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Abstract
In this work, we present a study about the application of bi-temporal, large interval aerial laser scans for constructing 
of tree growth models and estimating site index quality based on the measured increments from the laser scans. We 
compared two LiDAR scans with 14 years of difference in the national park area, where most areas are unmanaged. 
We derived the increment curve based on the Chapman-Richard growth formula. We used site index estimates from 
forest management plans from the national scale as the ground truth (both absolute and relative). We constructed 
three predictive models for site index estimates from bi-temporal scans, in modalities with and without stand age. 
Including the stand age improved all models, but even without the age, the models performed relatively well for dif-
ferentiation between better and worse sites. At this moment, it is not directly possible to estimate age from remotely 
sensed data, but consistent monitoring, with laser scanning or photogrammetry, undoubtedly detects the harvest 
or dieback, so in the future, age can be considered as a variable easily estimated from remotely sensed data and so 
remote sensed material are viable source for understanding of forest growth and production.
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1. Introduction

Knowledge about forest growth and development is one 
of the key pieces of information for sustainable forest 
management. Since the first inventories were based on 
permanent plots and their repeated measurements, the 
technology for estimating forest/tree growth has devel-
oped through dendrochronological methods till sophis-
ticated 3D techniques based on architecture measure-
ments (Antonelli 1992).

As the mensuration technologies developed, so have 
developed prediction techniques for forest growth. 
According to (Kurth & Anzola Jürgenson 1997), three 
main groups of models can be distinguished: empirical 
(also termed as aggregated), process-based, and mor-
phological. The empirical models are mostly based on 
direct observation of the modeled variable like height, 
dbh, etc., and use mathematical functions from relatively 
simple ones (Richards 1959; Zhao-Gang & Feng-Ri 
2003; Nigul et al. 2021) to sophisticated mathemati-
cal methods allowing prediction of variety of behavior 
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(Cieszewski et al. 2000; Cieszewski 2001; Cieszewski 
& Strub 2018). The second class of models is called pro-
cess based or often mechanistic because of the underlying 
models for mechanism and processes including photo-
synthesis, respiration, etc. The third class, according to 
(Kurth & Anzola Jürgenson 1997), is called the morpho-
logical group of models which belongs to the description 
of plant’s structure and development and systems aiming 
to provide structural information with the possibility of 
prolonging the prediction of future. Each of the modeling 
techniques can be differently linked to data. Authors gen-
erally use an empirical approach with variables directly 
estimated from remotely sensed material. To improve the 
forest inventory, it is advisable to include negative or zero 
values of height increment in the dataset. When predict-
ing height increment, the difference in modeled heights 
– can be improved by using random effects models that 
explicitly account for observations of negative or zero 
height increments. Uncategorized these values can lead 
to models that are not fully representative of the entire 
population of trees being measured (Woo et al. 2020).
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In recent years, LiDAR technology has gained great 
significance in the forestry sector (Muhamad-Afizzul 
et al. 2019; Goodbody et al. 2021) describe several pos-
sibilities of incorporating airborne laser scanning into 
sustainable forest management and describing how the 
LiDAR is increasingly important as a meaningful method 
for sustainable management, not only from productive 
point of view but also from point of view of biodiversity 
mapping, forest structure, ecosystem services and others. 
With the help of ALS, we can also obtain very accurate 
height estimates. If we also know what dominant species 
is expected in a stand, even if we do not have more detailed 
information about species composition, accurate volume 
estimates can be generated (Tompalski et al. 2014). How-
ever, several challenges could still be focused on in the 
future so that data from remote sensing is used more in 
forest inventory and monitoring programs (Fassnacht 
et al. 2023). Remote sensing provides opportunities to 
gather a wealth of information on forest attributes. In the 
last decade, advances in these processing technologies 
and algorithms have been rapid (White et al. 2015), ena-
bling and facilitating the use of this data in forest moni-
toring. High-resolution three-dimensional data are use-
ful in forest inventory (Vauhkonen et al. 2014). LiDAR 
technology is also suitable for clearcut detection. LiDAR 
technology is also suitable for clearcut detection. When 
we compare the technology of highly detailed image point 
clouds (IPCs) from aerial stereo images (which is usually 
cheaper than LiDAR) and LiDAR, this technology can 
detect major changes in the vegetation but is incapable 
of detecting minor changes, similar to LiDAR data (Ali-
Sisto & Packalen 2017).

At present, the impact of global climate change 
and the ever-increasing concentration of CO2 in the air 
emphasize its sequestration. Forest ecosystems bind 
more carbon than all other terrestrial ecosystems (Næs-
set et al. 2011). Data from laser scanning has also found 
application in this area, where we can estimate above-
ground and underground biomass (Silva et al. 2013). 
We can use the data difference from two time intervals 
to detect the change in biomass (Bollandsås et al. 2013). 
Reliable estimates of carbon stocks are also affected 
by the field plot size. From the technical point of view, 
increasing the plot size is relatively more efficient when 
ALS is used to enhance the estimates (Mauya et al. 2015).

Repeated measurements (separated by a time inter-
val) of the same tree or stand can assess growth from 
remote sensing. Time differences in remote sensing data 
usually indicate growth directly or indirectly. LiDAR 
data, with the help of which we can derive the age, we 
can divide it into bitemporal (Ma et al. 2018) or mul-
titemporal (Yu et al. 2005). Repeated measurements 
may be a substitute for measurements from permanent 
or temporary sample plots. It can be expected that with 
the improvement of technology and the reduction of 

costs, the accuracy of the estimate of height increments 
will increase (Socha et al. 2017). The first mentions in 
the current literature can be found in the work (Næsset 
& Gobakken 2005), where the authors compare a shorter 
interval with a difference of 2 years (1999 and 2001) and 
evaluated the change in forest conditions using LiDAR 
data and found the difference in 50th and 90th height per-
centile with the help of which they predicted a change 
in height, basal area, and volume. These data could pre-
dict the growth of variables over two years, even though 
the accuracy of measurements was low. There are two 
methods for deriving forest information from airborne 
laser scanning: Individual Tree Detection (IDT) (Yu et al. 
2010) and Area Based Approach (ABA) (Tompalski et al. 
2015c). The above-mentioned area-based approach for 
processing data from laser scanning for forest inven-
tory has been used in Scandinavia since 2002 (Patočka 
& Mikita 2016). 

The new approach was tested by utilizing airborne 
laser scanning (ALS), where (Tompalski et al. 2016) 
derived forest stand attributes to determine future growth 
and yield. A combination of ALS and DAP can be used to 
estimate growth and yield. The use of a combination of 
laser scanning data and digital photogrammetry to model 
growth and yield was described in the article (Tompal-
ski et al. 2018), where used two three-dimensional point 
cloud datasets from ALS (airborne laser scanning) and 
DAP (digital aerial photogrammetry). ALS can also be 
used in combination with satellite time series (Tompalski 
et al. 2015a) or aerial hyperspectral images (Bollandsås 
et al. 2019). LiDAR data is also suitable for estimating 
site index (SI). The authors (Noordermeer et al. 2018) 
used the estimation of heights from bitemporal laser data 
to estimate the site index of the area-based approach. 
The use of bitemporal data and an area-based approach 
proved to be suitable for estimating site index with rea-
sonable accuracy. Utilizing bitemporal ALS data for site 
index determination necessitates the undisturbed height 
growth of dominant trees. The data effectively distin-
guished disturbed from undisturbed forest areas with 
moderate to high accuracy in complex temperate mixed 
wood forests. The exclusion of disturbed forest areas 
substantially improved the fit statistics of SI prediction 
models (Moan et al. 2023).

In this work we try to estimate the site index (absolute 
and relative) from repeated LiDAR scan, and we hypoth-
esize that the initial and differential rasters can be suf-
ficiently predicting these site indices and forest growth. 
We also hypothesize that forest age can increase the accu-
racy of the models, though it is not at the moment directly 
accessible variable from remote sensing, in future with 
continuous long term it might be possible to estimate age 
from remote sensing materials. For estimation of site 
index we used linear regression and machine learning 
(random forest) for comparison of performance.
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2. Material and methods

2.1.	Study area 

Our area of interest for our research is The Bohemian 
Switzerland National Park. It is in the north-west of 
the Czech Republic, where the state border separates 
it from Germany and the Saxon Switzerland National 
Park (Fig. 1) (50°53'0.7"N, 14°23'21.6"E). The altitude 
ranges from 120 m above sea level (Labe near Hřensko) 
to 619 m above sea level (Růžovský vrch). The average 
rainfall here is 600 to 800 mm per year, and the aver-
age temperature is between 7 and 8 °C. There are mostly 
acid soils formed on sandstones with the predominant 
soil type cambium. Forest vegetation stages are in this 
area: oak-beech 32.7%, fir-beech 60.3%, spruce-beech 
7.0%. The park is 79.23 km2 and it is a partially uncul-
tivated area.

Remnants of the original forests have been preserved 
in the form of so-called relict pines and in deep ravines 
where the original form of spruce can still be found. 
In some places, remnants of deciduous forests have 
also survived, including beech forests, warm-loving oak 
forests and floodplain forests that are linked to water-
courses.

Bi-temporal data from the Bohemian Switzerland 
National Park were used in our research. The first 
laser data was from 2005, acquired by the Technical 
University of Dresden (TU Dresden) made company 
TopoSys Topographische Systemdaten GmbH, Biber-
ach. The density of points during laser scanning was 
in, on average, 4 points/m2. The second laser data was 

from 2019, acquired by commercial company Primis. 
The density of points during laser scanning was, on 
average, 15 points per m2.

2.2. Processing of data

The laser data from 2005 was in binary data format 3d3 
and 3d3i (format from TopoSys) and has a structure 
according to the type of scanner used. Therefore, for 
further processing, the data in these formats were con-
verted to text format using TopoSys Converter V.2.2.0. 
Because it was a large amount of data, it was necessary 
to divide the territories into smaller parts and convert it 
gradually. With this software, the data were exported to 
a basic text file with records for each point in the form X, 
Y, Z, T (time), I (intensity, for the data of the last reflec-
tion) (Bruna et al. 2012). The disordered point cloud, 
which has about 12 billion points, must be filtered and 
classified.

Point cloud filtering, classification rasterization  
and generating a DTM
Filter and classification were done in the software envi-
ronment PDAL running on Anaconda. PDAL, used to 
classify ground, returns the Simple Morphological Filter 
(SMRF) technique, which is based on finding the mini-
mum z-value in a chosen buffer and angle connection to 
the closest point. The algorithm discriminated the points 
into two groups, ground and non-ground. First, the out-
lier filter merely classifies outliers with a Classification 
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Fig. 1. The study is in the context of the Czech Republic, and examples of dead and alive forest stands.
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value 7. These outliers are then ignored during SMRF 
processing with the ignore option. Finally, we added 
a range filter to extract only the ground returns (i.e. Clas-
sification value of 2) (PDAL 2022a).

We used PDAL to generate a raster surface using 
a fully classified point cloud with PDAL’s writers.gdal. 
PDAL capability to generate rasterized output is provided 
by the writers.gdal stage (PDAL 2022b).

(PDAL 2022b) PDAL was used to generate an eleva-
tion model surface using the output from the filtering. 
PDAL’s writers.gdal operation, and GDAL to generate 
an elevation and hillshade surface from point cloud data 
(PDAL 2022c).

The spatial analysis was done using ArcGIS Pro Esri® 
(Fig. 2). The minus subtracts the value of the second 
input raster from the value of the first input raster on 
a cell-by-cell basis.

For estimation of pure biomass expansion, we eliminated 
data where the increment was larger than 15 meters, 
which corresponds to the largest increments found in 
Czechia growth and yield tables (Černý et al. 1993). We 
also eliminated negative increment, which can be under-
stood as either harvested area or influenced by some kind 
of disturbance causing decreased height (tree top break, 
snow damage, etc.).

ArcGIS Change Detection function
The geo-processing tools within the Change Detection 
toolset enable the execution of basic change detection 
analyses between raster datasets. Additionally, the Com-
pute Change raster function can be employed for real-
time change detection between two raster datasets.

For change detection across a time series of raster 
images, one can utilize either the Analyze Changes Using 
CCDC tool or the Analyze Changes Using LandTrend 
tool. Each tool can be linked with the Detect Change 
Using Change Analysis Raster tool to ascertain details 
about the timing and extent of changes for each pixel 
time series (Change Detection in ArcGIS Pro, ArcGIS 
Pro 3.2).

We used Zonal statistics as data source for numeri-
cal descriptions of changes in the two periods. The fol-
lowing variables are obtained automatically as potential 
predictors:

MEAN – The average of all cells in the value raster that 
belong to the same zone as the output cell;
MAXIMUM – The largest value of all cells in the value 
raster that belong to the same zone as the output cell;
MEDIAN – The median value of all cells in the value ras-
ter that belong to the same zone as the output cell;
MINIMUM – The smallest value of all cells in the value 
raster that belong to the same zone as the output cell;
PERCENTILE 90 – The percentile of all cells in the value 
raster that belong to the same zone as the output;
RANGE – The difference between the largest and small-
est value of all cells in the value raster that belong to the 
same zone as the output cell;
STANDARD DEVIATION – The standard deviation of 
all cells in the value raster that belong to the same zone 
as the output cell;
SUM – The total value of all cells in the value raster that 
belong to the same zone as the output cell;
VARIETY – The number of unique values for all cells 
in the value raster that belong to the same zone as the 
output cell (Zonal Statistics as Table (Spatial Analyst, 
ArcGIS Pro 3.2).

Verification data
In the Czech Republic, to assess site quality, site index is 
used. Currently, the most used variable is stand height, 
based on the mean or dominant height of the stand. Site 
index can be absolute or relative. Relative site index 
expresses the relative quality of the site, while absolute 
site index directly indicates the values of the mean heights 
of stands, usually at 100 years.

Statistical modelling and machine learning based 	
model creation
The statistical analysis was done using software R ver-
sion 4.2.3 (R Core Team 2023). Firstly, increments were 
modeled over the age and mean height, respectively. The 
nonlinear package (nls2) was used to fit the incremen-
tal form of the Chapman-Richards function (equation 1) 
(Richards 1959).

The function is one of the potential candidates for such 
work, and future work may include more detailed analy-
sis and deployment of other functions available (Kuželka 
& Marušák 2015). For linear model creation, we used 
forward stepwise regression, with starting variables all 
available from remotely sensed data: first set from 2005 
and second from the difference between 2005 and 2019 
(the variables are standard zonal statistics variables 
from ArcGIS Zonal toolbox). The machine learning 
approach for model creation was done by deploying the 
RandomForest package v 4.7-1.1. The model’s accuracy 
was estimated by confusion matrix and by the accuracy 
provided from the model. For both cases (absolute and 
relative site index), the values were transformed into fac-
tors and modelled as discrete classes.

Fig. 2. Illustration of Minus function in software ArcGIS Pro 
Esri ® (Minus (Spatial Analyst, ArcGIS Pro 3.2)).

y = a(1 – e–bt)c [1]
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3. Results

The distribution of all changes between 2005 and 2019 
is shown on the map (Fig. 3). The larger red areas repre-
sent clearcuts resulting from the preliminary removal of 
bark beetle-attacked areas, an approach which was later 
abandoned in favor of natural evolution.

The Chapman-Richards growth model was used in 
its incremental (first derivative) form to fit the increment 
data. The data based on age are displayed in Fig. 4 left and 
based on mean height in Fig. 4 right.

It is possible to observe that the overall known and 
expected dynamics of the increments follow the typical 

Fig. 3. The distribution of height changes between years 2005 and 2019.

Fig. 4. The Chapman-Richards growth model input data. The left part shows the data based on age, and the right part shows the 
data based on mean height.

nonlinear shape, with lower starting values, immedi-
ately followed by the high values (young age), and then 
continuously decreasing to low values where it usually 
stabilizes. Such behavior is expected in all the growth 
curves as it describes the typical biological evolution of 
the organism, and most of the growth curves can easily 
be fitted over such data.

There are significant similarities when comparing 
increments over age and over height in 2005. The left 
chart shows increments from 2005 related to age status 
in 2019, and the right chart shows increments from 2005 
related to the height in 2005. Such growth models could 
be utilized for rough estimates of future height incre-



Growth model parameters for age:
Estimate Std. error t – val Pr ( > |t|)

a
b
c

3.23e+02
2.69e–02
1.57e+00

378e+01
1.3e–03
1.6e–01

23.468
20.241

9.798

< 2e–16
< 2e–16
< 2e–16 

AIC = 2,248.75

Growth model parameters for height:
Estimate Std. error t – val Pr ( > |t|)

a
b
c

1.03e+02
1.192e–01
1.916e+00

4.6e+00
4.7e–03
2.0e–01

22.174
24.923

9.437

< 2e–16
< 2e–16
< 2e–16 

AIC = 2,302.181

Table 1. The data for the Chapman-Richards growth model based on the age are shown on the left and based on mean height 
are on the right.
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ments, for example, mentioned by (Woo et al. 2020). 
As the authors also mentioned in their study, it is also 
good to incorporate negative or zero height increment 
observation into the model so that the resulting models 
better represent the total population of tree measure-
ments.

The resulting coefficients of the function fit are shown 
in Figure 5, upper row left and right, for age and mean 
height, respectively. The creation of height increment 
models is an interesting and important challenge. Espe-
cially local models for smaller areas might be of inter-
est for estimating site index and determining better and 
worse growth sites compared to the local average. On 
the other hand, given the existence of a global state site 

index system, the possibility of this growth curve might 
not be sufficient for the estimation and assessment of the 
nationwide site index scale. On the other hand, the state 
site index is available in the ground truth data from For-
est Management Plan, as mentioned in the Methods sec-
tion. Therefore, the classical statistical approach using 
linear regression can be evaluated for the assessment of 
the site index.

Distribution of values of absolute site index values. 
Fig. 6 shows the approximate normal distribution of the 
values, and it is also expected that the phenomena itself 
has a normal distribution in general. Despite this, the 
machine learning approach was also tested in model 2 
for the absolute site index.

Model1 – Regression model only using LiDAR for absolute 
site index estimation
This model was created for absolute site index estimation 
using a linear model approach. The resulting variables 
(those which are most significant to describe the fit are 
shown in Table 1). The most important predictors are 
median, mean, and 90th percentile differences.

The coefficient of determination of this model (R2) 
is equal to 0.277, which signals a significant correlation, 
though not very strong. On the other hand, the fact that 
there is a trend between variables found as significant 
predictors and predicted site index means that better and 
worse sites might be differentiated by the LiDAR only.

Fig. 5. Comparing increments over age and heights in 2005. 
The chart A shows increments from 2005 related to age status 
in 2017, and the chart B shows increments from 2005 related 
to the height in 2005.

Fig. 6. The approximate normal distribution of the absolute 
site index values.

A

B
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Table 2. The significant resulting variables of the model for absolute site index estimation without age. Multiple R-squared: 
0.2825, Adjusted R-squared: 0.2771, p-value: < 2.2e–16.

Estimate Std. error t – val Pr ( > |t|) significance
(Intercept)

diff_MEDIAN
r2005_PCT90

diff_MEAN
diff_PCT90

r2005_SUM
r2005_MAX

r2005_MEDIAN

2.20E+01
4.79E+00

–2.08E–02
–5.28E+00

1.13E+00
–4.42E–06

1.03E–01
1.51E–01

7.66E–01
6.36E–01
7.29E–02
9.38E–01
2.30E–01
1.64E–06
3.35E–02
5.72E–02

28.678
7.535

–0.285
–5.631

4.922
–2.697

3.086
2.647

0
1.17E–13
0.77576
2.38E–08
1.02E–06
0.00713
0.00209
0.00826

***
***

***
***
**
**
**

Table 3. The significant resulting variables of the model for absolute site index estimation with age. Multiple R-squared: 0.4439, 
Adjusted R-squared: 0.4384, p-value: < 2.2e–16.

Estimate Std. error t – val Pr ( > |t|) significance
AGE

r2005_PCT90
diff_MEDIAN

r2005_MEDIAN
r2005_STD
r2005_MAX
r2005_SUM
diff_MEAN

–6.71E–02
–4.40E–02

2.73E+00
3.19E–01
2.65E–01
1.18E–01

–4.92E–06
–2.64E+00

4.11E–03
7.36E–02
5.87E–01
5.92E–02
7.54E–02
2.96E–02
1.45E–06
8.50E–01

–16.335
–0.598

4.655
5.382
3.515
3.972

–3.395
–3.100

2.00E–16
0.550229
3.71E–06
9.36E–08
0.000461
7.67E–05
0.000715
0.001993

***

***
***
***
***
***
**

Table 4. The most important variables of the random forest 
model for absolute site index estimation without age. Overall 
Statistics: Accuracy: 0.3474, 95% CI: (0.2799, 0.4197.

diff_MEDIAN
r2005_MIN
diff_PCT90
diff_MEAN

r2005_SUM
diff_STD
diff_SUM

r2005_STD
r2005_MEDIAN

r2005_MAX
diff_MIN

r2005_PCT90
r2005_MEAN

r2005_RANGE
diff_RANGE

diff_MAX

100.0
87.8
72.5
71.6
67.0
63.8
59.3
56.9
54.9
52.5
50.1
35.7
34.1
34.0

4.0
0.0

Table 5. The most important variables of random forest model 
for absolute site index estimation with age. Overall Statistics: 
Accuracy: 0.4105, 95% CI: (0.3398, 0.484).

Age
r2005_MIN
r2005_MAX
r2005_STD

r2005_PCT90
r2005_MEDIAN

r2005_SUM
r2005_MEAN

diff_MIN
diff_STD
diff_SUM

r2005_RANGE
diff_MEDIAN

diff_PCT90
diff_MEAN

diff_RANGE

100
41.9061
33.8553
31.8844
30.9755
30.6710
30.2382
25.3025
25.2751
22.8977
18.6345
17.7695
14.9402
13.2787

4.9568
0.3649

Model1a – Regression model using LiDAR and age for 
absolute site index estimation
In this model the AGE variable obtained from Forest 
Management Plan was included among predictors.

The selected variable is again the median from the 
difference raster, but now the initial median and other 
starting predictors. The age was included by stepwise 
regression, and its inclusion increased the coefficient 
of determination to 0.438, which is approximately 0.16 
more. It is a significant improvement, and as mentioned 
before, the age of a stand or tree is not directly detectable 
from remotely sensed data, but in long term monitoring, 
it is possible to detect by the detection of clearcut or indi-
vidual tree breakdown.

Model2 – Model using machine learning for absolute site 
index without age
For comparison of model quality with relative site index, 
which does not have a normal distribution and is also not 

possible to be modeled by linear regression approach, 
we also constructed a predictive model for absolute site 
index using machine learning, more precisely random 
forest method.

The accuracy of the model is 0.3474. From the 
variable importance table, it is possible to observe that 
again, as in the linear model, the median of differences 
is selected as the most important variable, and approxi-
mately ten other variables alternatively from the starting 
year, and the difference contributes more than 50 percent 
to the final model.

Model2a – Model using machine learning for absolute site 
index with age
The model includes age in the predictors in this scenario, 
and similarly, as in the linear regression model, age is the 
most important predictor.
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Model3 – Model using machine learning for relative site 
index without age
In this model, we estimated the relative site index (bonita) 
with fewer levels than the absolute site index; the rela-
tive one has only nine classes, which are not linearly con-
nected as the absolute site index. Though it is possible to 
say that 1st class is better than 2nd class, it is not possible to 
claim that 1st class is twice as better as 2nd class. Therefore, 
the problem cannot be easily solved by linear modeling, 
and machine learning offers a much better approach.

This model has the highest accuracy of all models so far; 
again, among the most important variables is the median 
difference between the two scans.

Model3a – Model using machine learning for relative site 
index with age
In this model, similarly to previous models, age was incor-
porated into predictor variables. Also, it was selected as 
the most important predictor variable.

Table 6. The most important variables of the random forest 
model for relative site index estimation without age. Overall 
Statistics: Accuracy: 0.5105, 95% CI: (0.4371, 0.5836).

diff_MEDIAN
diff_MEAN
diff_PCT90

diff_STD
r2005_SUM

r2005_PCT90
r2005_MEDIAN

r2005_MEAN
r2005_MAX

r2005_RANGE
diff_SUM

r2005_STD
r2005_MIN

diff_MAX
diff_RANGE

diff_MIN

100
93.046
69.911
43.772
42.786
28.869
28.711
28.552
27.237
25.614
24.352
21.983
15.022

5.627
2.337
0

Table 7. The most important variables of the random forest 
model for relative site index estimation with age. Overall Sta-
tistics: Accuracy: 0.5368, 95% CI: (0.4632, 0.6093).

Age
diff_MEDIAN

r2005_MEDIAN
r2005_MAX

r2005_MEAN
r2005_STD
diff_MEAN

r2005_SUM
r2005_MIN

r2005_PCT90
diff_PCT90

r2005_RANGE
diff_SUM
diff_STD
diff_MIN

diff_RANGE

100
43.81
32.90
27.37
26.17
23.99
22.46
22.25
22.21
21.09
15.91
15.17
13.82
11.65
11.39

0.64

Despite using age as a predictor with the highest impor-
tance, this model did not improve as much as the previous 

one. The resulting accuracy is the highest among all pos-
sible models, age is the most important predictor, and 
the median of differences is among the most influential 
variables. On the other hand, the difference to the model 
without age is, in this case, rather small.

4. Discussion

Estimating site index quality using empirical growth 
models is of essential use for practical forestry. Previous 
studies show the potential of ALS data for modeling and 
observation of forest characteristics, especially site index 
(Guerra-Hernández et al. 2021). Tompalski et al. (2015a) 
estimated height from remote sensing to developed site 
productivity estimates. For the estimation of the domi-
nant height of the stand, they used ALS. Landsat time 
series was used to identify disturbances areas for stand 
age estimation. For fit, a site productivity guide curve was 
used for nonlinear regression for stands aged 7 to 32. 
Site productivity models were validated by Remote sens-
ing, inventory data, and existing and developed models. 
This method of data estimation is more suitable for young 
stands in areas lacking wall-to-wall forest inventory data.

After deriving the Site Index, we can predict the height 
of the stand at a given age. The authors (Tompalski et al. 
2015b) investigated the accuracy of height derivation 
from traditional site index (SI) curves and those meas-
ured using Airborne Laser Scanning (ALS) data. Their 
investigations showed a significant difference between 
the compared stand heights, influenced by factors such 
as stand complexity and canopy cover. On the other hand, 
the characteristics of elevation, slope, and aspect had less 
of an impact on site index estimation.

Parametric and non-parametric models can be used 
to model site index. According to a study (Watt et al. 
2015) parametric models have higher accuracy. It may 
also be the case that age information is not always avail-
able, although this value improves the accuracy of the 
model. In our study, we added age, and the results show 
that adding age increases the accuracy of the model.

For mapping and predicting, the site index is also 
used with repeated laser scanning (Noordermeer et al. 
2020; Socha et al. 2020). Socha et al. (2017) in their 
study, using airborne laser scanning data, they derived 
a site index for site-specific growth trajectories. Already, 
a five-year interval between data collection has proven to 
be sufficient.

It has been several years since the use of ALS technol-
ogy in forest inventories, and we can now use repeated 
scans with a time interval of up to 15 years (Noordermeer 
et al. 2019). Besides that, laser scanning can accurately 
detect the vertical distribution of forest vegetation com-
ponents. Detecting understory vegetation is possible with 
direct return and full-waveform recording methods but 
significantly more accurately with full-waveform (Cre-
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5. Conclusions

This study used distant bitemporal datasets from aerial 
laser scanning to estimate growth and site index qual-
ity. Initial and differential rasters were used as input data 
for models, and ground truth from Forest management 
plans was used to evaluate the accuracy of the outputs. 
We demonstrated that machine learning (random for-
est method) could estimate both absolute and relative 
site indices and that linear regression can also be used 
to model absolute site index successfully. In all three 
modalities of models, including age as a predictive 
variable, accuracy improved significantly by 3 to 15 per-
cent. Age is a logical predictor for site index estimation 
because it relates to growth trajectory. In the future, age 
can be easily estimated from remotely sensed material as 
a moment when canopy height is reduced to zero, either 
by harvest or natural disturbance. Continuous remote 
sensing monitoring may contribute to a better under-
standing of forest growth status and conditions.
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