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ABSTRACT
The effects of field plot configurations on the uncertainties of plot-level forest resource estimates were
analyzed using airborne laser scanner data, aerial photographs and field measurements. The aim was
to select a field sample plot configuration that can be used for both large area and management
inventories. Error estimates were evaluated at the plot level using six different training plot
configurations. Additionally, separate plots with two different sizes were used for evaluation. Stem
volume and five other forest resource characteristics were considered. The field measurement costs
of the different plot configurations were also studied. RMSEs and mean deviations for airborne
laser scanning ALS-assisted estimates were practically the same for the fixed radius plot, the two
concentric plots and the angle count plot with a basal area factor of q = 1 for all three evaluation
plot sizes. Angle count plots with basal area factors of q = 1.5 and 2 increased the RMSEs. For the
former plot configurations, the RMSEs for the ALS-assisted estimates could be attributed to
inaccuracy in the predicted relationships between the field data and ALS data, not to the training
plot configuration. Tree measurements and costs can, therefore, be reduced from those of the
Finnish management inventories without increasing RMSEs.
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Introduction

The primary sources of forest resource information are forest
inventories of which there are two primary types: national
forest inventories (NFI) and forest management inventories
(FMI). NFIs have a strategic focus and provide data for national
and regional policy-making, forest management planning,
and forest industry investment planning. NFIs use statistically
rigorous sample-based methods and have been conducted in
the Nordic countries and the United States of America (USA)
for nearly 100 years (Tomppo et al. 2010). FMIs are used for
specific purposes such as stand-level and forest holding-
level management planning for individual forests (e.g.
Loetsch & Haller 1973). Because precise stand-level estimates
are more important for FMIs than accurate large area esti-
mates based on probability sampling strategies, greater
sampling design flexibility, even with selection bias, is per-
mitted for FMIs than for NFIs.

Remotely sensed data have been used to enhance forest
inventory resource estimates since the 1940s (Barrett et al.
2016). Much of the recent emphasis has focused on the use
of airborne laser scanning (ALS) data. For NFI applications,
Næsset et al. (2011) used model-assisted estimators with
ALS data as auxiliary information and found that the variance
of the estimator of mean growing stock volume per unit area
for a Norwegian study area was reduced by a factor of more
than 6.0 relative to simple random sampling estimators that
used no auxiliary information. For a similar study in Washing-
ton, USA, Strunk et al. (2012) reported a variance reduction of
5.0. For a second Norwegian study area, McRoberts et al.

(2013) compared simple random sampling, stratified, model-
assisted and model-based estimators for estimating mean
growing stock volume per unit area using ALS data as auxiliary
information. The stratified estimators reduced the variance by
a factor of approximately 3.0, whereas the model-assisted esti-
mators reduced the variance by factors greater than 5.5. Thus,
there is ample evidence that ALS data can contribute substan-
tially to increasing the precision of large area forest attribute
estimators (Næsset et al. 2013).

For FMIs, Næsset (1997a, 1997b) developed the key
methods. The first operational ALS-assisted FMIs were con-
ducted in Norway in 2002 using an area-based method that
has been continuously modified and improved (Næsset
2002, 2004). In Finland, the operational use of ALS data for
FMIs began in 2010. The plan is to complete the first round
throughout the entire country by 2019 (Maltamo et al. 2011;
Maltamo & Packalén 2014; Næsset 2014). Predictions for
stand-level forest characteristics are made using ALS data,
aerial photographs and data from field sample plots estab-
lished and measured solely for this inventory. Predictions
are calculated for 16-m× 16-m cells that tessellate the area
of interest and are aggregated for micro-stands and stands
resulting from a segmentation algorithm. The primary
purpose is to minimize expensive field work.

The key features of any forest inventory are the sampling
design, the sampling intensity, and the plot configuration
which refers to the plot’s size, shape, and components
(e.g. Ware & Cunia 1962; Mandallaz 2008; Gregoire and
Valentine 2008). Multiple factors affect the efficiency of plot
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configurations including the expected number of plot trees to
be measured; the tree, plot, and stand variables of interest; the
diversity of the forest; and remote sensing considerations. Effi-
cient use of remotely sensed data places different demands
on field plots than an inventory that uses field data only.
Because the variation in the remote sensing variables
should relate to variation in the field variables, the field plot
data should describe the areal unit for which the remotely
sensed data are obtained. In addition, when using ALS data,
the plot should be large enough that the number of pulses
per plot is sufficient to produce accurate ALS metrics (Vauhko-
nen et al. 2014b). Thus, the optimal field plot size for use with
remotely sensed data may be greater than the field plot size
for employing field data only. In addition, more detailed plot
measurements may be required. Overall, optimization of a
plot configuration requires careful consideration of both
field and remote sensing factors.

ALS-assisted inventories have generally used fixed area
plot configurations. However, multiple studies comparing
the effects of size for fixed area and angle plot configurations
have also been reported. Maltamo et al. (2007) compared esti-
mation errors for both fixed area and truncated angle count
plot configurations and concluded that the angle count plot
performed well compared to the fixed area plot. Hollaus
et al. (2007) reported root-mean-square errors (RMSEs) for
ALS-assisted regression model predictions of stem
volume when using angle count plots. Among radii in the
range 18–26 m, the RMSE was smallest for a plot with a
radius of 24 m. Scrinzi et al. (2015) reported that ALS-assisted
estimates obtained using angle count plot configurations with
three maximum distances compared well with estimates
obtained using fixed area plots. Thus, despite a general inven-
tory preference for fixed area plots, angle count plot configur-
ations should not be too readily dismissed, either for large
area inventories such as NFIs or for FMIs.

When both NFIs and ALS-assisted FMIs are conducted in
the same country, as is the case in the Nordic countries, the
financiers often ask whether the two systems or components
of the two systems can be merged. Because of their different
goals, rotation systems, and data requirements, complete
merger of NFIs and FMIs is not a realistic option. Nevertheless,
because field measurements account for a substantial pro-
portion of the costs for both NFIs and FMIs, the degree to
which a common set of field measurements obtained from
a common plot configuration could be used for the two
inventories merits consideration.

Use of the same field data for both NFIs and ALS-assisted
FMIs is challenging because of the different inventory objec-
tives and the different cost efficiency requirements for the
sampling designs and field plot configurations. A well-
known fact is that the number of trees measured per plot
for large area forest inventories such as NFIs is quite small,
often less than 10 trees per plot in boreal forests for which
trees in close physical proximity are typically very similar
(Tomppo et al. 2010). Conversely, for ALS-assisted FMIs,
measurement of all trees, or at least all trees with diameters
greater than a specified threshold, is often strongly advised.
Another challenge is that many NFIs use panel designs for
which the field plots in a particular inventory region may be

measured in different years. Thus, data for field plots
measured before or after the year the remotely sensed data
are acquired might need to be updated or transformed to cor-
respond to the year of the remotely sensed data acquisition.
Despite the challenges, the potential efficiencies that could
be realized from a common NFI and FMI plot configuration
justify an investigation of the possibilities.

The overall objective was to determine if the same field
plot configuration can be used for both NFIs and ALS-assisted
FMIs. The main technical objective was to compare the effects
of typical NFI plot configurations and typical ALS-assisted FMI
plot configurations on the uncertainty of the ALS-assisted
forest resource estimates. A second technical objective was
to compare different field plot configurations with respect
to the errors in field data-based estimates. The error criteria
are the mean deviations and RMSEs when the estimates are
compared to the field data-based results on the plot configur-
ation currently used in the ALS-assisted inventories by the
Finnish Forest Centre (Section ‘The plot alternatives’). These
results are used for comparisons and assumed for this study
to have only negligible errors. The key FMI characteristics
for which estimates were obtained were stem volume, stem
volume by tree species group, basal area, mean diameter
and mean height of trees and the number of trees per
hectare. The analyses included assessments of the costs of
obtaining tree measurements for the different plot configur-
ations. Special emphasis was placed on estimation for
mixed and dense forests for which ALS-assisted estimation
errors are known to be large (Packalén & Maltamo 2007;
Maltamo et al. 2015). In the following, ALS-assisted forest
inventory means an inventory method that uses ALS data
and aerial photographs, in addition to field measurements
(Sections ‘Materials and methods’ and ‘ik-nn estimation’).

The novel features of the study are investigation of the pro-
blems in an operational ALS-assisted setting with advanced
multivariate estimation as well as multifaceted error analyses
with a special emphasis on forests in which ALS-assisted
approaches often fail to produce precise estimates.

Materials and methods

The field data

Study site and plot measurements
A total of 2468 field plots was measured in 2013 in a study site
in Central Finland. The land area was 570,000 hectares, of
which 431,000 hectares were forestry land. Forestry land
here includes forest land, poorly productive forest land and
unproductive land as defined in the Finnish national forest
inventory and management inventories. The combined area
of the first two categories (423,000 hectares) corresponds to
the area based on FAO forest definition (Tomppo et al.
2011). The area of unproductive land was thus 8000 hectares.

Systematic sampling with L-shaped clusters and eight plots
per cluster was used. The distance between the clusters was
4.3 km and the distance between the plots in a cluster was
250 m. Of the plots, 1867 were either on forest land, poorly
productive forest land or unproductive land. Of these, 1165
plots belonged to the development classes (maturity
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classes) young thinning stand, advanced thinning stand or
mature stand (denoted here by 4, 5 and 6, respectively) and
were entirely within a single stand, that is, did not intersect
two or more stands. Fifteen of these 1165 plots included
errors in the field data and were removed. Thus, 1150 plots
remained for the final analyses. One plot from this data set
is used in turn as validation data when using leave-one-out
cross validation. All these plots are used as the training data
when a separate validation data set is used (Section
‘Additional validation data measured in 2014’). The average
values of the forest variables studied on the 1150 plots are
given in Table 1.

All trees with diameter at breast height (dbh, in our case,
diameter at the height of 1.3 m) ≥ 4.5 cm were calipered for
a fixed radius plot of 9 m. An additional angle count sample
plot (Bitterlich plot) with a basal area factor of q = 1.5 was
measured on each plot. The maximum distance of the angle
count plot was also 9 m.

Tree species, dbh, tree class, distance from the center point
of a plot to the tree as well as the azimuth of the tree were
recorded for all tally trees. The distance and azimuth were
measured simultaneously with the Masser Sonar caliper.
These measurements made it possible to select several
types of samples from the recorded plot data and to construct
several plot configurations after the measurements were
taken. Additionally, the age and height of the trees were
recorded for the basal area median trees by tree species
groups. The age is determined either using increment borer
or by counting the knot ringlets when possible. The age at
the breast height must be added (from tables) when using
boring. These trees were selected by a program in the data
logger after tree calipering. Additionally, a small set of
stand-level characteristics were measured from each stand
intersecting a plot.

The time needed for different measurement phases was
recorded by the data loggers. The phases were (a) the initial
preparations, including installation of GPS equipments, (b)
tally tree measurements, (c) sample tree measurements and
(d) stand-level measurements. These recordings made it poss-
ible to assess the measurement costs for the different plot
configurations. Only time consumption from tally tree
measurements was taken from each plot. For the other
work on a plot, the averages of the time consumptions from
the Finnish NFI12 field plots were used. The plots on forest
land including tally trees were used for averages.

The simple assumptions made after the time data checks
were, in addition to tally tree measurements by one person
(Table 7): (1) the initial preparations, including installation of
GPS equipments, took five minutes for two persons, (2)
sample tree measurements took 15 minutes for one person
and (3) plot and stand-level measurements took 17.5
minutes for one person. The time needed to complete all
measurements was summed up and divided by two as
the crew consisted of two persons. It was assumed that the
crew members could flexibly change their tasks during the
measurement of the plot.

The total number of the measured trees on 1150 plots was
33,879 and the number of the median height trees 2685.

In the ALS-assisted management inventory, the heights are
estimated first for each tally tree after which the volumes are
estimated for each tree using taper curve models by Laasase-
naho (1982). The heights of the sample trees are used for
height model calibration (Eerikäinen 2009). This method was
used in the volume estimation of this study.

The plot alternatives
A fixed radius plot with a radius of 9 m is used in the
Finnish ALS-assisted management inventory. All trees with
dbh ≥ 4.5 cm are measured. In the Finnish NFI, a new plot
configuration was introduced in 2014 to replace the earlier
truncated angle count plot (Tomppo et al. 2011). The new plot
consists of two concentric circles: trees with dbh 4.5–9.4 cm
are measured on a circle with a radius of 5.64 m, whereas
the radius for the thicker trees is 9 m. The new plot also
includes angle count sampling of trees with dbh < 4.5 cm
and with a basal area factor q = 1.5.

The plot configurations and their abbreviations used in this
study are:

SMK: All trees with dbh ≥ 4.5 cm are measured on a 9m fixed
radius circular plot. The plot is used by the Finnish Forest
Centre (SMK).

k75: Trees with dbh 4.5–7.4 cm are measured on a fixed radius
plot of 5.64 m and trees with dbh ≥ 7.5 cm on a 9m
radius plot.

k95: Trees with dbh 4.5–9.4 cm are measured on a fixed radius
plot of 5.64 m and trees with dbh ≥ 9.5 cm on a 9m
radius plot.

q1: Trees are selected on an angle count plot with a basal area
factor of q = 1.0 and with a maximum distance from the
plot center of 9 m.

q1.5: Trees are measured on an angle count plot with a basal
area factor of q = 1.5 and a maximum distance from the
plot center of 9 m.

q2: Trees are measured on an angle count plot with basal area
factor of q = 2.0 and a maximum distance from the plot
center of 9 m.

In the resulting calculations, the angle count plots ignored
trees with dbh < 4.5 cm so that inclusion of smaller trees
would not introduce bias into the estimators in the
comparisons.

Table 1. The average values and standard deviations (SD) of the forest variables
calculated with (a) trees dbh . 0 on the plots in the maturity classes young
thinning stand – mature stand, n = 1150, (b) as (a), but only trees with
dbh ≥ 4.5 cm included.

All trees dbh ≥ 4.5 cm

Average SD Average SD

Volume, all species, m3/ha 156.20 86.72 154.36 87.00
Pine vol, m3/ha 98.00 70.57 97.78 70.67
Spruce vol, m3/ha 37.02 73.73 36.54 73.68
Broadl. vol, m3/ha 21.16 34.15 20.04 33.48
Mean diameter, cm 18.35 5.35 18.74 5.24
Mean height, dm 151.15 40.74 153.99 39.90
Basal area, m2/ha 20.03 7.96 19.49 7.91
Number of stems/ha 3867.80 4373.83 1157.71 626.33
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Results were not computed for basal area factors q larger
than 2.0 because these factors are not feasible in the
Finnish NFI, and even less for the ALS-assisted FMI.

Additional validation data measured in 2014
An additional data set was measured in 2014 and used as vali-
dation data. The data consist of observations and measure-
ments for 30 field plots with a size of 32m× 32m. These
plots are subdivided into four subplots each of size
16m× 16m. The locations of these plots were selected sub-
jectively from forests, in which estimation with ALS usually
leads to large RMSEs. Large RMSEs have been noticed in prac-
tice, e.g. in the Finnish ALS-assisted FMI, in dense forests, poss-
ibly with several tree layers, see also Næsset (2014), Maltamo
et al. (2014) and Maltamo et al. (2015). Each 32m× 32m plot
was entirely within one forest stand and belonged to one of
the three development classes young thinning stand,
advanced thinning stand or mature stand.

The plot locations were selected to align with the grid used
in the management inventory of the Finnish Forest Centre
(SMK). A two-phase procedure using post-processed Global
Navigation Satellite System (GNSS) observations was used to
position the plots as close as possible to the planned
locations. The dbh, as well as the distance and direction
from the center of the subplot to the tree, was measured
for every tree with dbh ≥ 2.5 cm. Tree height and age were
additionally measured from sample trees. On average, 37
sample trees per 32m× 32m plot were chosen based on
the cumulative dbh. Additional sample trees were selected
from basal area median trees by tree species groups as for
the reference data (Section ‘Study site and plot
measurements’). The purpose of the large number of the
sample trees was to estimate the plot-level forest variables
accurately.

Calculation of the plot-level estimates based on field
data
The variables were estimated in all cases using only trees with
dbh ≥ 4.5 cm following the practice of the Finnish ALS-aided
management inventory of the SMK. Note that in the Finnish
NFI, all trees with heights greater than 1.3 meters are included
in the volume, basal area and diameter estimates.

The inclusion probability of a tree for each plot configur-
ation depended on the radius of the circle from which the
tree was measured and thus on the dbh of the tree. This
was taken into account in the estimators of forest variables
for each plot configuration, see Tomppo et al. (2011). The esti-
mators are thus unbiased, also for the truncated angle count
plots. The mean diameter and the mean height of trees were
defined as the basal area weighted means of the tree-level
variables.

The ALS data

The ALS data used were a part of the operative management
inventory data by the Finnish Forest Centre. The data were
acquired by Blom Kartta Oy, Finland between 28 June and
27 August 2013 using the Piper Navajo airplane and the
Optech Gemini ALTM scanner. The main parameters were:

the flight altitude 1730 m, strip overlap 20%, pulse frequency,
70,000 Hz, scanning frequency 37 Hz, half scan angle 20
degrees, pulse density 0.89/m2, the maximum number of
observed pulse returns 4.

The digital elevation model (DEM) and the digital surface
model (DSM) were derived from the ALS data. Pulse returns
with heights greater than 1.3 m above the ground were classi-
fied as canopy.

The ALS feature variables were calculated for the squares
of 16m× 16m around the center of each plot following the
practice of the management inventory. The DEM and DSM
were calculated for the squares of 8m× 8m and the values
from the square closest to the plot centre were used.
The features were:

1 The height of the canopy, i.e. the difference between surface model
and elevation model

2 Minimum height of the first returns
3 Maximum height of the first returns
4 Mean height of the first returns
5 Standard deviation of heights of the first returns
6 Skewness of heights of the first returns
7 Kurtosis of heights of the first returns
8 Width of range of heights of the first returns
9–15 The features similar to 2–8 for the last returns
16 Proportion of canopy returns, all pulse returns
17–27 Percentiles (5, 10, 20,… , 90, 95%) for the first returns
28–38 The same features as 17–27 for the last returns
39–49 The cumulative proportions of the foliage returns 0–5, 5–10, 10–20,

… , 90–95% in the range of the height of the first returns
50–60 The same features as 39–49 for the last returns
61–62 Mean intensity (first and last returns)

The aerial photographs

Aerial imaging data were obtained from three flights on 12
July, 27 July, and 25 August in 2015 with the Microsoft Ultra-
Cam Eagle camera. The imaging altitude was 4700m and the
pixel size 0.3 m. The along track overlap was 80% and across
track overlap was 35%. The sun elevation varied between 26
and 46 degrees. Three spectral bands, green, red and near
infrared (NIR) were used for computing features NIR, Red
and Green means as well as their standard deviations in a
16m× 16m square (53× 53 pixels). Furthermore, the Hara-
lick texture features 1–13 based on the co-occurrence
matrix and the lag of 19 pixels were calculated separately
for the NIR, red and green bands of the aerial photographs,
in total 39 features (Haralick et al. 1973).

The total number of the feature variables, the potential
explanatory variables to be used in estimation was thus 107
(Section ik-nn estimation).

General design of the study

The objective was to compare the RMSEs and mean devi-
ations of the field plot alternatives in a realistic setting of
an ALS-assisted inventory. One principle in selecting the
estimation methods was to use a method that produces
error estimates that are typical in operational ALS-assisted
management inventories. We followed therefore the pro-
cedure used in the Finnish ALS-assisted FMI. The forest vari-
ables were measured on the circular plots with a maximum
radius of 9 m and the ALS features were calculated for the
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squares of 16m× 16m, the center points coinciding with
the center points of the field sample plots. These squares
are the prediction units in the Finnish FMI. This procedure
may have introduced noise but we have treated the plot
alternatives in the same way, and in line with the objectives
of this study. Furthermore, the plots that intersected several
forest stands or land classes were removed following again
the practice of ALS-assisted FMI.

The plot-level results are presented in two different ways:
(1) the plot-level estimates for different plot configurations
are compared against the estimates based on the field data
on the SMK plots using RMSEs, and mean deviations as criteria
(2) the errors, RMSEs and mean deviations, in the ALS-assisted
estimates obtained with each plot configuration as a source of
training data are compared against the similar errors obtained
when using the SMK data as the training data. The estimates
in the second-type analyses are always compared to the field-
data-based estimates obtained with the SMK plot configur-
ation. The first type of comparisons are often used to justify
a certain plot configuration, and to compare the plot-level
errors, arising from the plot configuration, to the errors
arising from ALS-assisted estimation. The second kind of com-
parison is more relevant to the ALS data users. If another field
plot configuration yields ALS-assisted estimates consistently
similar to those obtained with plot configuration SMK and
ALS data, both plot configurations are equally usable.

Eight forest inventory variables were selected for the ana-
lyses: (1) stem volume per hectare, (2)–(4) stem volumes
per hectare of the three tree species groups, pine (Pinus sylves-
tris L.), spruce (Picea abies (L.) Karst.) and broad-leaved trees,
mainly birch (Betula spp.) with some aspen (Populus tremula
L.) and alder (Alnus spp.), (5) mean diameter of trees (the
basal area of a tree as the weight), (6) mean height (the
basal area of a tree as the weight), (7) basal area and (8) the
number of stems per hectare.

The following questions were addressed:

(1) What are the errors of the ALS-assisted estimates? The
mean deviations and RMSEs were used as the criteria
(Equations (5) and (6)). We do not consider specifically
the effect of the model prediction errors or measure-
ment errors on the estimates. Both types of errors are
indirectly included in the error estimates, but do not
affect the comparisons of the RMSEs and mean devi-
ations of the estimates with different plot configur-
ations.

The error quantities were calculated using two differ-
ent procedures,
(a) leave-one-out method using the data measured in

2013;
(b) using the data set measured in 2014 as the validation

data; The data measured in 2013 were used as the
training data.

(2) What are the differences in the errors of the field data-
based estimates caused by the different plot configur-
ations compared to the differences in the errors caused
by the ALS-assisted estimation?

(3) What are the measurement times and costs for the differ-
ent plot configurations?

The estimates to be validated were computed using the
selected field plot configuration as the training data in the
ALS-assisted estimation and the field data-based estimates
on the plot configuration when using field data alone. The
results are always compared to the field data-based estimates
on the SMK plots. The resulting statistics were computed for
all plots (n = 1150) and for several subgroups: plots with the
volume of 0–49m3/ha (n = 88), ≥ 200 m3/ha (n = 285) and
plots with mean dbh ≤ 11 cm (n = 70). The last subgroup
was included to test specifically whether the decrease in the
number of thin trees in the training data, caused by either
the use of the concentric plots or angle count plots, increased
the ALS-assisted estimation errors. The validation of the esti-
mates from practical ALS-assisted FMIs has shown that the
errors of the estimates and particularly the estimates by tree
species are larger in young, dense, mixed forests, than in
older and more homogenous forests, cf. Packalén and
Maltamo (2007) and Maltamo et al. (2015). Young, dense,
mixed forests were intentionally included in the validation
data set measured in 2014. Note that the training data
from year 2013 represent “average forests” in the region in
question.

ik-nn estimation

The well-known k-nn estimation method was employed in
ALS-estimation. The weights for the features selected were
calculated using genetic algorithm and leave-one-out cross
validation (Tomppo and Halme 2004; Tomppo et al. 2014).
This k-nn method is called the ik-nn method here.

Let’s recall the main features of the ik-nn estimation with
the genetic algorithm in the feature weighting. Denote the
k nearest feasible field plots by i1( p), . . ., ik( p). The weight
wi,p of field plot i to pixel p is defined as

wi,p = 1
dtpi ,p

/
∑

j[{i1( p),...,ik ( p)}

1
dtpj ,p

,

if and only if i [ {i1( p), . . ., ik( p)}
= 0 otherwise.

(1)

The value of k was fixed to be five after preliminary tests
using the RMSEs and mean deviations as the criteria. The dis-
tance weighting power t is a real number, usually t [ [0, 2].
The value t = 1 was used here. A small quantity, greater
than zero, is added to d when d = 0 and i [ {i1( p), . . ., ik( p)}.

The distance metric d employed was

d2pj,p =
∑nf+ng+nh

l=1

vl
2( fl,pj − fl,p)2, (2)

where fl,p is the lth feature variable for pixel p, nf the number
of aerial image feature variables, ng the number of the ALS
feature variables, nh the number of the Haralick feature vari-
ables and vl the weight for the lth feature variable.

The values of the elements vl of the weight vector v were
selected with a genetic algorithm (Tomppo and Halme 2004;
Tomppo et al. 2008).

The fitness function to be minimized for the optimization
of the distance metric and calculating the values of the v
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vector was

f (v, gd, ge, d̂ , �̂e) =
∑ne
j=1

gd,jd̂j(v) +
∑ne
j=1

ge,j �̂ej(v), (3)

where d̂j(v) is the standard error of the estimate of the
forest variable i, �̂ej(v) is the mean deviation of the forest
variable i, ne the number of the forest variables used in
the algorithm (here eight) and gd and ge are fixed constant
vectors.

The values of the vector v were calculated using the plot
configuration SMK. The same values were used with all the
other plot configurations to investigate the effect of the
plot configuration only on the error estimates and to keep
the comparability of the estimates based on different plot
configurations. We also tested the weights optimized by
the plot configurations. With the procedure selected, the pur-
pose was to be conservative in the sense that any of the plot
configurations tested (k75, k95, q1, q1.5, q2) were not favored
over the fixed radius plot.

After some tests with the principle of trial and error and
heuristic tradeoffs between standard errors and mean devi-
ations of different forest variables, the vectors gd and ge
were fixed to be both gd = ge = (4, 4, 4, 2, 1, 1, 1, 0). The
plot-level estimate of the variable “number of the trees
per hectare” varied with each plot configuration so much
that a value of zero was given to the weights of that vari-
able in the optimization to avoid its adverse effect on the
optimization. Otherwise, the parameters of the genetic
algorithm itself were the same as in Tomppo and Halme
(2004).

A pixel-level estimate of variable Y for pixel p is defined as

ỹp =
∑
i[Ip

wi,pyi, (4)

where yi is the value of the variable Y on plot i and Ip the set of
the field plots used in calculating the estimates for pixel p. Ip
may be the same for all pixels or depend on a possible strati-
fication. Note that the set of the positive values of wi,p in Ip
vary by pixel p.

The ik-nn estimates (ŷik−nn,a) based on each plot configur-
ation awere compared to the plot-level values of the variables
based on the field data on the plot configuration SMK,
denoted by ŷ f ,SMK.

The mean deviation

̂meandeva =
∑n
i=1

(ŷi,ik−nn,a − ŷi,f ,SMK)/n

and RMSE

̂RMSEa =
�����������������������������∑n
i=1

(ŷi,ik−nn,a − ŷi,f ,SMK)2/n
√

were employed in assessing the goodness of the ALS-esti-
mates, n being the number of plots. Similar quantities were
employed when evaluating the field data-based estimates.
In this case, ŷi,ik−nn,a is replaced by ŷi,f ,a where f refers to
field data. Recall that the SMK, k75, k95, q1, q1.5 and q2
plot configurations were studied.

Selection of the features and validation of the
estimates

It turned out that it was difficult to find a stable solution near
the global optimum with the genetic algorithm and 107
feature variables. Reduction of the feature variables was
necessary. The Lasso method (Tibshirani 1996) was first
tested, as well as a stepwise regression analysis, but the
final selection was based on a simple correlation analysis.
Note that stepwise methods are known to perform poorly
when the feature variables are highly correlated (Harrel
2001). The purpose was only to eliminate the irrelevant
feature variables (the variables without any explanation
power). The final weighting of the feature variables was deter-
mined with the genetic algorithm. As a heuristic, non-para-
metric method, it does not presume any distributional
properties from the variables.

Three aerial photograph feature variables, 27 ALS feature
variables, including the difference between the surface
model and elevation model, and six Haralick feature variables
based on aerial photographs were selected for genetic algor-
ithm optimization. The feature variables were as follows:

(1) Aerial photograph feature variables NIR, red and green
means, calculated from 53× 53 pixels in a 16m× 16m
square.

(2) ALS features, the height of the canopy, i.e. difference
between surface model and elevation model, maximum
height of first returns, mean height of first returns,
maximum height of last returns, mean height of last
returns, standard deviation of heights of last returns, pro-
portion of canopy returns, all pulse returns, 20, 30, …, 90,
95% percentile for the first return, 20, 30, …, 90, 95% per-
centile for the last return, the proportions of the returns in
30–40% of the range of the heights of the first return
pulses, the proportions of the returns in 40–50% of the
range of the heights of the first return pulses,

(3) Haralick features, Sum Average, Haralick features 6, for
NIR, red and green, as well as Sum Entropy, Haralick fea-
tures 8, for NIR, red and green.

Results

The effect of the plot configuration on the estimates

The field data-based estimates for forest variables of the
tested plot configurations (ŷ f ,a) deviated from the field
data-based estimates of SMK plot (ŷ f ,SMK) least on the k75
plots, slightly more on the k95 plots and clearly more on
the angle count plots (RMSEf and mean deviationf ,
Tables 2–5). For the angle count plots, the differences
increased when the basal area factor increased. For
example, the field data-based estimate of the stem volume
of all species of the k75 plots deviated 1.9–3.4 m3/ha from
that on the SMK plots depending on the group, whereas
the difference was 3.3–6.7 m3/ha with the k95 plots, 8.6–
12.1 m3/ha with the q1 plots, 10.8–21 m3/ha with the q1.5
plots and 13.7–28.1 m3/ha with the q2 plots. The differences
between the field data-based estimates of the k75 and k95
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plots from the SMK plot were the largest for the group with
mean dbh ≤ 11 cm.

Contrary to the differences between field plot configur-
ations in the field data-based estimates, the errors in the
ALS-assisted estimates were similar for all tested field plot
configurations (RMSEik−nn and mean deviationik−nn,
Tables 2–5). The RMSEs and mean deviations for the SMK
plot and the k75, k95 and q1 plots were practically same.
The errors increased slightly when the basal area factor for
the angle count plot was increased from q = 1. This applies
to the results for all subgroups.

The volume estimates for the plots with mean dbh ≤ 11
cm were studied in detail for tree species pine and spruce.
The ALS-assisted estimates of pine and spruce stem volume
with the SMK and k75 plots were very similar, but the differ-
ences between these estimates and the field data-based esti-
mates on SMK plots were much larger. Each point in Figure 1
represents the estimates for both pine and spruce. The points
corresponding to the two ALS-assisted estimates (training
field plot configurations SMK and k75) and the field data-

based estimate for the plot configuration SMK are connected
with lines. Figure 2 shows that the differences between the
ALS-assisted estimates are larger when plot configuration
k95 is used as training data instead of plot configuration
k75. The differences between the estimates are still much
smaller than the estimation errors. The error patterns by
tree species are almost identical.

The ALS-assisted estimates of the mean volume (all tree
species together) based on the k95 plot and on the SMK
plot in the group with mean dbh ≤ 11 cm are also similar
(Figure 3). The estimates on one plot are connected by a
line. The two ALS-assisted estimates deviated somewhat
more when using the SMK plot and q1 plot as the training
data (Figure 4).

The ik-nn method underestimated the large values and
overestimated the small values of the forest variables. This
can be seen from the positive conditional mean deviations
of the estimates on the plots with small volumes (Tables 3
and 5) and negative conditional mean deviations in the
large volume group (Table 4).

Table 2. Comparisons of the field data-based forest variable estimates to those calculated with the SMK plots (RMSEf , and mean deviationf ), as well as comparisons
of the ALS-assisted forest variable estimates calculated with leave-one-out cross validation to the field-based estimates on the SMK plots (RMSEik−nn and mean
deviationik−nn). The upper row for each variable shows the RMSE and the lower row the mean deviation. All plots, n = 1150.

RMSEf and mean deviationf RMSEik−nn and mean deviationik−nn

k75 k95 q1 q1.5 q2 SMK k75 k95 q1 q1.5 q2

Volume, m3/ha 1.9 3.6 11.4 18.8 25.6 40.1 40.1 40.1 40.3 41.2 41.8
−0.1 −0.0 0.3 0.3 0.3 0.2 0.2 0.2 0.5 0.9 1.4

Pine, vol m3/ha 0.9 1.9 7.4 13.3 19.9 47.3 47.3 47.3 47.3 47.6 48.0
0.0 0.0 0.3 0.7 0.8 1.5 1.5 1.5 1.8 2.6 2.9

Spruce, vol m3/ha 1.0 1.8 5.5 9.1 12.9 44.5 44.6 44.6 44.7 44.9 45.0
−0.0 −0.0 −0.3 −0.6 −0.8 −0.3 −0.3 −0.3 −0.6 −0.9 −0.9

Broadl, vol m3/ha 1.2 2.4 6.5 9.9 11.9 20.7 20.7 20.8 20.9 21.1 21.4
−0.1 −0.0 0.3 0.2 0.2 −1.0 −1.0 −1.0 −0.7 −0.8 −0.7

Mean dbh, cm 0.3 0.4 0.9 1.2 1.4 2.7 2.7 2.7 2.7 2.7 2.7
0.0 0.0 0.1 0.2 0.3 −0.2 −0.2 −0.2 −0.1 −0.0 0.0

Mean height, dm 1.6 2.3 5.0 6.5 7.9 13.1 13.1 13.1 13.2 13.3 13.4
0.1 0.2 0.7 1.0 1.4 −1.2 −1.1 −1.1 −0.6 −0.3 −0.0

Basal area, m2/ha 0.5 0.8 2.0 3.0 3.9 4.7 4.7 4.7 4.7 4.9 4.9
−0.0 −0.0 0.0 0.0 0.0 0.2 0.2 0.2 0.2 0.3 0.3

Number of trees/ha 157.6 196.6 422.8 541.3 621.3 479.2 488.7 492.2 517.8 540.4 556.7
−5.4 −4.2 2.5 −3.0 −13.5 10.5 8.7 9.0 14.6 13.7 8.2

Table 3. Comparisons of the field data-based forest variable estimates to those calculated with the SMK plots (RMSEf , and mean deviationf ), as well as comparisons
of the ALS-assisted forest variable estimates calculated with leave-one-out cross validation to the field-based estimates on the SMK plots (RMSEik−nn and mean
deviationik−nn).

RMSEf and mean deviationf RMSEik−nn and mean deviationik−nn

k75 k95 q1 q1.5 q2 SMK k75 k95 q1 q1.5 q2

Volume, m3/ha 2.1 3.4 8.6 10.8 13.7 21.9 22.0 22.2 23.5 24.4 25.5
−0.0 −0.2 −1.0 −1.2 −1.8 12.6 12.7 12.6 13.4 13.7 14.0

Pine, vol m3/ha 1.5 2.8 7.3 9.6 12.4 21.4 21.7 21.8 22.5 23.7 24.0
−0.0 −0.4 −0.5 −0.6 −0.9 11.8 12.0 11.8 12.4 12.7 13.1

Spruce, vol m3/ha 0.8 1.3 3.5 4.1 4.1 10.5 10.6 10.5 10.7 10.6 11.0
0.1 0.2 −0.3 −0.5 −0.7 0.1 0.1 0.2 0.1 −0.2 −0.1

Broadl. vol m3/ha 0.9 1.9 4.4 5.2 6.0 8.2 8.2 8.3 9.1 8.9 10.0
−0.1 −0.0 −0.2 −0.2 −0.1 0.8 0.6 0.6 0.9 1.1 1.0

Mean dbh, cm 0.4 0.6 1.4 1.7 2.1 1.9 1.9 1.9 2.1 2.2 2.3
0.1 0.1 0.3 0.6 0.8 0.3 0.3 0.3 0.5 0.7 0.8

Mean height, dm 2.2 3.0 6.6 8.5 10.7 11.8 11.7 11.6 12.4 12.9 12.9
0.2 0.2 1.0 2.4 3.5 2.3 2.2 2.2 3.1 4.2 4.7

Basal area, m2/ha 0.6 0.9 1.9 2.4 3.0 3.7 3.8 3.8 4.1 4.3 4.5
0.0 −0.1 −0.2 −0.3 −0.5 2.1 2.1 2.1 2.3 2.3 2.3

Number of trees/ha 211.0 230.5 440.0 595.0 654.0 513.9 518.3 530.0 625.1 668.6 676.7
2.8 −7.5 −18.9 −70.3 −119.0 194.7 215.3 213.0 250.2 219.2 199.3

Notes: The upper row for each variable shows the RMSE and the lower row the mean deviation. Plots with total volume 0–49, n = 88.
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The errors for volume groups closer to the overall mean
volume of the 1150 plots (156.2 m3) were smaller than those
presented and discussed here.

The errors of estimates with the validation data from
2014

Using the plots measured in 2014, it was possible to assess how
the RMSEs decrease, that is, how the variance part of the RMSEs
decrease when the area of the target unit increases. Using data
from the 2013 plots as the training data with the configurations
described in Section ‘The plot alternatives’ and the
32m× 32m plots measured in 2014 as the target units,
reduced the RMSEs of the ALS-assisted estimates compared
to the case where 16m× 16m plots were tested. The RMSE
of the mean volume of all species decreased from about 37–
39m3/ha to 25–26m3/ha (15–30%) (Table 6). The different
training plot alternatives produced similar estimates.

The mean deviations (the other part of the RMSEs) were
large when the 2013 field plot data were used as the training

data to estimate forest variables for the 16m× 16m and
32m× 32m plots measured in 2014. For example, the
mean deviations for mean volumes varied between −8 and
10 m3/ha for species together depending on the training
plot configuration, between 16–17 m3/ha for pine and
around 20 m3/ha for spruce for the both evaluation plots.
Note that the mean deviation does not decrease when the
plot size increases when calculating over the same area.

The effect of the plot configurations on the costs

The average time needed for the tally tree measurements on
one plot for the plot configurations SMK, k75, k95 and q1
were 23.0, 19.3, 17.4 and 11.6 minutes, respectively (Table 7).
Although the time savings in tree measurements are signifi-
cant, the total savings are not that big due to the time
needed for assessing and measuring plot-level and stand-
level variables. The average measurement costs of one SMK
plot including tree and plot-level variables were estimated to
be 35.72 euros and time needed for two persons 32.8 minutes.

Table 4. Comparisons of the field data-based forest variable estimates to those calculated with the SMK plots (RMSEf , and mean deviationf ), as well as comparisons
of the ALS-assisted forest variable estimates calculated with leave-one-out cross validation to the field-based estimates on the SMK plots (RMSEik−nn and mean
deviationik−nn).

RMSEf and mean deviationf RMSEik−nn and mean deviationik−nn

k75 k95 q1 q1.5 q2 SMK k75 k95 q1 q1.5 q2

Volume, m3/ha 2.0 3.3 11.7 21.0 28.1 59.7 59.8 59.7 59.9 60.6 61.3
−0.3 −0.1 −0.3 −1.3 −1.4 −26.6 −26.8 −26.7 −27.1 −27.9 −25.7

Pine vol. m3/ha 0.4 1.0 5.8 11.9 18.4 71.2 71.2 71.2 71.2 71.2 71.3
0.0 0.0 −0.0 0.1 −0.5 −15.6 −15.6 −15.6 −15.5 −14.6 −14.0

Spruce vol m3/ha 1.3 2.2 7.1 13.0 18.2 76.4 76.4 76.5 76.7 77.0 77.2
−0.1 −0.0 −0.1 −1.1 −0.6 −11.4 −11.5 −11.4 −11.9 −13.5 −12.5

Broadl. vol m3/ha 1.3 2.2 6.1 10.0 12.4 30.0 30.0 30.0 29.9 30.5 30.5
−0.2 −0.1 −0.1 −0.3 −0.2 0.4 0.3 0.3 0.3 0.2 0.8

Mean dbh, cm 0.2 0.3 0.8 1.0 1.2 3.5 3.5 3.5 3.4 3.5 3.5
0.0 0.0 0.1 0.2 0.2 −0.6 −0.6 −0.6 −0.5 −0.4 −0.4

Mean height, dm 1.5 2.1 4.9 6.4 7.7 15.4 15.5 15.5 15.3 15.2 15.1
0.2 0.1 0.7 0.7 0.9 −3.9 −3.7 −3.7 −3.0 −2.9 −2.5

Basal area, m2/ha 0.4 0.7 1.9 3.0 3.7 6.3 6.3 6.3 6.4 6.4 6.5
−0.1 −0.0 −0.1 −0.2 −0.2 −2.7 −2.7 −2.7 −2.8 −2.9 −2.7

Number of trees/ha 155.0 179.0 391.5 502.2 569.7 503.5 515.4 516.7 526.3 536.4 545.0
−24.6 −21.2 −31.8 −35.0 −39.5 −116.7 −139.6 −138.2 −163.5 −177.5 −178.0

Notes: The upper row for each variable shows the RMSE and the lower row the mean deviation. Plots with total volume ≥ 200, n = 285.

Table 5. Comparisons of the field data-based forest variable estimates to those calculated with the SMK plots (RMSEf , and mean deviationf ), as well as comparisons
of the ALS-assisted forest variable estimates calculated with leave-one-out cross validation to the field-based estimates on the SMK plots (RMSEik−nn and mean
deviationik−nn).

RMSEf and mean deviationf RMSEik−nn and mean deviationik−nn

k75 k95 q1 q1.5 q2 SMK k75 k95 q1 q1.5 q2

Volume, m3/ha 3.4 6.7 12.1 17.3 23.1 16.0 16.0 16.4 16.9 18.2 18.7
0.7 0.9 2.4 2.8 2.1 7.0 7.3 7.0 8.5 9.4 9.5

Pine, vol m3/ha 2.0 3.8 7.5 10.9 12.8 21.8 21.9 22.0 22.1 22.6 23.0
0.2 0.1 1.2 1.1 0.2 6.4 6.6 6.4 6.8 7.5 7.9

Spruce, vol m3/ha 1.3 2.1 3.3 5.5 7.2 13.0 13.0 13.1 13.3 13.7 13.5
0.2 0.2 0.4 0.6 0.4 0.5 0.6 0.8 0.7 0.7 0.1

Broadl. vol m3/ha 2.4 5.0 10.1 13.1 16.3 11.7 11.6 11.2 11.7 12.1 12.3
0.3 0.6 0.8 1.1 1.5 0.1 0.0 −0.1 1.1 1.2 1.4

Mean dbh, cm 0.3 0.4 0.9 1.2 1.5 2.2 2.1 2.2 2.4 2.5 2.6
−0.0 −0.0 0.0 0.2 0.2 1.7 1.7 1.7 1.8 1.8 2.0

Mean height, dm 1.8 2.2 5.2 6.9 9.4 12.4 12.3 12.4 13.3 14.1 14.6
−0.3 −0.4 −0.5 0.6 0.7 8.3 8.1 8.1 8.5 9.1 9.6

Basal area, m2/ha 0.9 1.5 2.6 3.7 4.6 2.9 2.9 3.0 3.1 3.3 3.4
0.2 0.2 0.5 0.6 0.4 0.6 0.7 0.6 0.9 1.1 1.1

Number of trees/ha 290.9 369.0 682.6 928.7 1075.6 749.2 746.3 760.4 773.0 808.1 817.7
64.2 72.1 160.3 148.0 109.3 −306.8 −272.9 −281.4 −197.0 −191.3 −207.4

Notes: The upper row for each variable shows the RMSE and the lower row the mean deviation. Plots with mean dbh ≤ 11 cm, n = 70.
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Figure 1. Spruce stem volume estimates versus pine stem volume estimates on the plots with mean dbh ≤ 11 cm (n = 70). The three configurations of estimates (six
estimates) on one plot are (1) field data-based estimates using SMK plots (SMK field data), (2) ALS-assisted estimates using SMK plots (SMK ALS) and (3) ALS-assisted
estimates using k75 plots (k75 ALS) and are connected by a polygon.

Figure 2. Spruce stem volume estimates versus pine stem volume estimates on the plots with mean dbh ≤ 11 cm (n = 70). The three configurations of estimates (six
estimates) on one plot are (1) field data-based estimates using SMK plots (SMK field data), (2) ALS-assisted estimates using SMK plots (SMK ALS) and (3) ALS-assisted
estimates using k95 plots (k95 ALS) are connected by a polygon.
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Figure 3. Two ALS-assisted stem volume estimates (a) using SMK plots (SMK) and (b) using k95 plots (k95) versus field data-based stem volume estimates using SMK
plots on the plots with mean dbh ≤ 11 cm (n = 70). The estimates on one plot are connected by a line.

Figure 4. Two ALS-assisted stem volume estimates (a) using SMK plots (SMK) and (b) using q1 plots (q1) versus field data-based stem volume estimates using SMK
plots on the plots with mean dbh ≤ 11 cm (n = 70). The estimates on one plot are connected by a line.
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The reduction in total measurement costs was almost 9%
when using the k95 plot and almost 18% when using the
q1 plot instead of the SMK plot (Table 7).

Discussion

The effect of the field plot configuration on the errors of the
ALS-assisted forest resource estimates were analysed. The
estimation method, an improved non-parametric k-NN
method, was purposively same for all plot configurations.
The reason for using the same method was to focus on the
effect of the plot configuration type only, and to be conserva-
tive in the sense that configurations with less tree data were
not favored. The field measurement costs of the different
plot configurations were also assessed.

The plot-level errors for the ALS-assisted estimates (Table
2) were well in line with previous results in estimating forest
variables (Næsset 2002, 2004, 2007; Næsset et al. 2004;
Maltamo et al. 2007; Nilsson et al. 2015). The plot-level
RMSEs by tree species groups were also at the same level as
in the other studies, and larger than the RMSEs of the esti-
mates for all species together (Packalén and Maltamo 2007;
Maltamo et al. 2015). Our aim was not to minimize the
errors but to use in the tests a method that is comparable
to those currently used in operative ALS-assisted applications.

The sampling designs with an inclusion probability of a tree
that depends on the size of the tree is known to be efficient
when estimating averages or totals. Concentric plots or angle
count plots are often used (Tomppo et al. 2011). Our results
confirm that, in forests similar to Finnish forests, even the
angle count plot with the basal area factor q = 1 is a feasible
option for ALS-assisted inventory because the ALS-derived esti-
mates were not significantly different from those derived from
the fixed area plots. cf. Maltamo et al. (2007), Hollaus et al.

(2007) and Scrinzi et al. (2015). The basal area factors 1.5 and
2 increased the errors to some extent.

The error estimates were compared to those in given in a
few other ALS-assisted forest inventory studies. The error esti-
mates for the 32m× 32m plots were similar to those in
Nilsson et al. (2015). Our smaller areal unit in validation than
in Nilsson et al. (2015) may explain the differences. The size
of the validation units, 1000 m2 in Næsset (2007), is near our
larger square. The RMSEs for the common variables, volume,
mean diameter, basal area and mean height are comparable,
though a bit larger in our case.

The errors of the estimates by tree species groups were
larger than the errors of the estimates with tree species
together, a common problem in any ALS-assisted approach
(Packalén and Maltamo 2007; Maltamo et al. 2015).

The increased work load and costs, caused by the
increased tree measurements on the SMK plots compared
to the alternative plots, were assessed also using temporary
field plot data from the Finnish eleventh NFI from years
2009–2013 and twelfth NFI from year 2014 in Southern part
of the country and the plot-level time recordings. A truncated
angle count plot with a basal area factor of q = 2 and a
maximum distance of 12.52 m was used in the eleventh NFI
while k95 plot configuration is used in the twelfth NFI.
Additionally to the k95 configuration, the trees with diameter
, 4.5 cm are measured using angle count sampling and a
basal area factor of q = 1.5. The average plot measurement
time was 44% larger in the twelfth NFI than in the eleventh
NFI. The plots on forest land that did not intersect multiple
forest stands were included in the comparisons. If the plots
on the maturity classes 4–6 were used (Section ‘ Study site
and plot measurements’), as in this study, the average plot
measurement time increased by 38%.

The RMSE differences between field plot-based estimates
of forest variables at the plot level were negligible when com-
paring the estimates for the k75 and k95 plots to those on the
SMK plots. The RMSE differences increased to some extent on
the angle count plots, slightly with the basal area factor of q =
1 and somewhat more with the factors of 1.5 and 2, as
expected.

The slightly increased RMSEs based on the field data (con-
clusion 1) did not increase the RMSEs or the absolute values
of the mean deviations of the ALS-assisted estimates when
using the plot-level estimates of the k75 or k95 plots as the esti-
mation training data instead of the SMK plots. Only the use of

Table 6. Comparisons of the ALS-assisted estimates to the field data-based estimates on the 16m× 16m plots and on the 32m× 32m plots measured in 2014. The
ALS-assisted estimates and RMSEs are calculated with the SMK, k75, k95, q1, q1.5, and q2 plots and 2013 data (n = 1150) as the training data and the 2014 data (n =
116 and n = 29) as the validation data.

RMSE

16m× 16m plots 32m× 32m plots

SMK k75 k95 q1 q1.5 q2 SMK k75 k95 q1 q1.5 q2

Volume, m3/ha 37.3 37.3 37.5 37.8 38.4 39.4 25.6 25.4 25.6 25.8 26.2 26.7
Pine, vol m3/ha 47.1 47.1 47.0 47.1 47.6 49.2 39.3 39.3 39.2 39.4 39.4 40.4
Spruce, vol m3/ha 44.2 44.1 44.0 44.8 45.7 45.3 35.4 35.3 35.2 35.9 36.7 36.0
Broadl. vol m3/ha 21.0 21.0 20.9 21.2 22.3 22.6 17.0 17.2 17.0 16.9 17.8 18.0
Mean dbh, cm 2.3 2.3 2.4 2.4 2.4 2.5 2.0 2.0 2.0 2.0 2.1 2.1
Mean height, dm 11.4 11.4 11.3 10.9 10.8 10.9 9.6 9.5 9.5 9.1 9.0 9.1
Basal area, m2/ha 5.2 5.2 5.2 5.3 5.4 5.5 4.2 4.2 4.2 4.3 4.3 4.4
Number of trees/ha 869.9 868.4 877.2 911.7 961.7 987.2 808.3 802.3 810.3 832.0 870.7 887.1

Table 7. Tally tree measurements, time, costs and savings compared to SMK plot
measurements.

Tally tree measurements
Savings, tally

tree
Savings in
total cost

Plot
configuration Mean, min. Cost, euro euro %

SMK 23.0 12.6 0.00 0.0
k75 19.3 10.5 2.07 5.8
k95 17.4 9.5 3.07 8.6
q1 11.6 6.3 6.25 17.5
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the angle count plots with the basal area factor of q = 2 as the
source of training data in estimation increased the error quan-
tities noticeably, and the use of the factor q = 1.5 slightly.

The conclusions remained unchanged when looking at the
plots with the mean diameter of the trees not more than 11
cm and the plots with a large number of trees. These plots are
often in mixed species forests and also with several tree layers,
that is, in forests in which the errors of the ALS-assisted esti-
mates are large.

Using concentric circular plots or an angle count plot with
basal area factor q = 1 instead of the SMK plot could reduce
costs about 10–20% without noticeably increasing the errors
of the estimates.

The overall conclusion is that it is possible to select a
field plot configuration that fulfills the efficiency needs of
NFIs and plot-level accuracy requirements of ALS-assisted
inventories. Of the tested alternatives, the angle count
plot with a basal area factor of q = 1 could be rec-
ommended. It saves costs noticeably compared to a fixed
area plot. Also the use of the concentric plot k95 would
save costs. The practical Finnish NFI in 2015 and 2016
with the plot k95 has shown that our costs saving estimates
are conservative. One technical conclusion is that the differ-
ences of the errors of the estimates of forest variables based
on field data are not directly related to the differences of
the errors in the ALS-assisted estimates. The reason is a
slight increase in the RMSEs of the field data-based esti-
mates does not directly contribute to the ALS-assisted esti-
mates. Estimation with ALS and other auxiliary data used
causes such large ik-nn prediction errors that they cover
the smaller errors arising from the field data-based esti-
mates. One should also note that the total volume, basal
area and other characteristics of small trees (d < 7.5 cm or
d < 9.5 cm) can be estimated with small absolute errors
without measuring each tree on a fixed radius plot. The
tree measurements play an important role in total time con-
sumed wherefore thorough error and cost analyses are
necessary when planning a cost-effective forest inventory.
The use of the field plot for multiple inventories and pur-
poses introduces additional considerations.
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