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Highlights
• A practical scheme to improve the accuracy of predicted tree and stand attributes in an 

uncrewed aerial vehicle based individual tree inventory.
• Accuracy was considerably improved with data from 2–4 sample trees from the target stand.
• Calibrated existing models and the construction of local models performed equally well.
• The laborious task of constructing a local model can be avoided by using a calibrated trans-

ferred model.

Abstract
Uncrewed aerial vehicles (UAV) have great potential for use in forest inventories, but in practice 
they can be expensive for relatively small inventory areas as a large number of field measurements 
are needed for model construction. One proposed solution is to transfer previously constructed 
models to a new inventory area and to calibrate these with a small number of local field measure-
ments. Our objective was to compare calibration of general models and the construction of new 
models to determine the best approach for UAV-based forest inventories. Our material included 
field measurements and UAV-based laser scanning data, from which individual trees were auto-
matically identified. A general mixed-effects model for diameter at breast height (DBH) had 
been formulated earlier based on data from a geographically wider area. It was calibrated to the 
study area with field measurements from 2–10 randomly selected calibration trees. The calibrated 
diameters were used to calculate the diameter of a basal area median tree (DGM), tree volumes, 
and the volume of all trees at plot-level. Next, new DBH-models were formulated based on the 
2–10 randomly selected trees and calibrated with plot-level random effects estimated during 
model construction. Finally, plot-specific height-diameter regression models were formulated by 
randomly selecting 10 trees from each plot. Calibration reduced the prediction errors of all vari-
ables. An increase in the number of calibration trees decreased error rates by 1–6% depending 
on the variable. Calibrated predictions from the general mixed-effects model were similar to the 
separately formulated mixed-effects models and plot-specific regression models.
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1 Introduction

The recent development of uncrewed aerial vehicles (UAVs) and associated sensors has increased 
interest in using these systems for forest inventory purposes (Dainelli et al. 2015). Moreover, it is 
an attractive option to replace traditional forest inventories with UAV-based inventory as UAVs 
are particularly suitable for small areas. An example of such an inventory is the stand-level forest 
management inventory of one forest holding, because the acquisition of traditional airborne laser 
scanning data is far too expensive for such small areas (Kukkonen et al. 2022).

Laser scanning systems used with UAVs operate under the same principles as traditional 
airborne laser scanning systems, aside from the fact that the point cloud is denser and the pulse 
footprint is smaller (Toivonen et al. 2021). This is mainly a result of the low flying altitude and the 
low speed of the UAVs compared to aircraft-borne data acquisition. Point clouds obtained from 
UAV platforms can be very dense typically with thousands of points per m2 and enable an extremely 
detailed three-dimensional representation of the forest stand and the trees therein (Kuželka et al. 
2020). Measurement of forest structure with a high level of detail requires good sensor orientation 
techniques. Such data can be used to develop more accurate and precise ways to detect individual 
trees, e.g. by directly detecting the trunks of individual trees from the point cloud (Chen et al. 
2021; Hui et al. 2021; Hyyppä et al. 2022; Kukkonen et al. 2022). Drawbacks related to the use 
of UAVs are mainly technical, such as battery duration and sensitivity to bad weather conditions 
(Pádua et al. 2017; Dainelli et al. 2021). With current technology, the areas covered by UAV data 
in one day can range from a few hectares to hundreds of hectares, whereas aircraft-borne laser 
scanning (ALS) projects usually cover hundreds of thousands of hectares (Kukkonen et al. 2021a; 
Toivonen et al. 2021).

In Finland, remote sensing-based forest management inventories are currently implemented 
using ALS data, aerial images and field plots (Maltamo and Packalen 2014). The Finnish Forest 
Centre (FFC) has conducted such inventories operationally since 2008 (Kangas et al. 2019). To 
obtain accurate estimates of stand attributes by tree species, FFC usually measures over 500 sample 
plots from an inventory area and remotely sensed data are acquired simultaneously (Maltamo and 
Packalen 2014; Valbuena et al. 2014). The inventoried areas are large, typically 100 000 – 500 000 ha 
(Maltamo and Packalen 2014). In such areas, the costs of field measurements per area unit 
(i.e. € ha–1) are reasonable, which makes the approach economically feasible (Kotivuori et al. 
2018). With UAVs, the areas covered are considerably smaller, but the number of required field 
plots is still about the same as in substantially larger areas (Toivonen et al. 2021). This is because 
tree species-specific model construction requires a threshold number of field measurements regard-
less of the size of the inventory area. Therefore, the approach used in large area inventories is not 
applicable as such to UAV based inventories.

Different solutions have been proposed to reduce the amount of field work in the target 
area. General models have been developed based on the data collected from geographically wider 
areas (Kalliovirta and Tokola 2005). The transfer of such models to new inventory areas has been 
examined in both tree-level (Karjalainen et al. 2019; Korhonen et al. 2019) and area-level stud-
ies (Tompalski et al. 2019; Kotivuori et al. 2020). One option to improve the performance of a 
transferred model is to calibrate it with a small number of field measurements from the target area 
(Kotivuori et al. 2018). Calibration of tree- and area-level models has been examined in several 
studies (Maltamo et al. 2012; Kotivuori et al. 2016; Korhonen et al. 2019; Karjalainen et al. 2020).

Mixed-effects modelling is one option to calibrate a model. Such models are suitable for 
hierarchically organised data sets, such as trees located at different sites (Bondell et al. 2010). An 
example of such a hierarchical structure is the relationship between tree height and diameter, which 
varies from stand to stand (Calama and Montero 2004). A mixed-effects model combines both fixed 
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and random effects. The former effects are assumed to have a constant effect on the outcome vari-
able, while the latter account for the component that varies across groups (Mehtätalo et al. 2015; 
Mehtätalo and Lappi 2020). Plots and stands are typical grouping variables in forest inventory 
applications. The random effects of the models can be solved in two ways: 1) True coefficients of 
a random parameter are solved, if all observations are used in model fitting, or 2) the coefficients 
of a random parameter are estimated based on a sample. The benefit of using random parameters 
for calibration is that even one observation from each group may considerably improve prediction 
accuracy (Mehtätalo et al. 2015). In previous studies, increasing the number of calibration trees has 
been observed to improve predictions (Maltamo et al. 2012). However, the advantages of calibra-
tion have not been examined to date in the context of forest inventories that employ UAV lidar.

In this study, we used the same UAV lidar based tree crown segmentation and a generic 
diameter/height (d/h) mixed-effects model as in the study by Kukkonen et al. (2022). In addition, 
we constructed new d/h models and calibrated these models with local diameter measurements. 
The objective of this study was to compare different modelling and calibration alternatives in the 
prediction of tree diameter at breast height (DBH). We compared predictions from three different 
options: 1) prediction of DBH with a general mixed-effects model using UAV-data and calibra-
tion of the model with field measurements collected from the study area, 2) construction of new 
mixed-effects models for DBH, prediction of DBH using UAV-data, and calibration of models with 
plot-level random effects estimated during model construction, and 3) construction of new linear 
regression models for DBH and prediction of DBH using UAV-data. In our models, only height 
was used as a predictor variable.

2 Materials and methods

2.1 Study data

Data were collected from the Liperi region (62°31´N, 29°23´E) in eastern Finland (Kukkonen et al. 
2022). The study area consisted of even-aged managed boreal forests where the main tree species 
were Norway spruce (Picea abies (L.) H. Karst.) and Scots pine (Pinus sylvestris L.). Deciduous 
tree species such as silver birch (Betula pendula Roth) and downy birch (B. pubescens Ehrh.) 
occurred as a minority. More detailed description of field plots can be found in Supplementary 
file S1, available at https://doi.org/10.14214/sf.23042.

Field data were collected in June–September 2020 (Fig. 1) from 39 rectangular field plots 
(30 × 30 m). Plots were positioned so that there was only one plot per forest compartment. Field 
data included 3492 measured trees with DBH ≥ 5 cm. Tree species was determined for each tree, 
DBH was calipered and tree height was measured with a Vertex-hypsometer. Tree volume was 
calculated with allometric models (Laasasenenaho 1982). The locations of trees were determined 
from the predetermined plots with the aid of ALS data, as described in Korpela et al. (2007) and 
Räty et al. (2019).

The following attributes were computed for each plot: Stem count, basal area, diameter of the 
basal area median tree (DGM) and volume. DGM is an important measure related to the diameter 
distribution and it is a common input attribute in growth and yield models in Finland. It describes 
the diameter of the tree where the cumulative sum of the basal area of ascendingly ordered trees 
exceeds half of the sum of the basal areas of all trees. These attributes were calculated for Norway 
spruce, Scots pine and deciduous trees separately and together. Plot level attributes are shown in 
Table 1. For the evaluation of results, the plots were disaggregated into different development 
classes, three of which were present in the study area (Table 2). In our data, there were 1257 trees 

https://doi.org/10.14214/sf.23042
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Fig 1. Locations of field plots used in 2016 and 2020. The 2016 data were used for the construction of a general diam-
eter at breast height (DBH) model (Kukkonen et al. 2022) in option 1, and the 2020 data were used in the modelling 
and calibration of diameter at breast height and calculation of DBH in options 2 and 3.
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in plots classified as young, 1147 trees in plots classified as advanced, and 1088 trees plots clas-
sified as mature.

UAV lidar data were collected in July 2020 under leaf-on conditions. Collection was made 
with an Avartek Boxer hybrid drone using a Riegl VUX-1 UAV scanner with an AP20 inertial 
measurement unit (IMU) (Table 3). All 39 sample plots were scanned from five south-north and 
five east-west flight lines. The UAV lidar data processing is described in Kukkonen et al. (2022), 
and the same data were used in this study.

Individual trees were identified and segmented from lidar data with a watershed algorithm 
in combination with a canopy height model (CHM) as documented in Kukkonen et al. (2022). 
For all identified trees, height was estimated as the height of the highest lidar echo within a seg-
ment. Detected individual tree segments were linked with field measured trees based on observed 
spatial relationships within a three-dimensional space based on two criteria: 1) A field tree and a 
segment were required to be the closest neighbours to each other and 2) the distance between the 
field tree and the segment was ≤ 2 m (Kukkonen et al. 2022). During the segmentation process, 
a tree can be incorrectly segmented in two ways. A field-measured tree cannot be linked to any 
segment that causes a false negative or a non-existing tree might be segmented from a point cloud 
thereby causing a false positive (Wenkai et al. 2012; Kukkonen et al. 2022). This data included 
63 identified false positives, which consisted of lidar-detected trees that were not linkable to any 
field-measured tree. These trees are hereafter referred to as false trees.

Table 1. Descriptive statistics of the plot attribute data used in the modelling and calibration of diameter at 
breast height (DBH) and the calculation of the diameter of the basal area median tree (DGM) and volume.

Average Minimum Maximum Standard deviation

DGM (cm) 23.7 13.3 39.5 7.3
Basal area (m2 ha–1) 24.9 10.7 42.2 7.8
Stem count (N ha–1) 994.9 266.7 2155.6 515.5
Height of the basal area median tree (m) 21.1 8.8 30.0 5.5
Volume (m3 ha–1) 240.5 83.0 504.9 111.2

Table 2. Development class criteria (Heikkilä 2016) used in the evaluation of results. 

Class Number of plots Criteria

Young stands 10 Mean diameter at breast height 8–16 cm or dominant height ≥ 7 m (conifers) or 
≥ 9 m (deciduous trees); mean age 0.4–0.8 × recommended rotation period 1

Advanced stands 13 Mean diameter at breast height > 16 cm and < recommended regeneration 
diameter, mean age > 0.8 × recommended rotation period 1

Mature stands 16 Diameter ≥ 18–25 cm, age 50–100 years
1 Recommended rotation period describes the time period between two final fellings and depends on the situation and objectives (e.g. 

Pukkala 2007). Recommended rotation period used in this study is described in Ajosenpää (2009).

Table 3. Details of the hybrid drone Avartek Boxer, 
Riegl VUX-1 UAV scanner and AP20 inertial meas-
urement unit (IMU) system used for data collection.

Flight speed 4 m s–1

Flying altitude 50 m
Pulse repetition frequency 380 hHz
Pulse density 3700 pulses m–2

Scanning angle 120°
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Kukkonen et al. (2022) constructed a general non-linear mixed-effects model fitted with data 
collected in 2016 from a wider area that surround our study site (Fig. 1). The 2016 dataset was 
collected by systematic sampling. It included 690 plots, and the trees in the plots were measured 
in the same way as in 2020. The Kukkonen et al. (2022) model was constructed based on height 
and diameter measurements. This model was used here in option 1.

2.2 Accuracy assessment

In this study, we calibrated our plot-level predictions by measuring tree variables in the field and 
using these measurements in model calibration. The accuracy of model predictions and calibrations 
was examined with DBH, DGM, tree volume and plot-level total volume per hectare. Calculations 
were carried out both with and without false trees. Although false trees could not be selected for 
calibration, they were included in the validation of results, because in real world applications, it 
is not known if a detected tree is a false tree. Volume was estimated for all trees, but false trees 
were ignored when the estimated and observed values were compared at the tree-level. However, 
false tree volumes were included in plot-level volume calculations. As the species of the detected 
trees was unknown, the volume of each tree was calculated three times, using the species-specific 
volume models for pine, spruce and birch (Laasasenaho 1982). Volume calculations were based on 
DBH, which was predicted in options 1–3, and on UAV-detected height. The final volumes were 
obtained by weighting the estimates by the total proportion of each species in the entire sample: 
28.4% Scots pine, 47.0% Norway spruce and 24.6% deciduous trees. This was an estimate of the 
proportions of tree species, as the exact information on tree species proportions at the plot-level 
cannot be known (see Maltamo et al. 2003). These values were summed to produce a total volume 
estimate for each tree. Results are presented by development class and all together.

The accuracy between predicted and observed values was tested using root-mean-square 
error (RMSE, Eq. 1), relative RMSE (%RMSE), BIAS (Eq. 2) and relative BIAS (%BIAS). Both 
%RMSE and %BIAS were calculated by dividing RMSE and BIAS by the average of observed 
values and multiplying the result by 100.

yi = observed value, ˆiy  = predicted value, n = the number of observations.

yi = observed value, ˆiy  = predicted value, n = the number of observations.
All analyses were implemented using the R-software (R Core Team 2021) and Tidyverse-

package (Wickham et al. 2019).

2.3 Modelling and calibration alternatives

Phases of three different modelling options are illustrated in Fig. 2.

 1 ˆ
(1)

n
i ii y y

RMSE
n

 
 

 1 ˆ
(2)

n
i ii y y

BIAS
n

 
 
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Fig 2. Flow chart describing the phases of the three different diameter at breast height (DBH) modelling and calibration 
options used in this study.
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2.3.1	Calibration	of	the	general	mixed-effects	model

We utilised a general DBH model that was refitted for this study to model and calibrate DBH. Kuk-
konen et al. (2022) formulated a mixed-effects model for the d/h relationship based on the wider 
area data collected in 2016. Species composition was assumed to follow the general composition 
of tree species in Finland. The model was re-fitted to the same data to obtain residual variances 
within (σe) and between (σb) plots. The model was transferred to the area of interest and the data 
collected in 2020 were used to calibrate this model. For all trees, DBH was calculated with this 
fixed model part using UAV-detected tree height instead of the field-measured estimate. The model 
was as follows:

DBH = predicted diameter at breast height (cm), h = field-measured tree height (m), bj = random 
parameter, see in Eq. 4.

The model was calibrated using two, four, six, eight or ten calibration trees from each plot. 
False trees were excluded when calibration trees were selected. Calibration trees were selected 
randomly without replacement and their field-measured DBH-values were used to calculate the 
value of the random intercept parameter bj with the following equation (Eerikäinen 1999; Eq. 4):

where 2ˆb  = variance between plots (cm), 2ˆe  = variance within plots (cm), mean(DBHj) = the 
mean of field-measured tree diameters (cm), ( )jmean DBH  = the mean of predicted tree diameters 
(cm), j = field plot.

Residual variances obtained from the model re-fitting were	σb = 2.057 between plots and 
σe = 2.715 within plots.

Calibrated DBH-values were used to estimate DGM. Calibrated DBH-values together with 
UAV-detected tree heights were used to estimate tree- and plot-level volumes. The selection of 
calibration trees, the calculation of the random parameter and the calculation of predictions was 
repeated 500 times with each number of calibration trees to minimise the impact of random sam-
pling. Calculations were carried out both with and without false trees.

2.3.2	Construction	and	calibration	of	local	mixed-effects	models

All measured trees from the 2020 field plots were used to fit new local non-linear mixed-effects 
models for the d/h relationship. These models were then applied so that the plot-level random 
effects that were estimated during the model fit were added to model fixed-part predictions. The 
difference from the previous scenario was that the data used for model construction was collected 
from a geographically smaller area, and so the number of measured trees was considerably smaller.

The models were formulated by randomly selecting two, four, six, eight or ten measured 
trees from each plot. False trees were excluded when trees were selected. R-software’s Linear and 
Nonlinear Mixed Effects Models (nlme) package (Pinheiro and Bates 2022) was used to estimate 
the parameters of the following model:

DBH b h bjb� � �1 52 ( )

 1.2879310.4650676 (3)DBH h bj  

   
2

2 2

ˆ
(4)

ˆ ˆ
b

j j
e jb

bj mean DBH mean DBH
n


 

    
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where DBH = diameter at breast height (cm), b1 and b2 = estimated fixed parameters, h = field-
measured tree height (m), bj = estimated random parameters.

The fixed and random parts of model (5) were used to predict DBH for each tree using UAV-
detected height instead of the field-measured estimate. Then DBH-values were used to estimate 
DGM, and DBH-values together with UAV-detected tree heights were used to estimate tree- and 
plot-level volumes.

The selection of the modelling trees, modelling and calibration of the random parameters, 
and the calculation of predictions was repeated 500 times with each sample size to minimise 
the impact of random sampling. The calculations were carried out both with and without false 
trees.

2.3.3 Formulation of plot-level models

A nonlinear regression model for DBH was formulated for each plot based on field-measured 
heights and DBH values of 10 randomly selected trees measured in 2020. In the model construc-
tion, ordinary nonlinear regression was used as the modelling data was not hierarchical. The model 
form was:

d ea b h1 3 6. ( )� � �

where d1.3 = diameter at breast height (cm), a and b = estimated model parameters, h = field-
measured tree height (m).

For each tree in the plot, the plot-level model was used to calculate DBH using UAV-detected 
height. Then, DBH-values were used to estimate DGM, and DBH-values together with UAV-
detected tree heights, were used to estimate tree- and plot-level volumes.

The selection of modelling trees, formulation of the models and calculation of predictions 
was repeated 500 times to minimise the impact of random sampling. The calculations were done 
carried out with and without false trees.

3 Results

3.1 Calibration of the general mixed-effects model

The general model (Eq. 3) was used to predict the DBH-values with and without false trees and 
%RMSE and %BIAS values associated with them were calculated (Fig. 3). In both cases, the 
DBH predictions improved moderately when the number of calibration trees was increased, and 
were better with no false trees in the calculations (%RMSE values ranged from 15.0 –18.1 with 
no false trees and from 21.6–24.1 with false trees). In the predictions with no false trees, %BIAS 
decreased from 3.4% to 0.6%. However, with false trees, calibration turned %BIAS from a slight 
underestimation (0.7%) to a clear overestimation (–2.3%).
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Fig 3. Prediction of diameter at breast height (DBH) with a general diameter/height model, calibration with field-
measured trees and comparison with field measurements: relative root-mean-square error (%RMSE: left column) and 
relative BIAS (%BIAS: right column) with no false trees (upper row) and with false trees (lower row) are shown for 
the entire dataset and by development class.

The results of predicted variables’ %RMSE and %BIAS are illustrated in Fig. 4 (with no 
false trees), and Fig. 5 (with false trees). The corresponding absolute RMSE and BIAS values are 
presented in Suppl. files S2, S3, S4 and S5. Our results showed that the presence of false trees 
did not affect the results substantially. In the case of DGM, the predictions were practically the 
same (RMSE 7.4–13.1% with no false trees and 7.4–13.0% with false trees), while for plot-level 
volumes, the predictions with false trees (RMSE 24.7–28.3%) were almost the same as with no 
false trees (RMSE 25.1–29.3%).

Calibration decreased the %RMSE values in all cases when compared with the predictions 
obtained with the fixed part of the general model only (i.e. the number of calibration trees = 0). 
As the number of calibration trees increased, the predictions improved. Especially with DGM, 
the largest improvement in predictions was observed with two (10% with and without false trees) 
to four (8.8% with and without false trees) calibration trees, when compared with the predictions 
obtained using only the fixed part (13.1% with no false trees and 13.0% with false trees). For volume 
predictions, the greatest improvement in predictions was observed with two calibration trees. After 
that, increasing the number of calibration trees did not have a notable impact on the results.
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Fig 4. Prediction of diameter at breast height (DBH) with a general diameter/height model, calibration with field-meas-
ured trees, calculation of the diameter of the basal area median tree (DGM), tree and plot volumes and comparison with 
field measurements: relative root-mean-square error (%RMSE: left column) and relative BIAS (%BIAS: right column) 
with no false trees are shown for the entire dataset and by development class.
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When the effect of calibration was examined by development class, the RMSE value was the 
poorest in the young stands. However, in this case, calibration seemed to improve DGM predictions 
(from 12.4% to 8.8–10.2% with no false trees and from 12.7% to 9.1–10.4% with false trees). The 
best RMSE value was achieved in the mature stands (6.6% with no false trees and using 10 calibra-
tion trees). In this case, the calibration did not seem to have as large effect as in the other classes.

For BIAS, it seemed that both tree- and plot-level volumes were somewhat underestimated, 
but calibration decreased the BIAS (from 7.5% to 4.0–5.3% for tree-level volume, from 24.1% 
to 22.0–22.7% with no false trees and from 22.1% to 20.0–20.8% with false trees for plot level 
volume. In the case of DGM, the effect of an increasing number of calibration trees was the oppo-
site and BIAS values increased when the number of calibration trees increased (from –0.5% to 
–2.0 – –2.9%). All %BIAS values except uncalibrated predictions in the advanced stands, were 
negative, which indicated that the model overestimated DGM values.

Fig. 5. Prediction of diameter at breast height (DBH) with a general diameter/height model, calibration with field-
measured trees, calculation of the diameter of the basal area median tree (DGM), tree and plot volumes, and comparison 
with field measurements: relative root-mean-square error (%RMSE: left column) and relative BIAS (%BIAS: right 
column) with false trees are shown for the entire dataset and by development class.
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3.2 Local mixed-effects models and calibration

The results of the DBH predictions calculated with models that were constructed based on the 
study area data are illustrated In Fig. 6 both with and without false trees. Improvement in DBH 
predictions was minor when the number of trees was increased (RMSE% 15.3–16.7 with no false 
trees and 21.7–23.0% with false trees). With no false trees, BIAS values increased slightly (from 
2.3% to 2.6%) while with false trees it decreased (from –0.6% to –0.1%) when the number of 
trees increased.

The predicted DBH-values are illustrated in Fig. 7 (with no false trees) and in Fig. 8 (with 
false trees). Corresponding absolute RMSE and BIAS values associated with the predictions are 
presented in Suppl. files S6, S7, S8 and S9. For DGM, the addition of false trees to the data did 
not influence the results (RMSE% 10.5–6.9% with no false trees and 10.6–7.0% with false trees). 
However, the data that included false trees produced somewhat better results for plot-level volumes 
(RMSE% 29.5–28.7% with no false trees and 28.2–27.1% with false trees).

Fig 6. Prediction of diameter at breast height (DBH) with newly constructed diameter/height models, calibration 
and comparison with field measurements: relative root-mean-square error (%RMSE: left column) and relative BIAS 
(%BIAS: right column) with no false trees (upper row) and with false trees (lower row) are shown for the entire dataset 
and by development class. The fixed part of the model shows the performance for all trees without calibration.
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Fig. 7. Prediction of diameter at breast height (DBH) with newly constructed diameter/height models, calibration, 
calculation of the diameter of the basal area median tree (DGM), tree and plot volumes and comparison with field meas-
urements: relative root-mean-square error (%RMSE: left column) and relative BIAS (%BIAS: right column) with no 
false trees are shown forthe entire dataset and by development class. The fixed part of the model shows the performance 
for all trees without calibration.
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Models were constructed with two, four, six, eight and ten trees. The predictions were calcu-
lated with the fixed parts of these models and compared with predictions obtained from calibration 
with the random effects. The predictions made with the fixed parts only were practically the same 
regardless of the number of trees used in model construction. The %RMSE and %BIAS values for 
all trees with the fixed part of the model are shown in Figs. 7 and 8. For young stands, advanced 
stands and mature stands with no false trees, the fixed part values were approximately 14%, 13% 
and 12% for DGM, 40%, 34% and 33% for tree-level volume and 35%, 28% and 25% for plot-level 
volume, respectively (Suppl. files S7, S8 and S9). With false trees, the corresponding fixed part 
values were 14%, 13% and 12% for DGM and 32%, 28% and 25% for plot level volume. As with 
the general model, calibration improved the predictions of all variables with regard to %RMSE. 
However, the observed improvement in the predictions as the number of calibration trees was 
increased was not as notable as with the transferred model. Increasing the number of calibration 
trees from two to four improved the results slightly more than when the number of trees increased 
beyond four. The greatest changes in predictions were observed with DGM. In the case of tree- and 
plot-level volumes, the changes were minor.

Fig. 8. Prediction of diameter at breast height (DBH) with newly constructed diameter/height models, calibration, 
calculation of the diameter of the basal area median tree (DGM), tree and plot volumes and comparison with field meas-
urements: relative root-mean-square error (%RMSE: left column) and relative BIAS (%BIAS: right column) with false 
trees are shown for the entire dataset and by development class. The fixed part of the model shows the performance for 
all trees without calibration.
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When the predictions were examined for each development class, model performance in the 
young stands was the weakest. For plot-level volumes, the predictions disimproved as the number of 
modelling trees increased (RMSE% 36.4% to 38.5% with no false trees and from 33.4% to 35.8% 
with false trees). In the case of DGM and volume, the best prediction accuracy was observed in 
the mature stands. In the advanced stands, the RMSE values associated with plot volume seemed 
to stay at the same level regardless of the number of the modelling trees (29.6–29.8% with no false 
trees and 28.6–29% with false trees).

As with the general model, BIAS value was negative in the case of DGM and increased as 
the number of trees increased (from –0.4% to –0.7% with no false trees and from –0.4% to –0.7% 
with false trees when the model was calibrated). In young stands, the effect was opposite and 
increasing the number of trees decreased the BIAS values (from –5.2% to –3.9% with no false 
trees and from –5.3% to –3.9% with false trees). Tree-level volume BIAS values seemed to stay 
relatively constant as the number of trees increased (from 6.8% to 7.5%), except for the young 
stands where it increased (from 6.5% to 9.7%). In the case of plot-level volumes, increasing the 
number of calibration trees barely affected BIAS (24.5–24.7% with no false trees and 22.6–22.7% 
with false trees). Plot volume predictions were underestimated whereas DGM predictions were 
overestimated, similar to the general model.

3.3 Plot-level regression models

The RMSE values associated with the plot-level model predictions showed that the inclusion of 
false trees in the dataset had only a minor effect on the results (Table 4, Table 5). The results were 
slightly better in the case of DGM, with no false trees, and with false trees in the case of plot 
volume. As in the previous stages, the predictions were generally weaker in young stands.

Table 4. Prediction of diameter at breast height (DBH) with plot-level diameter/height models, 
calculation of the diameter of the basal area median tree (DGM), tree volume and plot volumes, 
and comparison of the results with field measurements: absolute (RMSE) and relative root-mean-
square error (%RMSE) and absolute (BIAS) and relative BIAS (%BIAS) values with no false 
trees are shown for the entire dataset and by development class.

RMSE %RMSE BIAS %BIAS

DBH
All 3.40 cm 15.26 0.75 3.45
Young stands 2.64 cm 16.28 0.73 4.48
Advanced stands 3.00 cm 15.16 0.61 3.15
Mature stands 4.19 cm 14.72 0.88 3.04

DGM
All 1.51 cm 6.37 –0.14 –0.57
Young stands 1.11 cm 6.88 –0.39 –2.40
Advanced stands 1.44 cm 7.00 –0.09 –0.42
Mature stands 1.71 cm 5.54 –0.02 –0.05

Tree-level volume
All 137.40 m3 30.20 38.25 8.63
Young stands 62.13 m3 34.99 21.32 11.52
Advanced stands 91.24 m3 30.03 23.53 8.21
Mature stands 221.94 m3 27.34 60.78 7.16

Total volume
All 72.31 m3 ha–1 30.07 61.48 25.56
Young stands 64.69 m3 ha–1 40.46 56.81 35.53
Advanced stands 55.70 m3 ha–1 30.84 46.16 25.56
Mature stands 87.06 m3 ha–1 25.64 76.84 22.63
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The BIAS values mostly followed the pattern of RMSE; less in the development classes 
where RMSE values were smaller. An exception was DGM in the young stands, where the BIAS 
value was notably larger than in the other cases. For DGM, the BIAS values were negative i.e. the 
predictions were underestimated. The tree- and plot-level volumes were similarly underestimated 
as with the general model and the newly constructed random-effects models.

4 Discussion

The objective of this work was to compare the calibration of a general mixed-effects model with 
local models constructed for an area of interest. With both the general and local mixed-effects 
models, calibration improved the RMSE values of all predicted variables. The greatest improvement 
was seen when two calibration trees were used rather than the fixed part of the model only. Further 
increases in the number of calibration trees improved the results although the effect was not as 
substantial as with two trees. Similar results have been observed in previous studies (Maltamo et al. 
2012; Korhonen et al. 2019). Calibration improved the results for the general mixed-effects model 
more than for the locally constructed models. This seems logical as our local models were based 
on the data collected directly from the study area, and therefore the models directly described the 
study area data. The regression models constructed at the plot-level produced very similar results 
as the mixed-effects models. In this case, each model described only one plot and the variation in 
this plot enabled accurate estimates.

One advantage of the transferred model was that it was constructed based on a large 
data set. In this study, the models fitted locally in the study area contained 78–390 trees. This 
may lead to errors in model formulation if the selected sample of trees gives an unrepresenta-
tive sample of the tree population. With the transferred model, the prediction accuracy was at 
the same level as the local mixed-effects or regression models. This suggests that the use of a 
transferred model is possible and that the laborious task of field data collection for a local model 

Table 5. Prediction of diameter at breast height (DBH) with plot-level diameter/height models, 
calculation of the diameter of the basal area median tree (DGM), tree- and plot-volumes, and 
comparison of the results with field measurements: absolute (RMSE) and relative root-mean-
square error (%RMSE) and absolute (BIAS) and relative BIAS (%BIAS) values with false trees 
are shown for the entire dataset and by development class.

RMSE %RMSE BIAS %BIAS

DBH
All 4.74 cm 22.11 0.05 0.33
Young stands 3.60 cm 23.34 0.22 1.29
Advanced stands 3.68 cm 19.52 0.19 0.91
Mature stands 6.31 cm 23.44 –0.18 –0.74

DGM
All 1.71 cm 7.22 –0.15 –0.64
Young stands 1.12 cm 6.95 –0.39 –2.38
Advanced stands 1.43 cm 6.92 –0.04 –0.20
Mature stands 2.04 cm 6.61 –0.10 –0.31

Total volume
All 68.57 m3 ha–1 28.51 57.02 23.71
Young stands 60.47 m3 ha–1 37.82 53.22 33.29
Advanced stands 54.60 m3 ha–1 30.23 44.59 24.69
Mature stands 81.97 m3 ha–1 24.14 69.51 20.47
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can be avoided by calibration. In that case, only a small number of field measurements from 
the study area are required. As the greatest improvement in predictions was obtained with just 
two calibration trees, from the perspective of field measurements, this may be a good option 
as a reasonable accuracy can be obtained with minor effort. However, from the perspective of 
prediction accuracy, the RMSE value is not yet at the required level, and so more calibration 
trees may be needed.

The number of false trees created by unsuccessful tree detection was relatively small 
(n = 63) and their inclusion in the analyses had little effect on the results. However, as false 
trees are unavoidable in individual tree inventories, they were retained in the analyses. There 
are techniques to correct for errors related to false trees (Kostensalo et al. 2023), but these were 
not used in this study. The plot volume predictions calculated with false trees were even slightly 
better than the predictions where they were not included. The reason was that identification of all 
trees from remotely sensed data is not possible and therefore volume is typically underestimated. 
As false trees also receive a volume estimate, the increased total volume brings the estimated 
values closer to the true volume. This effect is strongly dependent on the forest structure and is 
typically reasonably small. However, in some mature plots the number of false trees might be 
large and the number of missed trees might be small, which could cause volume overestimation, 
which will immediately influence the overall BIAS. In our plots, the false tree volumes typically 
compensated 0%–59% of the volume of undetected trees, but in one plot this number was 239% 
due to the large number of false trees.

We observed that the model performance was considerably weaker in young stands compared 
to mature and advanced stands. Typically, individual tree detection performs better in mature stands 
than in denser young stands, where most segmentation methods (e.g the watershed algorithm used in 
this study) often fail to detect small trees growing under larger ones. It has also been observed that 
not every small tree may be detected, even with high-density UAV lidar data (Liang et al. 2019). 
This leads to a lack of small-diameter trees when constructing local diameter models (options 2 and 
3 in this study), which can cause errors in predictions. In mature stands, the lack of small-diameter 
trees might be highlighted, as small trees growing underneath larger ones are not easily detected. 
In young stands, the height differences are smaller but the stem count is greater, which has been 
shown to be problematic in automatic tree detection (Jeronimo et al. 2018).

Our models overestimated DGM, and the increase in the number of calibration trees led to 
increased overestimation. The BIAS values associated with tree- and plot-level volumes suggest 
that the volumes were underestimated. In the mature stands, the predictions were underestimated 
more than in the young stands. In older trees, height growth slows down but diameter growth 
continues. The models used in our study only considered height when predicting diameter, which 
may lead to underestimated diameters for old trees. The volume estimations of undetected small 
trees were missing from the estimation. However, their combined total volume is very small and 
not likely to affect the results substantially.

Previous studies conducted in Finland have shown that the transfer of area-based models 
especially in a north-south direction, can cause errors in predictions, although calibration with 
regional measurements can improve model performance (Kotivuori et al. 2016). In our study, the 
general model was transferred from a geographically adjacent area, which may have produced 
better results. In contrast to earlier model calibration studies (Maltamo et al. 2012; Korhonen et 
al. 2019), our results seem somewhat more accurate. However, model formulations in previous 
studies were more complex, which suggests that model transfer and calibration perform better 
when the model is simple. Different forest structures and differences between ALS-devices might 
also have an impact on the results, although calibration appeared to reduce the associated errors 
(Kotivuori et al. 2016).
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In this study, the calibration trees were randomly selected from the field data. However, in 
practice calibration trees would be intentionally selected. In that case, the trees are not necessarily 
selected objectively, and small and large trees have equal probability to be selected. On the other 
hand, subjectively selected calibration trees may also lead to better performance than observed 
here e.g, if trees with an unusual DBH-height relationship are ignored. Incorrect tree detection may 
also cause problems in the selection of the calibration trees. If the calibration trees are measured 
in the field while the UAV-data is being collected, the measured trees may not be identified from 
the remotely sensed data afterwards. On the other hand, linking field-measured and UAV-detected 
trees might be difficult or even impossible.

5 Conclusions

The objective of this study was to compare the predictions produced by a general model and newly 
constructed models. Models were constructed with UAV-data and were calibrated with a small 
number of field measurements. Predictions were carried out by using a calibrated general mixed-
effects model, by the construction of new mixed-effects models that were calibrated, and by the 
construction of plot-level regression models. Our results showed that the differences in predictions 
between the various model options were minor. Using a general model with a small number of 
calibration measurements, which can be measured during UAV data acquisition, seems to be a 
useful option to reduce the costs and workload associated with forest inventories.
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without false trees are shown for the entire dataset and by development class. The fixed part of 
the model describes the results without calibration,

S7.pdf; Prediction of diameter at breast height (DBH) with newly constructed diameter/height 
models, calibration, calculation of the diameter of the basal area median tree (DGM) and com-
parison of the results with field measurements: absolute (RMSE) and relative root-mean-square 
error (%RMSE) and absolute and relative bias (%BIAS) values with and without false trees are 
shown for the entire dataset and by development class. The fixed part of the model describes 
the results without calibration,

S8.pdf; Prediction of diameter at breast height (DBH) with newly constructed diameter/height 
models, calibration, calculation of tree volume and comparison of the results with field measure-
ments: absolute (RMSE) and relative root-mean-square error (%RMSE) and absolute and relative 
bias (%BIAS) values with no false trees are shown for the entire dataset and by development 
class. The fixed part of the model describes the results without calibration,

S9.pdf; Prediction of the diameter at breast height (DBH) with newly constructed diameter/height 
models, calibration, calculation of plot volume and comparison of the results with field meas-
urements: absolute (RMSE) and relative root-mean-square error (%RMSE) and absolute and 
relative bias (%BIAS) values with and without false trees are shown for the entire dataset and 
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