
 

Instructions for use

Title Remote sensing of forest diversities : the effect of image resolution and spectral plot extent

Author(s) Végh, Lea; Tsuyuzaki, Shiro

Citation International Journal of Remote Sensing, 42(15), 5985-6002
https://doi.org/10.1080/01431161.2021.1934596

Issue Date 2021-08

Doc URL http://hdl.handle.net/2115/86056

Rights This is an Accepted Manuscript of an article published by Taylor & Francis in International Journal of Remote Sensing
on June 2021, available online: http://www.tandfonline.com/10.1080/01431161.2021.1934596

Type article (author version)

Additional Information There are other files related to this item in HUSCAP. Check the above URL.

File Information AM_Remote sensing of forest diversities.pdf

Hokkaido University Collection of Scholarly and Academic Papers : HUSCAP

https://eprints.lib.hokudai.ac.jp/dspace/about.en.jsp


1 

 

This is an Accepted Manuscript of an article published by Taylor & Francis in International 

Journal of Remote sensing on 21 June 2021, available at 

http://www.tandfonline.com/10.1080/01431161.2021.1934596.



2 

 

Remote sensing of forest diversities: The effect of image resolution and 

spectral plot extent 

Lea Végh
1
 ORCID iD: https://orcid.org/0000-0001-7948-480X 

Shiro Tsuyuzaki
1
 ORCID iD: https://orcid.org/0000-0003-3010-8699 

1
Graduate School of Environmental Science, Hokkaido University, Japan 

Correspondence 

Lea Végh, Graduate School of Environmental Science, Hokkaido University, N10 W5, 

Sapporo, Japan, 060-0810 

Email: vegh@eis.hokudai.ac.jp 

Abstract 

Detecting field diversities via remote sensing is becoming important to monitor 

vegetation dynamics at large scale. The characteristics of the remotely sensed image, 

depending on the study organism and habitat, affect the efficiency of measuring -and 

β-diversities. Therefore, we examined the impact of image resolutions and spectral plot 

extents on the accuracy of estimating forest -diversities and compositional variances 

on the active volcano Mount Usu, northern Japan. Low (3.2 m) and high (0.8 m) 

resolution IKONOS multispectral images were used to create spectral indicators from 

pixels covering the field plots (narrow extent) and from pixels including neighbouring 

area (wide extent). Six forest diversity indices were obtained for canopy and for 

canopy-herb layer (total diversity): species richness (S), Shannon (H’), evenness (J’), 

Gini-Simpson (D), and true diversity of order 1 (N1 = expH’) and order 2 (N2 = 1/D). 

Changes in species composition were assessed by dissimilarity matrices. The spectral 

diversity indicators were calculated from the combination of image resolutions and 

spectral plot extents, and then compared with field diversities. The low resolution–

narrow extent based spectral indicators showed the highest correlations with canopy 

and total diversities. The best spectral indicators were derived from the scores of the 

first axis of principal component analysis and from the near infrared band, reaching 

high correlations with both canopy and total field diversity indices. Of the six field 

diversities, J’ showed the highest correlations with single spectral indicators and N1, 2 
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showed the highest correlations with pairs of spectral indicators. The correlations 

between spectral and field dissimilarities were lower than the correlations between -

diversities and spectral indicators, and were unaffected by the resolution and extent. In 

conclusion, the best spectral indicators were obtained from the low resolution–narrow 

extent combination, and the indicators estimated canopy and total field diversity indices 

of temperate forests equally. 
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1. Introduction 

Monitoring diversity by field surveys (field diversity) is important to conserve vegetation and 

to identify biodiversity hotspots. -diversity (community or plot diversity) is typically 

measured by establishing plots, but field surveys are time-consuming and often limited to a 

small number of samples. If plot diversity and compositional variations were estimated prior 

to the field surveys, monitoring could be better focused on the area of interest. Remote 

sensing shows potential to assess field diversities on large scales after validation, and is 

increasingly studied to complement field surveys. 

Remotely sensed images have been applied for mapping habitats and species via 

evaluating spectral diversity measures (Wang and Gamon 2019): high resolution image 

analysis can accurately recognize species (Clark, Roberts, and Clark 2005; Underwood, 

Ustin, and DiPietro 2003) or estimate functional diversity (Huemmrich et al. 2013; Zomer, 

Trabucco, and Ustin 2009). Diversity is estimated by measuring the spectral heterogeneity of 

pixels; greater heterogeneity assumes greater heterogeneity within an area (Palmer et al., 

2002). This is called the spectral variation hypothesis (SVH), which predicts that 

heterogeneous surfaces lead to increased richness, so increased spectral heterogeneity reflects 

increased diversity. 

Most spectral diversity indicators are derived from single bands (Hall et al. 2012), 

vegetation indices (Gould 2000; Levin et al. 2007), or integrating multiple bands by principal 

component analysis (PCA) (Stickler and Southworth 2008). Common indicators are 

expressed by the mean, standard deviation (SD), or the coefficient of variation (CV) of the 

pixel values overlaying the field plots (Wang, Gamon, Cavender-Bares, et al. 2018). The 

accuracy of remotely sensed diversities varies due to the large range of landscapes and plant 

life forms. To increase the accuracy of diversity predictions, a present challenge is to identify 
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the source image requirements (Paganini et al. 2016) and a common set of habitat specific 

spectral diversity indicators (Skidmore et al. 2015). Therefore, the efficiency of spectral 

diversities should be tested on a wide range of environments using different source images to 

identify suitable community-specific indicators. Spectral indicators follow not only -

diversities, but also species compositional variations among plots (Feilhauer et al. 2013; 

Laliberté, Schweiger, and Legendre 2020). The methods used to detect changes in species 

composition range from ordination approaches by dissimilarity matrices (Cayuela et al. 2006) 

to applying Rao’s Q (Rocchini et al. 2018; Botta-Dukát 2005). 

Image characteristics vary with the sensor, and images need to be selected to suit the 

species being studied. If the resolution of the image is too fine compared to the species, the 

spectral diversities will be sensitive to within-target variance and overestimate spatial 

heterogeneity, while coarse resolution images will be insensitive to among-target variance 

and will underestimate heterogeneity (Rocchini et al. 2010; Woodcock and Strahler 1987). 

The spectral plot area covered by the pixels (hereafter, extent) from which the diversities are 

calculated also affects the relationship between field and spectral diversities (Figure 1); the 

inclusion of pixels surrounding the plot increases the accuracy of field diversity estimation 

(Parviainen, Luoto, and Heikkinen 2009). However, few studies examined the effects of 

including neighbouring pixels on spectral indicators, so their impact on evaluating field 

indices is unclear. Estimating total forest diversity (herb layer incorporated) has been also 

rarely examined, even though total diversity may be estimated with equal or higher accuracy 

than canopy diversity (Hakkenberg et al. 2018). 

To confirm the effects of image resolution and different spectral plot extents on 

estimating field diversities, and to examine whether incorporating herb layer diversity in 

forest diversity increases the accuracy of the estimation, we created four different set of 

spectral diversity indicators from an IKONOS image covering temperate forests on Mount 
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Usu, Japan. Because the estimation accuracy also depends on the field diversity indices used 

to survey plots (Schmidtlein and Fassnacht 2017), we calculated six field indices for canopy 

only and for total diversity. Our major aim was to clarify the effects of resolution and spectral 

plot extent on the spectral diversities when estimating canopy and total diversities measured 

in the field. [Figure 1 position] 

2. Methods 

2.1. Image processing and plot selection 

The study site, Mount Usu (42°32’N, 140°50’E), is an active volcano in the temperate region 

of northern Japan. Mount Usu erupted in every 20–30 years at different locations in the past 

century. Because the eruptions occurred at different locations, there are various forest types 

and transplantations differing in age on the mountain. As a result, the area is suitable to 

examine the performance of spectral diversity indicators in diverse forest types. 

The IKONOS satellite image was taken on 1 August 2014 (wavelengths of bands: 

Blue 0.45–0.53 µm, Green 0.52–0.61 µm, Red 0.64–0.72 µm, Near-infrared (NIR) 0.76–0.86 

µm, off-nadir: 19.27°), and was orthorectified using the Digital Elevation Model provided by 

the Geospatial Information Authority of Japan (accuracy within 0.7 m, resolution 6.2 m). 

After the orthorectification, the image was aligned to reference coordinates measured by 

portable GPS (Garmin GPSMAP 60CSx, accuracy ± 3 m) using second order polynomial 

transformation. The digital numbers were converted to surface reflectance by the dark-object 

subtraction method (Chavez 1988) and IKONOS correction factors (Taylor 2009), and pan-

sharpening was done using the Brovey method (A. R. Gillespie, Kahle, and Walker 1986). 

All image processing was done by ArcGIS (ver. 10.2, ESRI). 

A total of 35 plots measuring 10 m × 10 m were selected using stratified random 

sampling in the areas destroyed by the 1910 and 1977-78 eruptions (Figure 2). Of the 35 
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plots, 20 plots were established in young forests (less than 40 years old, 5 plots in closed- and 

5 plots in open-canopy broadleaved forests, 5 plots in a Picea spp. plantation and 5 plots in a 

semi-artificial broadleaved forest) and 15 plots were established in mature forests (5 plots in 

an around 100 years old broadleaved forest, 5 plots in 70 years old and 5 plots in a 50 years 

old Abies spp. plantation, Supplemental material Figure S1). The mature forest plots were 

located at approximately 300 meters lower elevation than the young forest plots. The plots 

were established and located with GPS. [Figure 2 position] 

2.2. Field survey and diversity indices 

The field surveys in the 35 plots were conducted between 2015 and 2019, one to five years 

later than the satellite image was taken. Similar gaps between image acquisition and field 

survey did not cause problems in other studies (Levin et al. 2007; Warren et al. 2014), and 

field observations confirmed that the plots did not receive severe damages during this period. 

Canopy diversity was calculated from the number of stems on each tree species with a DBH 

above 3 cm (range: 3–67 cm) in 2016. In 15 plots, the survey covered 5 m × 5 m plots in 

2016, and the plots were extended to 10 m × 10 m in 2019. In five of these plots, all of which 

were transplantations, trees fell due to a typhoon in the late summer of 2016. The fallen trees 

were left in the forest and were identified; therefore the forest structure of the plots could be 

reconstructed to 2014 canopy conditions. Herb layer diversity was measured in four 1 m × 1 

m subplots within the plots during 2016 (before the typhoon) by counting the number of 

aboveground shoots rooted inside the subplots on each species shorter than 2 m in height. 

Species richness (S), Shannon’s entropy (H’), Gini-Simpson concentration (D), 

Shannon’s evenness (J’), true diversity of order 1 (N1) and true diversity of order 2 (N2) were 

calculated for each plot by vegan (Oksanen et al. 2019) and simba (Jurasinski and Retzer 

2012) packages of the R software (R Core Team 2018). The equations are:  
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S = number of species in a given plot, (1) 

H’ =  ∑       
 
   , (2) 

J’ = H’/logS (3) 

D =   ∑   
  

   , (4) 

N1 = expH’, (5) 

N2 = 1/D, (6) 

,where pi is the relative dominance of ith species in a given plot. These indices were 

chosen to include popular indices like species richness (Carlson et al. 2007; Rocchini, 

Ricotta, and Chiarucci 2007; Viedma et al. 2012), and the Shannon entropy (Oldeland et al. 

2010; Wang, Gamon, Cavender-Bares, et al. 2018), and the relatively untested true 

diversities, which are argued to be better suited to describe diversity and compare studies 

(Jost 2006; Tuomisto 2010). Two sets of field diversities were calculated: canopy diversity 

and total diversity, the latter being the average of canopy and herb layer diversity. Variation 

in species composition between plots was evaluated by Bray-Curtis dissimilarity matrices by 

presence/absence (i.e., Sørensen index) and by abundance of species (Oksanen et al. 2019). 

2.3. Spectral diversity indicators 

To test the effects of resolution on the spectral diversity indicators, the indicators were 

calculated from low (3.2 m) and high resolution (0.8 m) images. The impact of neighbouring 

pixels on spectral diversities was examined by using two spectral plot extents (Figure 1); the 

narrow extent covered pixels corresponding to the field plots (10 m × 10 m square), while the 

wide extent included additional neighbouring pixels (10 m radius circle centred in the plot). 

For the low resolution, the number of pixels per plot ranged between 9–12 (narrow extent) 
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and 28–32 (wide extent), and for the high resolution ranged between 144–169 (narrow extent) 

and 472–480 (wide extent). Within the high resolution spectral plots, in average 5% of the 

pixels were in shadow for narrow extent (range 1–15%) and 3% for wide extent (range 0–

12%). Excluding shaded pixels did not change the correlations between single spectral 

indicators and field indices (Kruskal-test, P = 0.21), although the regressions were slightly 

increased when two spectral indicators were used as explanatory variables (Kruskal-test, P = 

0.02). However, the best regression pairs remained the same; therefore, we retained the 

shaded pixels in the high resolution spectral plots to cover the same areas as the low 

resolution spectral plots. 

The reflectance values of the four bands, Blue, Green, Red, and NIR, and the 

Normalized difference vegetation index (NDVI, calculated as (NIR – Red) / (NIR + Red); 

Rouse et al., 1974) were recorded for every pixel at each resolution and extent combination 

and were imported to R software. Using the four bands as a matrix, PCA was carried out 

(Rocchini, Ricotta, and Chiarucci 2007): the first principal component (PC1) explained more 

than 99% of the variation in the bands and was included for calculating spectral diversities. 

The first set of spectral diversities was calculated by taking the mean, range 

(difference between minimum and maximum values), SD, and CV of each band, NDVI, and 

PC1 by plot for the four combinations of resolutions and extents. In addition, the mean 

Euclidean distance (Distance) from the plot centre was calculated using the bands as 

coordinate system axis (Rocchini, Ricotta, and Chiarucci 2007; Schmidtlein and Fassnacht 

2017). 

The second set of spectral diversities was calculated by counting the unique 

reflectance values as species and calculating the same diversity indices as from field 

observations: if three and six pixels out of nine had the same values, then the richness 

(marked by bold S to distinguish from field diversity S) of the spectral plot was regarded as 



10 

 

two. NDVI and PC1 values were sorted into 40 equal sized bins and the bins were handled 

afterwards as unique values. In total, 63 spectral indicators were calculated for each 

resolution and extent combinations (Table 1). Pairwise differences of the 63 spectral 

diversities were examined by the Euclidean distance matrices. [Table 1 position] 

2.4. Comparison of the field diversity indices and spectral diversity indicators 

Pearson’s correlation coefficient (r) and linear regression models (LM) were used to 

investigate the relationship between the field indices and spectral indicators. From the six 

field diversity indices and 63 spectral indicators all together 3024 correlations were 

calculated for -diversity (6 × 63 × 4 × 2, for all combinations of field and spectral 

diversities, resolutions, extents, and field layers) and 504 dissimilarity matrices of species 

composition (63 × 4× 2). Correlations with a P value of less than 0.05 were treated as strong 

correlations. Significant differences in the number of strong correlations between low and 

high resolutions and between narrow and wide extents were examined by 2
-test. The effects 

of resolution, extent, and elevation on the correlation coefficients were examined by non-

parametric Kruskal-Wallis test and pairwise Wilcoxon test. 

We applied stepwise multiple regression analysis to test the predictability of field 

diversities by one to five spectral indicators as explanatory variables using the R package 

leaps (Miller, 2020). LM was used to examine more in detail the accuracy when the number 

of explanatory variables was limited to two spectral indicators, testing all combination of 

pairs. We retained those models, where all coefficients were significant at P < 0.05, to 

identify spectral indicator pairs estimating field indices with high accuracy. The effects of 

elevation on field indices and spectral indicators were examined with LM, using elevation 

alone and paired with spectral diversities as explanatory variable. In addition, spatial auto-

correlation of field and spectral diversities was tested by Moran’s I (Moran 1950). 
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The significance of correlations between the dissimilarity matrices of field diversity 

indices and spectral diversity indicators were determined by Mantel-test with ten thousand 

permutations (Mantel 1967; Legendre and Legendre 2012). The dissimilarity of the seven 

forest types based on age and species composition was measured with ANOSIM and the P 

value was calculated by ten thousand permutations (Clarke 1993). 

3. Results 

3.1. The effects of resolution and extent on correlations 

The number of strong correlations, where P was less than 0.05, was low and changed with 

resolution and spectral plot extent (Table 2). The spectral indicators derived from low 

resolution had a higher number of strong correlations, both with canopy and total diversities, 

than those derived from high resolution (2
-test, P < 0.001). The number of strong 

correlations increased when narrow extent was used (P < 0.001 against canopy and P = 0.02 

against total indices). Canopy diversities had a higher number of strong correlations than total 

diversities (P < 0.001), but their range was the same, i.e., r ranging 0.34 – 0.50 with canopy 

and 0.33 – 0.50 with total indices (in absolute values, Kruskal-Wallis test, P = 0.87). The 

highest correlations were obtained from the low resolution–narrow extent spectral indicators 

(Table 2), both in the case of canopy (r = 0.50, J’ – PC1-D) and total diversities (r = 0.50, J’ 

– PC1-H’). The other resolution–extent combinations had significantly lower correlations 

with canopy diversities (Figure 3a, P ≤ 0.03), while with total diversities only the high 

resolution–wide extent based spectral indicators had significantly higher correlations (P = 

0.04). [Table 2 position] 

3.2. The impacts of field indices and spectral indicators 

From the field diversity indices, the canopy N1 and N2 yielded the highest number of strong 
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correlations with spectral indicators (18 and 16 cases), while from the total indices, D had the 

highest number of strong correlations (15 cases). However, the number of correlations did not 

indicate strong relationship; field J’ produced the highest r (Figure 3b) significantly 

outperforming other field indices (canopy: Wilcoxon test, P < 0.001, total: Kruskal-Wallis 

test, P < 0.01). Most field indices showed high correlation with multiple spectral indicators, 

but total N1, 2 and H’ correlated only with high resolution–wide extent Blue-J’. [Figure 3 

position] 

Across all resolutions and extents, 20 and 15 spectral indicators were correlated 

significantly with canopy and total diversity indices. Most spectral indicators displayed 

strong correlations at low resolution–narrow extent combination (Figure 4), and were mostly 

calculated from NIR, NDVI, and PC1 scores. PC1-based spectral indicators had high 

correlations with both canopy and total field diversities, while NIR and NDVI based 

indicators were correlated stronger with canopy indices. From the PC1 indicators, SD and 

range were best with canopy indices, while PC1 indicators calculated as S, D, H’, N1, 2 were 

correlated stronger with total J’ and D. The highest correlations for each combination were 

positive among the field and spectral diversities, apart from the spectral indicators PC1-CV 

and Blue-J’, which displayed negative correlations (Figure 5). [Figure 4 and 5 position] 

3.3. Linear relationships between field indices and spectral indicators 

The best predictor variables identified by stepwise regression analysis changed with 

resolution, extent and the maximum number of predictors, although spectral indicators based 

on the Blue band and NDVI were kept often in the final regression models. To keep the 

number of variables low, we concentrated on models with two explanatory variables (pairs of 

spectral indicators). 
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The resolution and extent did not affect the number of significant regressions when 

estimating total diversity indices (2
-test, P = 0.96 and P = 0.28), but regression models using 

low resolution–narrow extent based spectral indicator pairs fitted better than models using 

low–wide and high–narrow based spectral indicators (Wilcoxon test, P < 0.01, Figure 6a). 

When predicting canopy diversities, low resolution (2
-test, P < 0.001) and wide extent (P < 

0.001) spectral indicator pairs had higher number of significant regressions. The explained 

variance also increased when low resolution–wide extent spectral diversity pairs were used to 

estimate canopy diversity indices (Wilcoxon test, P < 0.01). Canopy N1 (P < 0.05) and total 

D (P < 0.01) displayed larger average r than the other field indices (Figure 6b), while total H’ 

had generally lower r than other field indices (P < 0.01). The explained variance was highest 

when spectral indicator pairs were derived from low resolution and narrow extent (Figure 7). 

Namely, the pair of Blue-SD and Blue-range predicted canopy N1 (LM, r = 0.64, P < 0.001) 

and the pair of Red-D and PC1-D predicted total J’ (r = 0.61, P = 0.02). Significant 

regressions against canopy indices were fewer (2
-test, P < 0.001), but stronger than 

regressions against total indices (Kruskal-Wallis test, P < 0.001). [Figure 6 and 7 position] 

3.4. Effects of elevation and spatial autocorrelation 

Field indices S, H’, and N1,2 correlated negatively with the elevation when all 35 plots were 

analysed together (r = - 0.37 to - 0.52, P < 0.05). However, when the higher elevation young 

forest and lower elevation mature forest plots were analysed separately, the elevation of plots 

did not affect the field diversities. Pairing elevation with spectral diversity indicators as 

explanatory variable in regression models improved the fit of the models in the case of two 

and thirteen spectral indicators when regressing against canopy and total diversities, 

respectively. The highest r was reached when estimating canopy N1 and elevation was paired 

with NDVI-mean (r = 0.65), and when estimating total H’ with elevation paired with Blue-J’ 
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(r = 0.64). 

The canopy and total diversity indices displayed different spatial-autocorrelation 

patterns. Of the canopy diversities, only J’ showed spatial-autocorrelation (I = 0.12, P = 

0.02), while all total indices were spatially auto-correlated except for D. The spectral 

indicators showing the highest correlations with canopy diversities did not show 

autocorrelation when calculated from high resolution but did show when calculated from low 

resolution–narrow extent (P = 0.01). As for the best spectral indicators correlating with total 

diversities, only the Blue-J’ calculated from high–wide combination showed spatial 

autocorrelation (P < 0.001). In general, spectral indicators calculated via SD, mean, CV, and 

range showed autocorrelation. 

3.5. Changes in species composition 

The Bray-Curtis matrices by species abundance correlated better with the spectral matrices 

than the matrices by presence/absence, so the analyses by abundance matrices were 

described. The dissimilarity matrices of species composition and spectral diversity indicators 

did not show as high correlations as -diversity indices did with spectral indicators. The 

dissimilarity matrix of canopy species composition had more strong correlations with the 

spectral indicators than the total species matrix (2
-test, P < 0.001) and showed the highest 

correlation coefficient with PC1-mean from low resolution–wide extent image (Mantel’s r = 

0.36). Correlations with the total matrix were higher compared to the canopy matrix 

(Kruskal-Wallis test, P < 0.004), but the highest correlation—reached with low–narrow Red-

J’, r = 0.32—was below that of the canopy. The canopy matrix had more significant 

correlations with high resolution spectral matrices (2
-test, P = 0.01), while the total matrix 

had more correlations with low resolution matrices (P = 0.03). Neither the combinations of 
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resolutions and extents, nor the selection of spectral indicators when calculating the 

dissimilarity matrices affected the strength of the correlations, however. 

In spite of the relatively low correlations between field and spectral matrices, the 

spectral indicators distinguished between the forest types (ANOSIM, canopy composition: r 

= 0.55, total composition: r = 0.36) and between old and young forests in the case of canopy 

composition (r = 0.52, Supplemental material Figure S2, Table S1). 

4. Discussion 

4.1. The effects of resolution and extent 

The resolution and inclusion of neighbouring pixels affected the correlations and regressions 

between spectral and field diversities. The effects depended on the choice of field indices and 

whether canopy or total diversities were evaluated. 

The low and high resolution images used in this study had relatively fine resolution. 

Other studies report high correlations with species richness using either Quickbird (resolution 

same as the low resolution used here) or Landsat images (30 m resolution) in wetlands 

(Rocchini 2007) and mountain forests (Levin et al. 2007). However, examples exist where 

similar fine resolution images (resolution same as the high resolution used here) are found to 

have too fine spatial resolution to observe canopy richness (Nagendra et al. 2010). This study 

demonstrated that low resolution spectral indicators showed higher Pearson’s correlation 

coefficients with field diversity indices. This suggests that the high resolution diversities 

reflected within study object heterogeneity which decreased their accuracy (Wang and 

Gamon 2019; Woodcock and Strahler 1987). 

Increasing the pixel number per plot, i.e., wide extent, did not improve the 

correlations if single spectral indicators were used, and had inconsistent effect when pairs of 

spectral indicators were used. However, the wide extent had an advantage to calculate unique 
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value based spectral indicators, as the low resolution–narrow extent based spectral plots often 

had too few pixels and displayed perfect evenness (all values were unique). Although 

calculating spectral indicators from as few as nine pixels is not rare (Madonsela et al. 2017; 

Torresani et al. 2019; Woodcock and Strahler 1987), in those cases the indicators are based 

on measuring variance via traditional methods (e.g. mean, SD, or CV). Spectral indicators 

that strongly correlated with field indices, i.e., PC1, NDVI, and NIR, did not suffer from the 

problem of low pixel number, so the neighbouring pixels had no positive impact on them. 

The present study measured field diversities from one plot shape, but plot shape influences 

field measurements of diversities (Korb, Covington, and Fulé 2003; Marignani, Del Vico, and 

Maccherini 2007). Experimenting with multiple plot shapes and corresponding spectral 

extents when calculating indicators may find that plot shapes influence the performance of 

spectral indicators. 

4.2. The effects of field indices and including herb diversity 

Spectral indicators showed the highest correlations with J’ when single spectral indicator was 

used, and with N1 and N2 when pairs of spectral indicators were used. Although the spectral 

diversities were correlated differently with canopy and total diversities, high correlations 

were observed with both canopy and total field indices. Recent studies on the correlation of 

field and spectral indices are often using H’ or D (Oldeland et al. 2010; Wang, Gamon, 

Schweiger, et al. 2018), as these indices incorporate information about the abundance of 

species and were shown to correlate stronger with spectral diversities than S, which only 

measures presence/absence (Underwood, Ustin, and DiPietro 2003). We observed low 

correlations between spectral indicators and S, but found that J’ and N1, 2 showed higher 

correlations with spectral indicators than H’ and D, especially when estimating canopy 

diversities. Abundance-based dissimilarity matrices also displayed higher correlations than 
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presence/absence-based matrices when estimating compositional variations of species, 

supporting the importance of abundance sensitive diversity measures. 

The best spectral indicators correlating with field diversities were obtained from low 

resolution images, although high resolution–wide extent indicators estimated total diversities 

well. When the study organism is large, using low resolution images for calculating spectral 

diversities increases the accuracy (Stickler and Southworth 2008). Conversely, spectral 

indicators based on high resolution images can observe small size organism, such as ant 

colonies (Lassau et al. 2005). These suggest that high resolution images are better to estimate 

total forest diversity because small plants need to be detected as well. In this study, the total 

diversity was evaluated well both by low resolution–narrow extent and high resolution–wide 

extent based spectral indicators, so the total indices seemed not to show a clear preference for 

high resolution images. 

Combining spectral indicators estimates field diversities better than single spectral 

indicators in tropical dry forest (T. W. Gillespie 2005) and in central-African forest 

(Thenkabail et al. 2003). We also observed improvement when two spectral indicators were 

used to estimate field indices, especially, when assessing N1, 2. True diversities are rarely used 

and they display low performance compared to H’ in Borneo tropical forests (Foody and 

Cutler 2003). Our results suggested that N1, 2 was sensitive to habitat differences when 

combined with remotely sensed indicators, estimating diversities in temperate forests more 

than in tropical forests. 

4.3. Band specificity of spectral indicators 

When correlating spectral indicators with canopy diversity indices, the best spectral 

indicators were derived from the PC1 and NIR. When correlating with total diversities, the 

best spectral indicators were derived from the PC1 and from mostly visible bands. Spectral 
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indicators derived from NDVI displayed weak correlations, possibly because NDVI is 

correlated with the productivity of plant communities rather than with the landscape 

heterogeneity (Johansen and Tømmervik 2014). Productivity is more related to canopy 

diversity than to total diversity because the biomass of trees is larger than the biomass of 

understorey plants (Zhang, Chen, and Taylor 2016). This is consistent with the fact that 

NDVI-based indices estimated the canopy diversities better than the total diversities. The 

high performance of PC1-based indicators showed that integrating multiple bands created the 

most successful spectral indicator source. 

A limitation of the study is the use of single source image to calculate spectral 

diversities, as combining multiple satellite images from different dates are shown to increase 

the accuracy of spectral indicators (Dudley et al. 2015; Räsänen and Virtanen 2019). 

However, the image acquisition date was in the summer season, when the status of local 

vegetation was optimal for remote observation (Schmidtlein and Fassnacht 2017). 

Conclusion 

The spectral diversity indicators based on low resolution and narrow extent had higher 

correlations with the field indices. Spectral diversities based on PC1 and NIR had high 

correlations and using two spectral indicators estimated field diversities better. In particular, 

the canopy diversities were evaluated by the spectral diversities using PC1 and NIR, while 

the total diversities were evaluated using the PC1 and visible bands. Among the field 

diversities, J’ and N1, 2 were estimated best. Although compositional changes in species were 

detected less then -diversities, forest types were distinguished well. The present study 

confirmed that spectral indicators estimate canopy and total field diversities in various 

temperate forests. As canopy diversity is a good predictor of total forest diversity 

(Hakkenberg et al. 2018) and it is faster to survey, future studies should focus on it to 
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evaluate forest diversities. 
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Table 1. Spectral diversity indicators used in the study. 

 

Spectral origin Calculation method 

  Statistical 

   Mean 

   Standard deviation (SD) 

Bands Blue  Range 

Green  Coefficient of variation (CV) 

Red  Mean distance from centroid (Distance) 

NIR Unique value based 

Vegetation index NDVI 
 S 

 H’ 

PCA PC1 
 D 

 J’ 

   N1 

   N2 

 

Table 2. The number of strong correlations between field diversity indices and spectral 

diversity indicators, and the strongest Pearson’s correlation coefficient per resolution–extent 

combination. 

 

Resolution High Low Total 

number Extent Wide Narrow Wide Narrow 

Number of strong correlations 

Canopy 4 5 11 59 79 

Total 3 1 5 21 30 

Pearson’s correlation coefficient 

Canopy 
0.36 - 0.36 0.36 0.50  

S – NIR-N2 N2 – PC1-CV S – PC1-D J’ – PC1-D  

Total 
- 0.44 0.34 0.40 0.50  

H’ – Blue-J’ D – Green-J’ D – PC1-H’ J’ – PC1-H’  
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Figure 1. The four types of spectral plots used in the study, made by the combinations of low 

and high resolutions and narrow and wide extents. The field survey on forest canopy was 

carried out on a square plot (a, side = 10 m), corresponding to the low resolution–narrow 

extent spectral plot. The wide extent is marked by a circle (d, diameter = 20 m) with its centre 

in the middle of the plot established in the field. 
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Figure 2. Locations of the 35 plots (10 m × 10 m) used for the study on Mount Usu, northern 

Japan. The white coloured plots cover mature forests, while the yellow plots are young 

forests, less than 110 and 40 years, respectively. 



28 

 

 

Figure 3. Box-whisker plots indicating the absolute values of Pearson’s correlation 

coefficients (r) between spectral and field diversities depending on spectral resolution and 

extent (a) and on field indices used (b). Empty boxes indicate when spectral diversities are 

compared with canopy diversity and filled boxes when compared with total diversity. The 

field indices are abbreviated as N2: true diversity of order 2, N1: true diversity of order 1, J’: 

evenness, D: Gini-Simpson, H’: Shannon, and S: species richness. 
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Figure 4. The absolute values of Pearson’s correlation coefficients (r) between spectral 

diversities (y axis) and field indices (x axis) grouped by resolution and extent combinations. 

Black circles mark correlations with canopy diversities and red circles with total diversities. 

The size of the circles increases with increasing coefficients. 
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Figure 5. Pearson’s correlation coefficients calculated from linear regressions between the 

best spectral indicators and canopy (a-d) and total diversity indices (e-g). The x axis shows 

the spectral indicators and the y axis shows the field diversities. Filled circles indicate young 

forest plots while empty circles indicate mature forest plots. All regressions are significant at 

P < 0.05. 
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Figure 6. Regression between pairs of spectral indicators and field indices from the four 

resolution–extent combinations (a) and with different field indices (b). Empty boxes 

represent regression against canopy diversities and filled boxes against total diversities. 

 

 

Figure 7. Best spectral indicator pairs to estimate field diversities (a) and the resolution–

extent combination they are calculated from (b). The field diversities estimated with the 

highest accuracy are marked by filled circles on the left plot. 


