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Abstract: In managed landscapes, conservation planning requires effective methods to 

identify high-biodiversity areas. The objective of this study was to evaluate the potential of 

airborne laser scanning (ALS) and forest estimates derived from satellite images extracted at 

two spatial scales for predicting the stand-scale abundance and species richness of birds and 

beetles in a managed boreal forest landscape. Multiple regression models based on forest 

data from a 50-m radius (i.e., corresponding to a homogenous forest stand) had better 

explanatory power than those based on a 200-m radius (i.e., including also parts of adjacent 

stands). Bird abundance and species richness were best explained by the ALS variables 

“maximum vegetation height” and “vegetation cover between 0.5 and 3 m” (both positive). 

Flying beetle abundance and species richness, as well as epigaeic (i.e., ground-living) beetle 

richness were best explained by a model including the ALS variable “maximum vegetation 

height” (positive) and the satellite-derived variable “proportion of pine” (negative). Epigaeic 

beetle abundance was best explained by “maximum vegetation height” at 50 m (positive) and 

“stem volume” at 200 m (positive). Our results show that forest estimates derived from 
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satellite images and ALS data provide complementary information for explaining forest 

biodiversity patterns. We conclude that these types of remote sensing data may provide an 

efficient tool for conservation planning in managed boreal landscapes. 

Keywords: biodiversity hot spot; LiDAR; ALS; kNN; epigaeic beetles, birds; beetles;  

boreal forest 

 

1. Introduction 

Anthropogenic disturbance has altered ecosystems worldwide, resulting in habitat loss, species 

population declines and extinctions over a wide range of biomes (e.g., [1,2]). In forested landscapes, 

modern management practices, including clear-felling, plantation, thinning and fire protection 

programs, have replaced large areas of naturally-regenerated old-growth stands with monospecific, 

even-aged stands [3,4]. This has led to habitat fragmentation and declines in habitat quality for many 

forest species [4–9]. In recent decades, this problem has become increasingly acknowledged, and a 

wide range of measures have been introduced to improve biodiversity conservation in forestry  

(e.g., [10–13]). 

Planning and management of forests for biodiversity conservation require knowledge about the 

habitat requirements of forest-dwelling species. Important habitat factors include local stand 

conditions, such as forest structure and tree species composition, as well as the amount and distribution 

of suitable habitat in the surrounding landscape [14,15]. Field inventories can provide information 

about forest characteristics of importance to biodiversity in selected sites. However, to collect habitat 

data across whole landscapes with traditional field inventories is extremely resource demanding. A 

more feasible method is to obtain this information through remote sensing (e.g., [16]). 

Satellite images can be combined with data from forest inventories to estimate wall-to-wall forest 

data. The forest data are estimated for each raster cell (i.e., pixel) of the satellite images using models 

derived from those raster cells where forest inventory plots are located. Satellite images have the 

advantage over aerial images that each image covers a much larger area and usually a larger number of 

field plots, which means that forest data can be estimated with an automated process [17]. Satellite 

images provide information on land cover and plant species composition, but less details about 

vegetation structure. Here, airborne laser scanning (ALS) data can potentially be used to improve 

habitat analysis [18,19]. 

Data from laser scanning consist of 3D coordinate measurements of light reflections from the 

ground and objects above the ground, such as vegetation [20]. ALS systems have proven useful for 

describing the ground topography, as well as the height and density of the vegetation [21,22]. Even 

below a tree canopy, ALS data usually include some measurements of the ground [23] and understory 

vegetation [24]. In recent years, data from ALS have become a major data source for estimation of 

topography and forest characteristics [25,26]. Most commercial laser scanning systems deliver discrete 

returns, also known as point laser data. With the development of sensors and electronics, waveform 

laser data have also become available. Waveform laser data are intensity values of the reflected laser 

light measured at short, regular intervals, which enables the extraction of returns after the data 
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acquisition using more advanced algorithms [27]. This offers the potential to derive more information 

about tree crowns [28,29] and fallen trees [30] below the top-most canopy and allows for an even 

better characterization of the canopy layers [31]. 

Many forest-dwelling species with specialized habitat requirements are influenced by the structure 

of forest vegetation within stands (e.g., [15,32–35]). Here, remote sensing offers new possibilities to 

efficiently measure internal forest structure across large areas. ALS and satellite image data on forest 

age, species composition, height, foliage density and vertical distribution of vegetation have proven 

useful for predicting species richness and composition in a range of taxonomic groups (e.g., [36,37]). 

The spectral values of satellite images, which are related to key vegetation properties, have been used 

successfully to predict the species richness of birds [38–40]. The Normalized Differenced Vegetation 

Index (NDVI) derived from satellite images is related to chlorophyll content and cell structure and has 

been found valuable for habitat analysis of birds [41,42]. The texture derived from satellite images has 

also been shown to provide useful information for habitat analysis [43–45]. As for ALS data, they have 

proven especially useful for providing information about fine-scale habitat heterogeneity and structure, 

a fundamental correlate of species diversity (e.g., [46,47]). The habitat analysis can be done by 

deriving information about known habitat requirements or by relating metrics from the ALS data to 

field observations of species distribution [48]. Information relevant for habitat studies that can be 

derived from ALS data includes canopy openness and foliage height diversity, as well as the height 

and species of individual trees [49]. The influence of the local surroundings on bird species richness 

has been studied by deriving the horizontal heterogeneity of the canopy top height at different scales 

using ALS [50]. ALS data can also be combined with satellite images [51] or aerial images [52,53], 

providing a better description of the tree species composition. To further improve the analysis, the raw 

remotely-sensed data can be replaced with forest estimates from a combination of remotely-sensed 

data and forest field inventories [54–57]. 

To date, most of the studies evaluating the usefulness of ALS data for the assessment of species 

habitat and forest conservation values have been performed in temperate or sub-tropical forests. Very 

few studies have assessed the utility of such data in boreal forest landscapes (but, see [52]), which differ 

from more southerly forest ecosystems, both in terms of forest structure and species assemblages [3]. 

The objective of this study is to evaluate the potential of ALS data and nationally available forest 

estimates derived from satellite images for predicting the abundance and species richness of birds and 

beetles (Coleoptera) in a managed boreal forest landscape. To test this, we use multiple regression 

models with field observations of birds and beetles as response variables and forest vegetation 

measures derived from the remotely-sensed data as explanatory variables. 

We addressed the following questions: (1) Can ALS and satellite-derived data products be used to 

identify species richness and abundance hotspots for beetles and birds in managed boreal forest? (2) 

Do the models perform better when the explanatory variables are derived at the scale of homogenous 

forest stands or at a scale including also parts of adjacent stands? (3) Do ALS and satellite-derived data 

products provide complementary types of information for predicting biodiversity patterns? (4) Which 

specific variables derived from these two remote sensing sources can best explain biodiversity patterns 

for beetle and birds species in managed boreal forests? 
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2. Material and Methods 

2.1. Study Area and Design 

We sampled laser-scanned forest stands (33 for beetles and 47 for birds; see below) ranging in age 

from 8–130 years and located in a 30 km × 40 km large forest landscape in the middle boreal zone [58] 

of northern Sweden (64°05′–64°10′N, 19°05′–19°30′E; Figure 1). 

 

Figure 1. The location of the study area in Sweden and an orthophoto with the laser-

scanned areas drawn in red. 

Slightly more than two-thirds of the study stands were younger than 60 years. These originated 

from clear cutting and have been regenerated predominantly with two conifers: Scots pine  

(Pinus sylvestris) and Norway spruce (Picea abies). Among these stands, those established in the 

1950s–1960s included the oldest available stands originating from past clear-cutting. Older stands 

included in the study have never been clear-cut, but they have been subjected to selective felling and 

thinning. All study sites were separated by at least 500 m, and stands of different ages were spatially 

interspersed. Mean stand size was 18 ha (range 4–35 ha), and birds and beetles were surveyed within a 

circle with a 50-m radius in each stand (see below), placed within each stand in such a way as to cover 

a homogenous forest area. 

The dominant forest site types [59] in the stands were of mesic and moist dwarf-shrub type, both 

with Vaccinium myrtillus L. as the dominant species in the field layer and the more productive herb 

dwarf-shrub type with some meadow herbs (Geranium silvaticum, Oxalis acetosella) and grasses. The 

tree layer was dominated by a mixture of Scots pine and Norway spruce with a minor component of 

birch (Betula pubescens and B. pendula), Eurasian aspen (Populus tremula), goat willow (Salix caprea) 

and grey alder (Alnus incana). The management histories of the stand types were reflected in a 

gradually decreasing proportion of the early-successional Scots pine from younger to older stands. 

Deciduous trees were most abundant in young stands, reflecting the fact that the deciduous species 

found in the study area are all shade-intolerant pioneers. The late-successional Norway spruce showed 

the opposite pattern, being most abundant in older stands. 
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2.2. Beetle Sampling 

We sampled beetles in a total of 42 stands, of which 9 lay outside of the ALS-scanned area, yielding 

a final set of 33 study stands with both beetle and ALS data. All analyses based on the beetle data 

(involving ALS and/or kNN variables; see below) were based on these 33 stands. In each study stand, 

we deployed 10 pitfall traps between 14 June and 5 August 2009 and three IBL2® window (i.e., flight 

interception) traps between 14 June and 16 September 2009. The pitfall traps consisted of a 150-mL 

plastic container (ø 65 mm) buried so that the edge was level with the ground. To prevent rain water 

from flooding the traps, we placed a metal roof five cm above each trap. In each of the stands, pitfall 

traps were placed with one trap at the center of the survey circle and the rest in three transects 

comprising three traps each, heading north, southwest and southeast from the center. The between-trap 

distance along the transects was 15 m. 

In each site, the three IBL2® window traps, each with a flight intercept surface of 0.35 m2, were 

placed at a height of 1.5–2 m, 50 m from each other in a triangle centered on the stand’s midpoint to 

cover different flight directions. The insect traps were filled with 70% propylene glycol to preserve the 

insects and some detergent to reduce surface tension [60]. All beetles were sent to an expert 

taxonomist for determination. Nomenclature and taxonomy of beetles follow Silfverberg [61]. 

2.3. Bird Sampling 

We surveyed birds in a total of 62 stands, of which 15 lay outside of the ALS-scanned area, yielding 

a final set of 47 study stands with both bird and ALS data. All analyses based on the bird data 

(involving ALS and/or kNN variables; see below) were based on these 47 stands, of which 33 were 

also used for the beetle models. We used point counts with a fixed radius of 50 m and an observation 

time of 7.5 min per visit. Each point count station was visited 6 times in total, in mornings with 

favorable weather conditions (i.e., no strong wind or rain), three times during the early spring  

(1 April–7 May 2010; from 05:30 to 10:30 a.m.) and three times during the late spring (25 May to  

20 June 2009; from 04:00 to 09:00 a.m.). We recorded all bird individuals heard or seen within the  

50-m observation radius, except birds flying over the plot without landing. Based on the data from all 

six visits for resident species and the three late-spring visits for migrants, we estimated the number of 

breeding pairs for each species at each point count station. 

2.4. Forest Estimates Derived from Satellite Images 

We extracted data from kNN-Sweden 2010, which provides estimates of forest age, basal  

area-weighted tree height, total stem volume and the proportions of different tree species in a raster 

with a resolution of 25 m × 25 m [62]. The forest estimates are based on forest data from the Swedish 

National Forest Inventory (NFI) combined with satellite images from SPOT 4 and SPOT 5 [17]. The 

estimation is done with k nearest neighbors (kNN) imputation from the digital numbers of the satellite 

images. The estimates are most accurate for stem volume and slightly less accurate for tree species and 

tree height in middle-aged and old forest [17]. 

Variables describing the forest conditions were derived as mean values across all 25 m × 25-m 

raster cells within circles of a 50-m radius (i.e., within a homogenous forest stand) and a 200-m radius  
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(i.e., including also parts of adjacent stands) with the same center as the survey circles (Table 1). A 

given raster cell was included if its center fell inside the circle. 

Table 1. Summary description of the initial set of variables derived from kNN and ALS. 

All variables depict the mean value (and standard deviation in the case of ALS_MaxHsd) 

calculated across all raster cells encompassed by the study plot. Each variable exists in two 

variants corresponding to the two radii where the explanatory variables were extracted 

from the initial raster: 50 and 200 m. Elsewhere in the article, the radius is specified by 

adding a suffix to the variable name (e.g., kNN_Age50). 

Variable Description 
Initial Raster Cell Size 

(m × m) 

kNN-Based Variables 

kNN_Age Mean estimated forest age 25 × 25 

kNN_Height Mean estimated tree height 25 × 25 

kNN_Pine Mean estimated proportion of Scots pine stem volume 25 × 25 

kNN_Spruce Mean estimated proportion of Norway spruce stem volume 25 × 25 

kNN_Deciduous Mean estimated proportion of deciduous (i.e., broadleaved) tree stem volume 25 × 25 

kNN_Volume Mean estimated total stem volume 25 × 25 

ALS-Based Variables 

ALS_95Height Mean of the 95th percentile of height above the ground 10 × 10 

ALS_HighVeg Mean of the fraction of returns ≥ 3 m above the ground of all returns 10 × 10 

ALS_LowVeg 
Mean of the fraction of returns ≥ 0.5 m above the ground  

of all returns ≤ 3 m above the ground 
10 × 10 

ALS_ShanH Mean of Shannon’s diversity index for height 10 × 10 

ALS_MaxH Mean of the maximum height 1 × 1 

ALS_MaxHsd Standard deviation of the maximum height 1 × 1 

2.5. ALS Data 

The ALS data were acquired on 3 and 5 August 2008, using a TopEye system S/N 425 with a 

wavelength of 1064 nm and a flying altitude of 500 m above the ground. The first and last returns were 

saved for each laser pulse, and the average density of returns was 5 m−2. Laser returns were classified 

as ground or non-ground, and the ground returns were used to derive a digital elevation model (DEM) 

with 0.5-m raster cells. The height above the ground was calculated for each laser return by subtracting 

the height of the DEM. 

The following metrics were calculated from the ALS data including all returns for each 10 m × 10 m 

raster cell (i.e., large enough to contain several trees per cell) within the study radius: 

• The 95th percentile of vegetation height above the ground (95Height). This variable depicts a 

general measure of the canopy height. 

• The fraction of returns ≥ 3 m above the ground of all returns (HighVeg). This represents a 

general measure of higher-level foliage density, i.e., excluding vegetation below 3 m. 

• The fraction of returns ≥ 0.5 m above the ground of all returns ≤ 3 m above the ground 

(LowVeg). This represents a general measure of lower-level foliage density below 3.0 m. 



Remote Sens. 2015, 7 4239 

 

• Shannon’s diversity index for the proportion of returns in height intervals 0.5–3 m, 3–10 m and 

10–35 m above the ground within each raster cell (ShanH). This provides an index of foliage 

height diversity (sensu [63]). 

In addition to the above-mentioned variables, we derived maximum vegetation height (MaxH) for  

1 m × 1 m cells (i.e., to capture the variation at the tree level). We then calculated the mean value of 

ALS_MaxH across all 1 m × 1 m raster cells in the 50-m and 200-m circles. Here, we also calculated 

the standard variation across cells to provide an index of the fine-scale variation in the height of the top 

of the forest canopy. The ALS variables were derived as mean values across all 10 m × 10 m or  

1 m × 1 m raster cells in circles with a 50-m and 200-m radius centered on the study stands (Table 1), 

which is similar to methods used in earlier studies (e.g., [52,64–67]). 

2.6. Regression Models 

To test if ALS data or satellite-derived data products, or a combination of the two, can be used to 

identify important habitats for forest-dwelling beetles and birds in boreal forests, linear regression 

models with log-log transformations were fitted for the species richness and abundance of birds, 

beetles caught in the flight interception traps (“flying beetles”) and beetles caught in the pitfall traps 

(“epigaeic beetles”), respectively, as functions of the forest structure variables derived from kNN and 

ALS. We chose to use linear regression, because this is a parametric model that allows a biological 

interpretation of the results. The log-log transformations were based on the assumption of a 

multiplicative relationship between the response variables and the explanatory variables. The 

explanatory variables were transformed with the logarithm of the variable plus two, and the response 

variable was transformed with the logarithm of the variable plus one with the assumption that 

multiplicative models would fit best. To avoid issues of multicollinearity, only explanatory variables 

with a Pearson correlation coefficient ≤ 0.6 were retained for the analyses (Table 2) [68]. To achieve 

that, we removed the variables that were correlated with the highest number of other variables. The 

variables ALS_MaxH and kNN_Volume were strongly correlated with each other, but not with other 

variables. Considering the potential ecological importance of these two variables representing the ALS 

and kNN data, respectively, we included each of them separately in the model selection process. 

Hence, for each response variable and radius, we used one set of candidate explanatory variables 

including ALS_MaxH and another including kNN_Volume. Separate models were created for the 50-

m and 200-m radius. For each response variable and radius, the best model was selected based on the 

Akaike information criterion corrected for finite sample sizes (AICc) [68]. 

To study the ability of the models to predict species richness and abundance in the whole study 

area, we also performed leave-one-out cross-validation [69]: one field plot was excluded from the 

dataset; the models were estimated based on the remaining field plots; and the resulting model was 

used to estimate the species richness and abundance of the excluded field plot. The root mean squared 

error (RMSE) and bias were calculated from the results of Equations (1) and (2). 

ܧܵܯܴ = ඨ∑ ൫ ෠ܻ௜ − ௜ܻ൯ଶ௡௜ୀଵ ݊  (1)
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ݏܽ݅ܤ  = ∑ ( ෠ܻ௜ − ௜ܻ)௡௜ୀଵ ݊  (2)

where Yi is the field-observed species richness or abundance, ෠ܻ௜ is the estimated value in plot i and n is 

the total number of plots. The RMSE is a measure of the error of the estimated species richness  

and abundance. 

Table 2. Final set of candidate explanatory variables used for model selection (see Table 1 

for variable descriptions). For each of the two radii, model selection was performed 

separately for one set of candidate variables including ALS_MaxH and for another 

including kNN_Volume. 

50-m Radius 200-m Radius 

ALS_ShanH 50 ALS_ShanH 200 

ALS_LowVeg 50 ALS_LowVeg 200 

ALS_MaxH 50 or kNN_Volume 50 ALS_MaxH 200 or kNN_Volume 200 

kNN_Deciduous 50 kNN_Height200 

kNN_Pine 50 kNN_Deciduous 200 

 kNN_Pine 200 

To summarize the amount of evidence for each of the explanatory variables and, hence, to identify 

the variables that best explained species richness and the abundance of birds and beetles, we calculated 

the sum of AICc model weights for each variable across all models [68], separately for the sets of 

models with ALS_MaxH and those with kNN_Volume. As the models at the 50-m radius consistently 

performed better than the 200-m radius (see the Results Section), we only calculated the AICc weights 

for the models at 50 m. 

3. Results 

Both the kNN and ALS variables could explain a large proportion of the variation in species 

richness for birds and beetles. The explanatory power (i.e., adjusted R-squared) of the lowest-AICc 

models was relatively high, and it was higher for abundance and species richness of beetles than birds 

(Table 3). The highest explanatory power was found for species richness of epigaeic beetles (adj.  

R2 = 0.59). For each of the six response variables, the most parsimonious model based on variables 

derived within the 50-m radius had lower AICc and better explanatory power than the one based on the 

200-m radius. The RMSE calculated with leave-one-out cross-validation followed the same pattern: 

the RMSE was lower for the 50-m radius than for the 200-m radius. For the epigaeic and flying 

beetles, the bias was close to zero. For the birds, the bias was rather large and negative, although it was 

similar for the two radii. 

For the 50-m radius, the models based on the set of candidate variables including ALS_MaxH50 

performed better based on AICc than the ones including kNN_Volume50 in all cases. For the 200-m 

radius, the models including ALS_MaxH200 had a lower AICc than those including kNN_Volume200 

in all cases, except one (i.e., epigaeic beetle abundance). 
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Table 3. Models with the lowest corrected AIC (AICc) based on all possible combinations of the explanatory variables listed in Table 2 for 

each of the two radii. 

 

50 m Radius 200 m Radius 

Regression Model 
Adjusted 

R2 
AICc 

RMSE (Cross-

Validation) 

Bias (Cross-

Validation) 
Regression Model 

Adjusted 

R2 
AICc 

RMSE (Cross-

Validation) 

Bias (Cross-

Validation) 

Bird 

abundance 

+ALS_LowVeg50 ***  

+ALS_MaxH50 *** 
0.42 33.6 35.8% −16.7% 

+ALS_LowVeg200 * 

+ALS_MaxH200 *** 
0.21 48.0 37.9% −16.7% 

Bird species 

richness 

+ALS_LowVeg50 **  

+ALS_MaxH50 *** 
0.41 29.6 34.8% −17.4% 

+ALS_LowVeg200 * 

+ALS_MaxH200 ** 
0.20 44.1 36.8% −17.5% 

Flying beetle 

abundance 

−kNN_Pine50 * 

+ALS_MaxH50 *** 
0.53 33.1 39.6% −0.2% 

−kNN_Pine200 * 

+ ALS_MaxH200 ** 
0.38 42.6 45.7% 0.0% 

Flying beetle 

species 

richness 

−kNN_Pine50 *  

+ALS_MaxH50 *** 
0.47 6.2 23.5% −0.6% 

−kNN_Pine200 ns  

+ALS_MaxH200 ** 
0.28 16.2 26.9% −0.7% 

Epigaeic 

beetle 

abundance 

+ALS_MaxH50 *** 0.53 73.9 77.5% −0.5% +kNN_Volume200 *** 0.45 78.9 83.0% −0.5% 

Epigaeic 

beetle species 

richness 

−kNN_Pine50 *  

+ALS_MaxH50 *** 
0.59 29.5 32.9% −1.2% 

−kNN_Pine200 **  

+ ALS_MaxH200 *** 
0.57 30.3 36.5% −0.8% 

*** p < 0.001; ** p < 0.01; * p < 0.05; ns p > 0.1. 
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For all six response variables, the variables ALS_MaxH50 and kNN_Volume50 had the highest 

sum of AICc model weights among all predictors in their respective sets of models (50-m radius; 

Tables 4 and 5). The sign of these two variables was positive. For bird abundance and species richness, 

the variable ALS_LowVeg50 had the second highest sum of AICc model weights with a positive sign.  

For flying and epigaeic beetle abundance and richness, the variable kNN_Pine50 had the second 

highest sum of AICc model weights with a negative sign for four response variables where 

ALS_MaxH50 was included as a candidate variable (Table 4). 

Table 4. Explanatory variables with the sum of AICc model weights and their signs for 

models at the 50-m radius including ALS_MaxH50. 

 kNN_Deciduous50 kNN_Pine50 ALS_MaxH50 ALS_LowVeg50 ALS_ShanH50 

Bird abundance 0.26 (−) 0.27 (−) 1.00 (+) 0.99 (+) 0.22 (−) 

Bird species richness 0.27 (−) 0.23 (−) 1.00 (+) 0.98 (+) 0.22 (−) 

Flying beetle abundance 0.23 (+) 0.89 (−) 0.99 (+) 0.43 (−) 0.23 (+) 

Flying beetle species richness 0.21 (+) 0.72 (−) 0.99 (+) 0.24 (−) 0.22 (−) 

Epigaeic beetle abundance 0.26 (+) 0.34 (−) 1.00 (+) 0.25 (+) 0.23 (−) 

Epigaeic beetle species richness 0.22 (+) 0.91 (−) 0.99 (+) 0.22 (+) 0.70 (−) 

Table 5. Explanatory variables with the sum of AICc model weights and their signs for 

models at the 50-m radius including kNN_Volume50. 

 kNN_Deciduous50 kNN_Pine50 kNN_Volume50 ALS_LowVeg50 ALS_ShanH50 

Bird abundance 0.30 (−) 0.23 (−) 1.00 (+) 0.73 (+) 0.23 (+) 

Bird species richness 0.31 (−) 0.22 (+) 1.00 (+) 0.68 (+) 0.23 (−) 

Flying beetle abundance 0.21 (+) 0.71 (−) 0.92 (+) 0.84 (−) 0.27 (+) 

Flying beetle species richness 0.23 (−) 0.55 (−) 0.84 (+) 0.54 (−) 0.32 (−) 

Epigaeic beetle abundance 0.20 (+) 0.22 (−) 1.00 (+) 0.25 (−) 0.21 (−) 

Epigaeic beetle species richness 0.20 (+) 0.46 (−) 0.98 (+) 0.24 (−) 0.31 (−) 

4. Discussion 

4.1. Can ALS and Satellite-Derived Data Products Be Used to Identify Species Richness and 

Abundance Hotspots for Beetles and Birds in Managed Boreal Forest? 

The facts that the best regression models based on ALS and satellite-derived data products were 

statistically significant and had relatively high explanatory power suggest that relatively simple models 

containing one or two ALS or satellite-derived variables have potential for being used to identify 

patches with high species richness or abundance of birds and beetles in boreal forest landscapes. Our 

findings are in accordance with the results of studies performed in temperate forests [50,51,66,67,70], 

as well as with a recent study linking ALS data and bird species richness at boreal latitudes [52]. 

Hence, the fine-grained quantification of habitat structure allowed by ALS data can be useful for 

predicting species richness patterns in birds [50]. 

The satellite-derived data products were forest estimates based on forest data from the Swedish NFI 

combined with satellite images. Alternatively, the models could also have been defined as functions of 
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information derived directly from the satellite images, for example NDVI. This would require either a 

thorough analysis of the mathematical relation between the response and explanatory variables or the 

use of non-parametric models. One advantage of using the forest estimates as explanatory variables is 

that a biological interpretation of the models is possible, in particular with parametric models, such as 

linear regression. 

4.2. Do the Models Perform Better When the Explanatory Variables Are Derived at the Scale of 

Homogenous Forest Stands or at a Scale Including Also Parts of Adjacent Stands? 

The superior performance of models based on vegetation data from a 50-m radius compared to  

a 200-m radius suggests that birds and beetles are most strongly influenced by forest structure in the 

immediate vicinity of the sampling site. Ranius et al. [71] found that the spatial scale at which beetle 

and bug (Hemiptera) species on average had their strongest response to habitat characteristics was  

93 m. However, a recent review of how habitat characteristics at different scales influence species 

richness in saproxylic species reports large variation in patterns between taxonomic groups [72]. Our 

results indicate that a radius of 200 m encompasses a too large of an area to detect a strong relation 

between forest structure and bird/beetle species richness. This is probably a consequence of the rather 

fine spatial grain of our study landscape: the area encompassed by a radius of 50 m was always 

confined to a forest patch with rather homogenous characteristics, whereas a radius of 200 m typically 

included forest whose age, height and vegetation structure may have differed widely from the area 

where the bird/beetle data were collected. Other bird studies indicate that local stand variables are 

important predictors of bird species richness, although some also highlight the importance of the 

broader landscape context [50,73]. As such, our results do not contradict previous findings, 

highlighting the importance of the landscape context for explaining local biodiversity patterns  

(e.g., [14,74]), because we did not specifically evaluate additional effects of the landscape context after 

accounting for local-scale conditions. Additionally, although 50 m performed better, it is not 

necessarily the optimal radius, and more research would be needed to determine the best radius.  

Still, our results highlight the importance of matching the scale of the data with that of the  

ecological response. 

4.3. Do ALS and Satellite-Derived Data Products Provide Complementary Types of Information for 

Predicting Biodiversity Patterns? 

The fact that all best models for a 50-m radius (and all but one at the 200-m radius) contained ALS 

variables suggests that ALS data can improve our ability to predict species richness and abundance of 

birds and beetles substantially compared to commonly-used satellite-derived data products. For birds, 

the best models contained ALS-derived variables only. Studies from North America also indicate that 

ALS is very useful for explaining pattern of species richness in birds [50]. For beetles, our results 

indicate that a combination of ALS data about forest height and satellite-derived data products 

depicting tree species composition would provide the best explanatory power. This is consistent with 

past findings that tree species composition is an important predictor of species richness in beetles [75]. 

Hence, ALS and the satellite-derived data products may provide largely complementary information of 

value for describing forest habitats, with ALS providing fine-resolution data about vertical forest 
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structure and the satellite-derived data products providing information about tree species composition, 

which is harder to derive from ALS (e.g., [76,77]). 

4.4. Which Specific Variables Derived from These Two Remote Sensing Sources Can Best Explain 

Biodiversity Patterns for Beetle and Bird Species in Managed Boreal Forests? 

The approach to calculate the sum of AICc model weights for each variable across all models meant 

that all possible combinations of explanatory variables were included: ALS only, satellite-derived only 

and combinations of ALS and satellite-derived variables. For a radius of 50 m, the best model for all 

six response variables contained the variable ALS_MaxH, and this variable had the highest sum of 

AICc weights across models. Similarly, kNN_Volume had the highest sum of AICc weights for all 

models where it was used instead of ALS_MaxH. ALS_MaxH describes the mean height of the forest, 

whereas kNN_Volume describes the mean stem volume, both of which generally increase with the age 

of the forest. The higher sum of AICc weights for the models where ALS_MaxH was used can be 

related to the higher accuracy of that variable compared to kNN_Volume. One possible explanation for 

the positive relationship between the forest height or volume and species richness is that tall or high-

volume forest is expected to hold larger amounts of green biomass and, hence, provide more 

productive energy for birds and insects, which, in turn, may result in larger numbers of individuals and 

higher species richness [78]. Moreover, older forest usually contains higher abundances of rare 

substrates, such as dead wood and dying trees [34], which are important for many boreal beetle and 

bird species [79–81]. In a study from Canada, Janssen et al. [82] found that the species richness of 

flying beetles increased with the basal area of large trees, the amount of dead wood and the 

heterogeneity of the tree species composition. Overall, our findings are in accordance with previous 

studies showing a positive correlation between forest age and the species richness of beetles [23,24], 

birds [83] and other taxonomic groups [15]. 

The importance and positive sign of the variable ALS_LowVeg for abundance and species richness 

of birds suggests that a high density of low vegetation benefits bird diversity. This is consistent with 

previous studies showing that many boreal forest bird species perform better in layered stands [33]. 

Previous studies including ALS data have also found a positive correlation between bird species 

richness and the density of low vegetation [51], as well as canopy and midstory height and  

midstory density [84], although different bird guilds seem to benefit from different forest  

structures [19,51,84,85]. 

The negative sign of the variable kNN_Pine for flying and epigaeic beetle abundance and richness 

suggests that a smaller proportion of pine benefits those species. This is consistent with existing 

knowledge about the habitat needs of these species. For example, the number of wood-living species 

associated with Scots pine is lower than for Norway spruce in Fennoscandia [86]. Furthermore, pine is 

usually associated with sites of lower productivity than spruce, which might also contribute to lower 

numbers of species and individuals in pine-dominated sites [87]. The negative relationship could also  

be related to the lower proportion of pine in older forest stands in the study area. However, the 

dependence on the age and size of the trees was accounted for, since the models also included 

ALS_MaxH or kNN_Volume. 
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The regression models included only a subset of the original variables derived from the  

remotely-sensed data since some variables were removed to avoid multicollinearity issues. All 

removed variables had a strong positive correlation with ALS_MaxH and kNN_Volume. The removed 

variables were related to forest height and forest age, but also to the proportion of Norway spruce and 

the density of vegetation ≥ 3 m above the ground. Since ALS_MaxH and kNN_Volume were the most 

important explanatory variables based on AICc, the biodiversity patterns may alternatively be 

explained by forest age, the proportion of Norway spruce and the density of vegetation ≥ 3 m above  

the ground. 

A recent review of ecosystem mapping from ALS data found that increased structural heterogeneity 

in the canopy layer favored most flying vertebrate species, while canopy height and cover and the 

density of understory vegetation showed mixed results for bird and bat diversity, although several 

studies reported that bird diversity and individual bird species increased with increasing understory 

plant density [19], which is consistent with our results. The same review found that the most important 

property for beetle biodiversity was variability in the canopy height. In our study, the explanatory 

variable expressing this, ALS_MaxHsd, was removed due to its high correlation with ALS_MaxH, 

which was the most important variable in the models. Our study included both ALS data and forest 

estimates derived from satellite images, which enabled comparison of the data sources, as well as a 

biological interpretation of the satellite-derived variables. 

5. Conclusions 

Information derived from remotely-sensed data (ALS data and satellite-derived data products)  

can clearly be used to identify habitats associated with high species richness and abundance of  

forest-dwelling beetles and birds in boreal forest. 

Satellite-derived data products and ALS data provide useful information for explaining  

stand-scale biodiversity patterns in beetles (R2 = 0.47–0.59) and to a somewhat lesser extent in birds  

(R2 = 0.41–0.42). Mean canopy height and total stem volume, which are largely indicative of forest 

age, were positively related to bird and insect species richness. A likely explanation is that older 

forests usually hold larger amounts of critical resources for bird and beetle species, especially if they 

have never been clear-felled. The models based on variables derived within the 50-m radius had lower 

AICc (average 26%–29%) and better explanatory power (average 57%–91%) than those based on the 

200-m radius. 

For the 50-m radius, the mean canopy height derived from ALS data performed better based on 

AICc than the mean total stem volume from kNN (average 17%). 

For birds, the second highest sum of AICc model weights was found for the density of low 

vegetation derived from ALS data (0.98–0.99 and 0.68–0.73) with a positive sign. This suggests that 

denser low vegetation benefits bird species richness and abundance. For flying beetles and epigaeic 

beetles, the second highest sum of AICc model weights was found for the estimated proportion of pine 

from kNN (0.72–0.91 and 0.46–0.71) with a negative sign in three models. This suggests that a smaller 

proportion of pine benefits those species. In our models, ALS data contributed mostly with information 

about the structure and height of the forest vegetation, while the satellite-derived data products 

contributed with information about the tree species composition of importance for beetles. 
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Based on our findings, we encourage researchers and managers to utilize remotely-sensed data to 

identify potential biodiversity hotspots across boreal landscapes. Combining ALS data with satellite 

images could provide an effective tool for identifying areas that should be prioritized as set-asides or 

core areas in forest conservation planning. 
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