tree diversity modeling purposes. 

In our site, the vegetation optimum and the high photosynthetic activity observed at the end of 

June and in early July, enables the recording of subtle differences in the reflectance of the fully 

developed leaves of the various tree species within each plot [62]. The late-autumn image (October) 

successfully records the variation in canopy reflectance due to the variable onset of leaf senescence 

of individual deciduous species. The rather low accuracy of the September image might be related to 

the decreased photosynthetic activity of both deciduous and evergreen species and the stress 

observed due to water shortage in the preceding months [63]. Similarly, in April, the low accuracy 

might be related to the fact that emergence of leaves had not started yet for many of the deciduous 

species in the area. Beech, which is one of the earliest budding species, does not reach full foliage 
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development before the end of April, whereas oak species may need a couple of weeks more. Because 

of this, the ability of the satellite sensors to discriminate individual species is critically limited in the 

specific period. Moreover, the multi-seasonal models appear to improve α-diversity estimation. This 

could be explained by the fact that multi-seasonal imagery records the full range of the phenological 

changes and leaf traits of different tree species, increasing the spectral separability amongst them 

[65,66]. 

The good performance of multi-seasonal models is in agreement with the results of previous 

studies. For instance, in Madonsela et al.’s [64] study conducted in southern African savannah, it was 

demonstrated that tree species discrimination was improved using multi-date data set of WorldView-

2 imagery. In Kampouri et al.’s [67] study over a forest area in northern Greece, the synergy of two 

Sentinel-2 images captured in the summer and winter period, improved forest tree diversity accuracy 

estimation. In our study, the adopted gradsect method of field survey, allowed us to locate plots 

capturing the geomorphological range and substrate variation of the region that influence the tree 

diversity and the distribution of pure (deciduous or coniferous) and mixed stands found in the 

region. While this approach facilitated sampling the whole range of the forest vegetation types found 

within the Park, it limits the potential to study in detail the relevance of seasonal information for tree 

diversity mapping over individual forest types within the Park. Such an in-depth analysis would 

allow us not only to address the limitation related to the fact that D1 and H’ indices quantify one 

aspect of tree species diversity, but also to address temporal changes and variability in the spectral 

response of the same forest type due to structural diversity [68], or factors related to leaf age and 

drought stress [22]. Nevertheless, earlier studies have demonstrated that when factors such as species 

composition are accounted for in EO-based models of forest parameters, substantially more accurate 

prediction models can be attained [69]. 

While previous studies have identified that diversity of trees and other plants is influenced by 

various geodiversity factors [39,70], rather few have considered using spatially explicit information 

on geodiversity variables’ distribution such as topography and soil, alongside spectral information 

for improving tree diversity prediction. In our study, and in regard to the synergetic use of 

geodiversity and spectral variables, the prediction accuracy was notably improved in the case of the 

early autumn and early spring models, with spectral information alone providing low prediction 

accuracy. On the other hand, mid-summer, late-autumn and multi-seasonal models presented little, 

if any improvement in terms of prediction accuracy when using the geodiversity variables. 

This is related to the level of importance of the input variables in each model, as each variable is 

not equally important in each model, yet not all the variables contribute to the final fitness. The 

reasoning is that even though the RF method is not parsimonious, it uses all variables available in the 

dataset to construct the response predictor and it ascertains which variables contribute to the 

prediction through the split rule optimization [71]. Consequently, we conclude that geodiversity 

variables were more important than spectral variables of the early autumn and early spring season 

model, and equal or less important than the spectral variables of the summer and autumn season 

model. 

In our study, we did not assessed the importance of individual geodiversity variables for tree 

diversity prediction. Previous studies supports that the topographic metric of elevation was the most 

important for diversity estimation, contrary to slope and aspect [40]. Read et al. (2020) [36] also 

identified that tree diversity was positively related to topography across the United States. Moreover, 

there is some empirical evidence that not all the diversity indices are equally correlated to landscape 

parameters; for instance, simple indices such as species richness correlated better with landscape 

parameters than the Shannon index [60]. However, as earlier studies suggest, the power of 

geodiversity for the prediction of tree diversity (and biodiversity in general) is ecosystem- and scale-

dependent, while different forms of geodiversity might be more relevant for the various dimensions 

of biodiversity as well [36]. Future research should address this research question. Additionally, in-

depth analysis is needed for considering seasonal, spectral and spatial enhancements of the original 

bands, an approach that has been shown to provide increased modeling accuracy [72]. 
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5. Conclusions 

This study, as part of a wider research design for the assessment of tree diversity through remote 

sensing in the Northern Pindos National Park, focuses on exploring the effects of seasonal spectral 

information and geodiversity in the prediction of tree diversity patterns. The study builds upon 

previous research findings that indicate that information inherent in open access Sentinel-2 imagery 

can be used as a good compromise between modelling accuracy and cost-efficiency. 

The results of the current study confirm our previous finding concerning the magnitude of the 

relationship between Sentinel-2 bands and field measured tree diversity. They also confirm that 

Sentinel’s 2 spectral reflectance can provide more accurate estimates of tree diversity measurements, 

expressed through Simpson’s D1 rather than Shannon’s H’ index. 

This study also indicates that the relationship between real-world tree-diversity and spectral 

reflectance is season-dependent. Satellite image acquired at the peak of photosynthetic production 

and vegetation optimum (i.e., July) resulted in the development of a more accurate prediction model. 

On the other hand, imagery acquired in mid-spring, when leaf emergence is not completed for all 

deciduous species of the area, presents little, if any, relationship with tree diversity. 

The inclusion of geodiversity information in the tree diversity estimation models along with the 

spectral one, resulted in a subtle improvement in model performance, when Sentinel-2 bands alone 

explained more than 20 percent of the tree diversity variance. On the contrary, when the spectral 

information was inadequate (i.e., before complete leaf onset), or in mid-autumn when the typical 

color palette of broadleaves is subject to change, geodiversity variables contributed significantly in 

the increase in the modelling accuracy. 

Overall, our study was motivated by the limited number of previously published works, 

exploring the seasonal dependence of the spectral reflectance-tree diversity relationship, using fine 

spatial resolution satellite data [22]. In addition, few studies have evaluated the use of geodiversity 

elements for complementing spectral-related information in order to improve tree diversity modeling 

and prediction [41]. 

In regard to the findings of earlier studies on these fields, the following conclusions can be 

drawn: 

1. We identified that forest canopy phenology influences the relationship between spectral 

response and field measured tree diversity. We confirm the findings of studies conducted in 

similar biomes [63] that this relationship is season-dependent, and imagery acquired during the 

peak of the growing season should be preferably used for EO-based prediction of tree diversity. 

The availability of open access Sentinel-2 imagery with high temporal resolution facilitates 

acquisition of imagery with minimal atmospheric influences over the specific growing period—

a challenging task in mountainous areas. 

2. While geodiversity has been demonstrated to present different levels of influence over plant 

species diversity [2,36,40,73], studies exploiting EO data to predict patterns of diversity rarely 

consider geodiversity variables alongside these data [36]. We can hypothesize that this might be 

related to the fact that the majority of these studies rely on the use of parametric modelling 

procedures that have specific requirements for the distribution and correlation of the data. We 

propose the use of a non-parametric modelling approach, namely random forest regression 

modelling, to circumvent such data assumptions and requirements. 

3. In our study, we identified that geodiversity can play an important role in alpha tree diversity 

modelling, especially when the vegetation phenology limits the information available in the 

spectral response recorded by satellite sensors. Due to the geographical variability in diversity 

patterns across heterogenous Mediterranean areas, the benefits of the coupling of remote-

sensing with geodiversity models are likely to vary depending on the geographical location of 

the study and forest vegetation types [33]. Our study should motivate similar empirical studies 

across various geographical areas and ecosystems. Knowledge of the underlying mechanisms 

through which geodiversity affects biodiversity at multiple scales and biomes can increase 

efficiency in the incorporation of geodiversity variables along with EO data in the diversity 
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modelling process [35]. Airborne [40] or satellite [35] imagery can be also used for extracting 

geodiversity variables at appropriate scales for modelling all three levels of tree diversity. 

The syntheses of the results from such studies can provide more detailed insights into the actual 

shape and strength of this relationship, so that such an evidence-based approach can lead to more 

transferable, operational use of EO and geodiversity data for tree species diversity mapping across 

landscapes. 
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