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A B S T R A C T

Spatially explicit information of forest status is important for obtaining more accurate predictions of C balance. 
Spatially explicit predictions of forest characteristics at high resolution can be obtained by Earth Observations 
(EO), but the accuracy of satellite-based predictions may vary significantly. Modern computational techniques, 
such as data assimilation (DA), allow us to improve the accuracy of predictions considering measurement un
certainties. The main objective of this work was to develop two DA frameworks that combine repeated satellite 
measurements (Sentinel-2) and process-based forest model predictions. For the study three tiles of 100 × 100 
km2 were considered, in boreal forests. One framework was used to predict forest structural variables and tree 
species, while the other was used to quantify the site fertility class. The reliability of the frameworks was tested 
using field measurements. By means of DA we combined model and satellite-based predictions improving the 
reliability and robustness of forest monitoring. The DA frameworks reduced the uncertainty associated with 
forest structural variables and mitigated the effects of biased Earth Observation predictions when errors 
occurred. For one tile, Sentinel-2 prediction for 2019 (s2019) of stem diameter (D) and height (H) was biased, but 
the errors were reduced by the DA estimation (DA2019). The root mean squared errors were reduced from 5.8 cm 
(s2019) to 4.5 cm (DA2019) and from 5.1 m (s2019) to 3.3 m (DA2019) for D (sd = 4.33 cm) and H (sd = 3.43 
m), respectively. For the site fertility class estimation DA was less effective, because forest growth rate is low in 
boreal environments; long term analysis might be more informative. We showed here the potential of the DA 
framework implemented using medium resolution remote sensing data and a process-based forest model. Further 
testing of the frameworks using more RS-data acquisitions is desirable and the DA process would benefit if the 
error of satellite-based predictions were reduced.

1. Introduction

The increased prominence of forests in climate- change mitigation 
and bioeconomy strategies and the increasing importance of sustain
ability in forest policies brings new challenges to forest management. 
Forests have a prominent role in the success of major initiatives, such as 
the European Green Deal (European Commission 2019), the Paris 
Agreement, and the Sustainable Development Goals of the United Na
tions. At the same time, forests are facing environmental challenges due 
to changing climatic conditions (e.g. storms, drought, pest attacks) 
(Nabuurs et al., 2013; Reyer et al. 2017) and increasing demand for both 
wood and non-wood forest products (Verkerk et al. 2022). Furthermore, 

forestry stakeholders have numerous legal and voluntary obligations (e. 
g. certification schemes) to monitor and report the usage and status of 
forests. In this situation, acquiring up-to-date spatially explicit infor
mation on forest characteristics is more important than ever.

Up-to-date information on the current status of forests is not only 
needed for monitoring and operational planning purposes but also forms 
a basis for future management planning and policy formulation, sup
porting decision making from small-scale forest management to large- 
scale forest policies. Forecasting and planning use models that in prac
tical forestry are largely empirical models based on statistical fitting of 
measurements of forest characteristics (Hynynen et al. 2002; Kallio et al. 
2016; Eriksson and Bergh 2022; Lämås et al., 2023). Process-based 

* Corresponding author.
E-mail address: francesco.minunno@helsinki.fi (F. Minunno). 

Contents lists available at ScienceDirect

Agricultural and Forest Meteorology

journal homepage: www.elsevier.com/locate/agrformet

https://doi.org/10.1016/j.agrformet.2025.110436
Received 14 May 2024; Received in revised form 29 January 2025; Accepted 2 February 2025  

Agricultural and Forest Meteorology 363 (2025) 110436 

Available online 8 February 2025 
0168-1923/© 2025 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0000-0002-7658-6402
https://orcid.org/0000-0002-7658-6402
https://orcid.org/0000-0001-8510-1553
https://orcid.org/0000-0001-8510-1553
https://orcid.org/0000-0003-1992-3158
https://orcid.org/0000-0003-1992-3158
https://orcid.org/0000-0001-9633-7350
https://orcid.org/0000-0001-9633-7350
mailto:francesco.minunno@helsinki.fi
www.sciencedirect.com/science/journal/01681923
https://www.elsevier.com/locate/agrformet
https://doi.org/10.1016/j.agrformet.2025.110436
https://doi.org/10.1016/j.agrformet.2025.110436
http://crossmark.crossref.org/dialog/?doi=10.1016/j.agrformet.2025.110436&domain=pdf
http://creativecommons.org/licenses/by/4.0/


models (PBM) derive forest growth from ecological processes, which 
broadens the scope of future projections by including the impacts of 
different environmental conditions on forest processes (Fontes et al. 
2010; Lukash et al. 2018; Minunno et al. 2019). However, to be usable 
for spatially explicit future projections in large areas, models require 
accurate and spatially detailed information on forest characteristics as 
input data.

Most countries have a National Forest Inventory (NFI) and other 
wide-scale field measurement (e.g., permanent growth experiments, 
fertilization trials) campaigns that provide information on forest status 
to support management planning and policy decisions. However, field- 
plot measurements alone do not provide spatially explicit predictions 
of forest characteristics in < 30 m spatial resolution. The content and 
quality of NFI measurements also vary widely between countries 
(McRoberts et al. 2009). Remotely sensed datasets are increasingly used 
in large forest inventories (Kangas et al. 2018), due to the increased 
availability of remotely sensed data at finer resolution. Earth Observa
tion (EO) based approaches that combine field data with satellite ob
servations can be used to predict forest characteristics in a spatially 
explicit manner for large areas (e.g. Breidenbach et al. 2020). However, 
the accuracy of EO-based forest variable predictions at appropriate 
spatial resolution (10–30 m) has thus far been relatively modest, with 
RMSE between 40 and 60 % of the mean for several structural forest 
variables such as basal area, mean diameter at breast height, mean 
height, stem volume (Astola et al. 2019; Häme et al. 2013; Antropov 
et al. 2017; Sánchez-Ruiz et al. 2019, Santoro et al., 2019b, Ahmadi et al. 
2021).

There is an increasing body of studies in Earth sciences showing that 
measurement accuracy can be improved and uncertainties can be 
quantified and reduced by data assimilation (DA) (Montzka et al. 2012, 
Calvet et al., 2019, Mohamedou et al. 2022). DA combines observations 
and models while also considering the associated error. Using DA, model 
parameters are updated to make the predictions agree with field 
observational data (Khaki et al. 2020) and vice versa. The history of the 
observations is accounted for through the model to reduce the impacts 
on estimation of possible noise in the observations (Junttila et al. 2008; 
Leroux et al. 2018). Although many computational methods have been 
developed and applied (Montzka et al. 2012), the Kalman filter is the 
most common method used for DA. DA has already been extensively and 
successfully applied in many fields of earth sciences, such as meteo
rology (Rabier, 2005) and hydrology (Khaki et al. 2020),

In the last few years, DA based on earth observation data has also 
been increasingly adopted into forest variable estimation from large 
areas (Hou et al. 2019; Breidenbach et al. 2020, Lindgren et al., 2022a, 
2022b). While most of these studies focus on monitoring the current 
state of the forest, fewer applications have utilised sequential EO data in 
combination with predictive simulation models (Mohamedou et al. 
2022). Such approaches can be hampered by the high computational 
load of combining DA with forward simulations of forest variables 
(Mohamedou et al. 2022), as concluded on the basis of previous studies 
applying empirical forest growth models (Nyström et al. 2015; Lindgren 
et al. 2017). However, DA is challenging when more computationally 
expensive models, such us process-based forest models are applied to 
large areas (>100 km2) at < 30 m spatial resolution (Dietze et al., 2013).

Using DA in sequential forest variable prediction requires that the 
applied simulation model accounts for the change of state over the 
observation interval. Forest simulation models usually describe the 
forest state in terms of structural variables, such as species proportions 
or plant functional type, mean height, tree diameter, basal area, leaf area 
index (LAI) and tree age. The change of state depends on prevailing 
climatic and edaphic factors, together embedded in the concept of site 
productivity (Skovsgaard and Vanclay 2008). While climate variables 
are generally available through measurement networks or climate 
models, estimating the edaphic factors is considered a key limiting issue 
in the applications of remotely sensed data for forest growth prediction 
(Knyazikhin et al. 2013; Waring et al. 2016). Foresters quantify site 

fertility with the so-called site index (i.e. the dominant canopy height 
reached by a reference age) (Skovsgaard and Vanclay 2008). Although 
site index is difficult to estimate directly if tree age is not known, 
age-independent methods of estimating site quality have also been 
developed (Skovsgaard and Vanclay 2008). One of these is the ground 
vegetation-based site classification system used in Finland (Cajander 
1949), which has also been linked with site index (Vuokila and Väliaho, 
1980). This has already allowed for advances in estimating site fertility 
class from EO data (Häme 1984; Häme et al. 2023).

Based on its definition, DA is helpful if there are repeated remotely 
sensed measurements available for a forest area. It is then possible to 
initialize the model with the first data acquisition and forecast the state 
of the forest to the date of the next data acquisition. The two sources of 
information are combined considering their relative uncertainty. The 
new prediction constitutes the starting point for a new DA, and the 
process can be repeated every time new data become available. EO 
datasets suitable for this kind of repeated forest observations are avail
able free of charge at a resolution of 10–30 m. These include optical 
datasets (such as Sentinel-2 and Landsat 8) and radar datasets (such as 
the C-band Sentinel 1). Several authors have used 10–30 m EO based 
estimates to create spatially explicit maps of forest structural variables 
(such as tree species, height, and stem volume) (Astola et al. 2019; Häme 
et al. 2013; Antropov et al. 2017, Miettinen et al., 2021) and site fertility 
indices (Häme 1984; Tomppo 1992; Moran et al. 2000; Rahimza
deh-Bajgiran et al. 2020; Häme et al. 2023,) that can be used as input for 
process-based ecosystem modelling. In particular, the European Space 
Agency Sentinel-2 satellite, with its 10 wavelength bands in 10–20 m 
spatial resolution and high temporal frequency (5-day revisit period at 
the equator, 2–3 days in mid latitudes), provides useful data for 
large-scale forest monitoring.

The main objective of this study is to build and test two frameworks 
for data assimilation of satellite measurements at 10 meter resolution in 
combination with a simple process-based model, PREBAS (Minunno 
et al. 2019). We implemented: 

1) a framework for the prediction of site fertility that is site specific and 
remains relatively stable over time;

2) a framework for the prediction of forest structural variables that 
dynamically change over time.

2. Materials and methods

2.1. Satellite data

Sentinel-2 Level 2A (L2A) satellite data (together with field mea
surements) were used to estimate forest variables that are key state 
variables in the process-based ecosystem model used in this study. With 
two satellites on sun-synchronous orbits and a 290 km swath width, the 
Sentinel-2 Multi-Spectral Instrument (MSI) sensor provides 2–3 days 
imaging frequency in Europe. The sensor has 13 spectral bands with 10 
m (four bands), 20 m (six bands) and 60 m (three bands) spatial reso
lutions. The Level 2A product provides atmospherically corrected sur
face reflectance, distributed in tiles of 110 × 110 km2. Three Sentinel-2 
tiling grid tiles ‘Vaasa’ (grid code 34VEQ), ‘Tampere’ (35VLJ), and 
‘Oulu’ (35WMN) were used in the study, providing a north-south spread 
through the boreal zone (Fig. 1). The sites were selected considering the 
availability of field data and the availability of early (2016) Sentinel-2 
data.

For each of the three tiles, Sentinel-2 L2A composite images were 
created for 2016 and 2019 using imagery acquired between 1st of June 
and 15th of September. The number of images varied from <10 to 20 for 
each of the three tiles. The observations covered the entire compositing 
period, which was limited to the growing season to reduce the effects of 
seasonal variation in the composite imagery. Each ground resolution 
element of the image was evaluated according to the following four 
criteria: cloudiness, haze, cloud shadows, and resemblance to usual 
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observation in the location (based on a reference mosaic built from 
visually selected cloud free imagery). Based on the evaluation, a weight 
was given for each observation and these weights were used to average 
the observations to produce the final image. The compositing approach 
is described in detail in Miettinen et al. (2021). The final composite 
images included seven spectral bands (B02 Blue 0.49 µm, B03 Green 
0.56 µm, B04 Red 0.67 µm, B05 Red Edge 1 0.71 µm, B08 NIR 0.84 µm, 
B11 SWIR 1.61 µm and SWIR 2.19 µm). These bands were selected to be 
used based on earlier results on optimal set of bands for boreal forest 
variable prediction (Astola et al. 2019). All bands were resampled to 10 
m spatial resolution using the nearest neighbour resampling.

2.2. Field data

Field plot measurements were used as training data for the forest 
variable model creation and reference data for accuracy assessment. 
Altogether, 5054 field plots were used, 2508 for the creation and eval
uation of the 2016 model, and 2546 for the 2019 model. The field data 
plots were measured in 2016 and 2019 by the Finnish Forest Centre 
(https://www.metsakeskus.fi/node/321). The following three different 
plot radii were used in the measurements: 9 m in young and mature 
managed forests with a relatively high tree density; 12.62 m in forests 
with a low stem density but usually high volume due to the mature 
development stage; and 5.64 m in seedling stands. Before use of the field 
plot data, all plots were visually screened on the Sentinel-2 composite 
images, and all plots that were located in areas with clear atmospheric 
disturbance were removed. Every third plot was randomly selected for 
accuracy assessment, while the remaining two-thirds were used for 
model training. To take into account the varying sizes of the field plots, 
intersections with raster data were conducted with shapefiles repre
senting the plots as circular polygons reflecting the plot size. Weighted 
averages of the raster values were calculated based on the proportion of 
coverage of each pixel within the plot polygon. This approach was 

applied to both the spectral value extraction during the forest variable 
prediction as well as the map value extraction for accuracy assessment.

Eight variables were extracted from the field plot database and used 
in the forest structural variable model creation. These were Basal area 
(G), mean Diameter at breast height (D), Height (H), Volume (V), Scots 
pine (Pinus sylvestris L.) proportion of growing stock volume (RP, Norway 
spruce (Picea abies Karst.) proportion (RS), Broadleaf tree proportion 
(RB), and fertility class (Site). The height was calculated as basal area 
weighted average height. The standard Finnish site-type classification 
estimating site fertility based on ground vegetation was used (Cajander, 
1949). The classification includes eight classes in total arranged ac
cording to decreasing fertility. >99 % of forest land in Finland is 
assigned to the first five classes, which were used in the analysis 
(Korhonen et al. 2017) (Table 2). While the generic names of the classes 
refer to upland site types, we classified forested and drained peatlands in 
corresponding site classes based on their productivity. All of the analyses 
conducted in the study were limited to forest area, as outlined by the 
Forest Mask (Metsämaski) of the Finnish Forest Centre (https://www. 
metsakeskus.fi/en/about-us/the-finnish-forest-centre).

2.3. Probability forest structural variable prediction

The Probability forest classification and prediction approach (Häme 
et al. 2001) was used to derive the forest structural variable predictions 
that were used for initialising the simulations with the process-based 
ecosystem model. The creation of the maps has been described in 
detail in Miettinen et al. (2021) and only the key features of the process 
are repeated here. The workflow included three main phases (clustering, 
model creation, and prediction; Fig. 2). The process started with a 
clustering of the input images with maximum likelihood clustering into 
60 clusters. A model was then created by associating the field mea
surements with the clusters. The forest variable values for each cluster 
were computed as median (for G, D, H and V) or mean (for RP, RS, RB and 

Fig. 1. Location of study sites with Sentinel-2 L2A composite images. The inset shows a detail of the ‘Tampere’ (tiling grid 35VLJ) image.
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fertility) of all field measurements belonging to this cluster, and the 
spectral statistics (of the surface reflectance) of the clusters were 
recorded. The model was subsequently evaluated and refined. In the 
final phase, predictions for each ground resolution element were 
calculated as the weighted average of the five clusters to which the 
Euclidean distance from the given element was closest in the 
multi-spectral space. The weights were the probabilities of the ground 
resolution element belonging to the cluster (Häme et al. 2001; Eq. (1)). 

f(x) =
∑N

c=1
P(c ∨ x)fc, (1) 

where f(x)is the estimated target variable value for spectral vector x, 
P(c ∨ x) is the probability for spectral vector x to belong to cluster c, fc is 
the reference target variable value for cluster c, and N is the number of 
clusters used in the prediction (five in this study).

Note that the fertility class was also treated as a continuous variable 
at this point, since it was calculated as percentages of fertility classes in 
each cluster (based on the number of plots fallen into the cluster). The 
fertility class was subsequently converted into a category variable by 
choosing the fertility class with the highest percentage as the fertility 
class for a given spatial unit.

2.4. PREBAS and model emulator

The forest model used in this study is PREBAS (Minunno et al., 2019), 
which is a combination of a light use efficiency model, PRELES (Mäkelä 
et al., 2007; Peltoniemi et al., 2015), and a forest growth model (CRO
BAS, Mäkelä, 1997; Valentine and Mäkelä, 2005) based on the carbon 
budget and pipe model theory. PREBAS predicts carbon and water bal
ances and the growth of forests and has been calibrated for the European 
boreal region (Minunno et al., 2016, 2019). Model inputs are climatic 
variables at daily time step (temperature mean, solar radiation, pre
cipitation, vapor pressure deficit, CO2 concentration), forest initial state 
(basal area, average height, diameter at breast height), and site pa
rameters (fertility class, soil depth, wilting point, field capacity). PRE
BAS can model simple monospecific and even aged plantations as well as 
more complex forest structures, such as mixed and uneven-aged forests. 
PREBAS showed robust performances in even aged plantations 
(Minunno et al., 2019), while for mixed uneven-aged stands the model 
has not been extensively tested.

In this study, we used weather inputs provided by the forest mete
orological institute at 10 km grid resolution. PREBAS was initialized 
using the structural forest variables predicted with the Probability 
method using Sentinel-2 and field data. The forest structure inputs 
included basal area (G), diameter at breast height (D), height (H), pine 
proportion (RP), spruce proportion (RS), broadleaved species proportion 
(RB), and fertility class.

We created model emulators (modEm) that mimicked PREBAS out
puts for the different tiles to reduce the computational load. The emu
lators were regression models fitted to simulate PREBAS outputs (G,D,H,

RP,RS,RB) at the time of the second satellite measurement (2019, t2). The 
structural forest variables and fertility class at the first satellite mea
surement (2016, t1) were used as independent variables. PREBAS was 
initialized with the satellite based predictions of forest structural vari
ables in 2016. The emulators were fitted using PREBAS predictions for 
2019. 

Yi = f(X1,…,Xk) + ϵi (2) 

The dependent variables (Yi) were G,D,H,RP,RS,RB and volume 
increment (dV) at t2. The independent variables were H, D, stand density 

index (SDI N
(

D
25

)b

; b = − 1.605), G× H, species shares of basal area G 

(GP, GS, GB for pine, spruce and broadleaved, respectively) at t1, and 
fertility class. The regressions were fitted minimizing the root mean 
squared errors.

2.5. Data assimilation frameworks

We implemented two DA frameworks that, through the imple
mentation of a few steps, allowed combination of structural variable 
predictions from Sentinel-2 data and forest model predictions. One 
framework was used to update the forest structural variables (state 
variables: G, D, H, GP, GS, GB) (ForVarDA, Fig. 3); the other framework 
was used to update the estimates of site fertility class (STDA, Fig. 4).

Data assimilation updates a system’s state by integrating predictions 
with new observations. It commonly uses a Bayesian approach, which 
combines prior information and new data to update probabilities 
through Bayes’ theorem. The Kalman filter (KF) analytically adjusts the 
state’s mean and covariance, but struggles with high-dimensional sys
tems. The Ensemble Kalman Filter (EnKF) simplifies this by using a 
Monte Carlo method, generating multiple predictions from the initial 
state to better handle uncertainty. A comprehensive description of the 
Ensemble Kalman Filter (EnKF) and its application in this study can be 
found in Appendix A5.

Example codes of the two frameworks implemented in this study are 
available on github (https://github.com/ForModLabUHel/Daexa 
mpleCode).

We excluded areas likely to have undergone forest management 
between the acquisition dates of the composite tiles, as management was 
not included in our growth modeling framework. The procedure fol
lowed to identify the managed areas are described in Appendix A6.

2.5.1. Data assimilation workflow for forest structural variables
The DA workflow for the forest structural variables consists of 5 steps 

Fig. 2. Workflow of the forest structural variable prediction method (modified from Miettinen et al., 2021).
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(Fig. 3); steps 2 to 5 were implemented at spatial resolution level (10 ×
10m): 

1. Emulator calibration;
2. Uncertainty quantification;
3. Forecast step;
4. Data assimilation;
5. Map production.

2.5.1.1. Emulator calibration. In step 1, the emulators (Eq. (1)) were 
fitted using PREBAS predictions for time 2; emulator calibrations were 
performed for each tile. We randomly extracted 20 000 ground resolu
tion elements; PREBAS was initialized with Sentinel-2 based predictions 
for 2016 (s2016) and its predictions (G,D,H, species coverage) for 2019 
were used to fit the emulators (Eq. (1)). The site fertility class was 
sampled from the posterior distribution obtained by the data 

assimilation framework, as described below (section 2.5.4).

2.5.1.2. Uncertainty quantification. In step 2, we propagated the error of 
the forest structural variables predictions for 2016 at the ground reso
lution element level. Using the residuals between the observed (2016 
field campaign measurements) and the satellite-estimated values 
(s2016) of forest structural variables, we fitted a multivariate normal 
distribution (errDistr). For each spatial unit, we drew 1000 samples from 
errDistr and added to the s2016 predictions. To avoid negative values, 
we used a non-negative probability distribution sampling strategy pre
sented in Appendix A1.

2.5.1.3. Forecast step. In step 3, we ran the emulator 1000 times for 
each 10 m x10 m pixel, using the inputs generated in step 2. By means of 
the emulator runs, we computed the forest structural variables at 2019 
with the associated uncertainty.

Fig. 3. Flowchart for the data assimilation of forest structural variables. P(θ|D): posterior probability distribution of forest structural variables integrating EO based 
predictions from 2016 to 2019 and model predictions; P(θ): prior distribution, given by the initial state uncertainty of Sentinel-2 2016 predictions propagated to 
2019 by means of PREBAS predictions; P(D|θ): likelihood function calculated using forest structural variables obtained from model predictions and Sentinel-2 
predictions for 2019.

Fig. 4. Flowchart for the data assimilation framework of site fertility class. P(M|D): probability of site fertility class being correct, based on model runs; P(M): prior 
probability of site fertility class (all fertility classes had the same prior probability); P(D|M): integrated likelihood calculated using forest structural variables 
calculated by model predictions and Sentinel-2 predictions for 2019.
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2.5.1.4. Data assimilation. In step 4, we combined the emulator fore
casts with satellite-based predictions at 2019 using the Bayesian 
approach. The forecasts generated in step 3 were used to construct the 
prior distribution as a multivariate normal distribution of the forest 
structural variables. The new estimates at 2019 were encoded in the 
likelihood function using the same approach as in step 2, i.e. we con
structed an error distribution on the basis of the residuals between the 
field measurements and the Sentinel-2 predictions of 2019 and fitted a 
multivariate normal distribution. The posterior was calculated using the 
Kalman filter as an analytical solution to compute the moments of forest 
structural variables.

2.5.1.5. Map production. In step 5, we generated maps of carbon bal
ance and forest growth and their relative uncertainties using the 
maximum a posteriori (MAP) estimates and their relative uncertainty 
expressed by standard deviation.

2.5.2. Data assimilation workflow for site fertility
The data assimilation workflow for site fertility class estimates 

consists of six steps (Fig. 4); steps 2 to 6 were implemented at 10 m 
resolution: 

1. Emulator calibration;
2. Uncertainty quantification;
3. Forecast step;
4. Bayesian model comparison;
5. Data assimilation;
6. Map production.

2.5.2.1. Emulator calibration and uncertainty quantification. The first 
two steps were the same as in the forest structural variable assimilation 
framework.

2.5.2.2. Forecast step. In step 3, for each ground resolution element, we 
conducted 5 sets of emulator runs. Similarly to step 3 of the previous 
framework, we ran the emulators 1000 times at 10 m x 10 m resolution, 
considering the uncertainty of the inputs. Here, we ran the sample 5 
times using different site fertilities, i.e. the fertility class varied from 1 to 
5 for each set.

2.5.2.3. Bayesian model comparison. In step 4, we calculated the inte
grated likelihood for each set of runs using the forest structural variables 
at t2 (G,H,D, and V). By means of Bayesian model comparison (BMC), 
we compared the performance of the different run sets and calculated 
the probability for each set of being the correct one (vanOijen et al., 
2013; Minunno et al., 2013). In this way, on the basis of model pre
dictions, we quantified the probability of each fertility class of being the 
correct one. A more detailed description of BMC and its application in 
this study is provided in appendix A2.

2.5.2.4. Data assimilation. For each spatial unit we had three discrete 
probability distributions for the 5 fertility classes; one based on the re
sults of the Bayesian model comparison and the other two were based on 
the satellite predictions from 2016 to 2019. In step 5, we updated the 
site fertility class distributions using the three sources of information.

2.5.2.5. Map production. In step 6, we generated maps of fertility class 
and their relative uncertainty based on the results of data assimilation.

2.6. Validation of the forest structural variables

Accuracies of the forest structural variable models were evaluated 
using the following accuracy metrics:

For continuous forest variables (i.e. all but fertility class), Root Mean 

Square Error (RMSE) and bias of the estimates (Eq. (3), Eq. (4)): 

RMSE =
̅̅̅̅̅
Σi

√
(3) 

BIAS =
Σi(yi − ŷi)

n
(4) 

where y represents the field measurements, ŷ represents the estimated 
values, and n is the number of samples. Relative metrics, i.e. RMSE% and 
BIAS%, were computed using the mean value of the variable across the 
sites.

2.6.1. Analysis of the error components
For the error analysis, we used the mean squared error (MSE) 

decomposition proposed by Kobayashi and Salam (2000). MSE is given 
by the following three components: squared bias (sb), squared difference 
between standard deviations (sd), and lack of correlation weighted by 
the standard deviations (lc): 

MSE = (M − O)
2
= sb + sd + lc (5) 

sb = (M − O)
2 (6) 

sd = (σM − σO)
2 (7) 

lc = 2(σMσO)(1 − r) (8) 

where M refers to predictions (from S2, PREBAS, DA), O to the obser
vations (field measurements), σ is the standard deviation, and r is the 
correlation between the simulated and the observed data. The bias error 
indicates the average mismatch between model and data; the variance 
error quantifies the ability of the model to cover the variability of the 
data. lc measures the ability of the model to reproduce the pattern of the 
fluctuations in the data, i.e. the correlation between model and data.

3. Results

3.1. Data assimilation framework for forest structural variables

Basal area, average diameter at breast height, average height, and 
species distribution predictions were updated for each ground resolution 
element of the areas considered in this study. Data assimilation results 
were calculated by means of the EnKF, combining PREBAS model 
forecasts to 2019 (m2019) and the satellite-based predictions for 2019 
(s2019) (Fig. 5). Even when m2019 and s2019 predictions were incon
sistent, DA2019 results had a reduced uncertainty (Fig. 5, first row).

Forest variable predictions achieved through Sentinel-2 data, model 
forecasts, and data assimilation showed consistent patterns across the 
tiles; the distribution of the variable showed similar major peaks, even 
though s2016 estimates were shifted towards lower values (Fig. 6a and 
6b). Modelled growth rates looked realistic; the magnitude of the fore
cast variables (G, D, and H) and satellite-based predictions for 2019 
were consistent, with the northernmost tile (Oulu) showing lower 
growth rates compared to the other two tiles (Fig. 6a).

Deciduous trees were the least abundant species in all tiles; pine had 
the highest percentage cover in Vaasa and Oulu (Fig. 6b). The patterns of 
species coverage over the tiles were consistent between the different 
data sources (m2019, s2019, DA2019) (Fig. 6b).

Data assimilation significantly reduced the uncertainty of all forest 
structural variables (Fig. 7a) and species coverage (Fig. 7b). For the 
uncertainty propagation from the first satellite measurement (s2016) to 
the model predictions of 2019 (m2019), the modelled uncertainty of 
basal area was higher than the s2016 uncertainty in the two most pro
ductive tiles (Vaasa and Tampere) (Fig. 7a). In contrast, m2019 uncer
tainty was lower than s2016 uncertainty of average height and diameter 
at breast height (Fig. 7a). The modelled species coverage uncertainty 
(m2019) was always lower than the s2016 uncertainty (Fig. 7b). Species 
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coverage uncertainty of s2019 was always in between s2016 and m2019 
uncertainty (Fig. 7b).

3.2. Data assimilation framework for site fertility

Three sources of information were used for the prediction of the site 
fertility class at 10 by 10 meter resolution. By means of data assimila
tion, we integrated all the sources using a probabilistic approach. On a 
pixel basis, we calculated the probability of each site class being correct.

The DA and the two satellite-based predictions of site class showed 
consistent results (Fig. 8). The site fertility class with the highest prob
ability was the same for DA2019, s2016, and s2019 in most of the 
ground resolution elements. Only in some cases was there a difference of 
one class between the highest probability class of different estimates 
(data not shown).

The site fertility classes 3 and 4 were the most common satellite 
predictions over the tiles (Fig. 8); the results of Bayesian model com
parison were not informative and all site classes achieved similar 
probability (Fig. 8). The results of data assimilation showed distribu
tions similar to the satellite estimate distributions, but with lower kur
tosis (Fig. 8).

3.3. Validation

Forest structural variables and the fertility classes for 2019 were 
estimated using three sources. These were model forecasts based on 
forest state derived from Sentinel-2 data acquired in 2016 (m2019), 
Sentinel-2 based predictions from 2019 data acquisition (s2019), and 
data assimilation (DA2019). The accuracy of each estimate was evalu
ated using an independent field dataset collected during the Finnish 
Forest Centre 2019 field measurement campaign (Table 1) (see also 
appendix A4).

The model-based predictions (m2019) had higher error than the 
Sentinel-2 based (s2019) or assimilated (DA2019) estimates for the 
Tampere and Vaasa tiles. In the Oulu tile, the Sentinel-2 based 

predictions (s2019) of D and H had significantly higher error than 
m2019 and DA2019 (Tables 3a and 3b).

For the predictions of D and H of the two southernmost tiles (Tam
pere and Vaasa), the RMSE of the data assimilation was lower than the 
error of m2019 and s2019 (Fig. 9, Table 3a and b). For the Oulu tile, the 
basal area RMSE of DA2019 was the highest, even though the differences 
with m2019 and s2019 errors were small (0.1 and 0.3 m2 ha-1, respec
tively). In all other cases, the DA2019 RMSE was similar or equal to the 
smallest error (Fig. 9, Table 3a and b).

For the Tampere and Vaasa tiles, the lack of correlation (lc) was the 
error component with the highest weight for all variables. Data vari
ability (sd) had a lower weight, while the bias component (sb) was 
negligible (Fig. 9).

The bias component assumed significant values for the Oulu tile, in 
particular for the s2019-based predictions of D and H (Fig. 8). The bias 
error propagated throughout the Oulu tile (Fig. 10). However, the data 
assimilation results of D and H for the Oulu tile were closer to the m2019 
forecasts than the s2019 predictions (Fig. 10).

Species proportions estimations were the variables characterized by 
the highest error (Tables 4a and 4b).

The fertility classes were estimated with a total accuracy rate that 
varied between 55 % (S2–2016) and 63 % (S2–2019) (Table 5) and the 
error of the fertility class predictions was of 1 class in most of the cases 
(Fig. 2. A4 in appendix A4).

4. Discussion

In this study, we implemented two data assimilation frameworks that 
allowed for spatially explicit estimates of site fertility classes and forest 
structural variables with their associated uncertainty, combining mul
tiple sources of information rather than using only the most recent data 
collection. The new maps included all the available information ac
quired by repeated Earth observations (2016 and 2019) and model 
simulations.

To our knowledge, this is the first time that a data assimilation 

Fig. 5. Example of data assimilation at 10 m resolution. The blue, green, and yellow distributions represent the uncertainty of Sentinel-2 satellite-based predictions 
for 2016 (s2016), model predictions for 2019 (m2019), and Sentinel-2 predictions for 2019 (s2019), respectively. The distribution of the data assimilation results is 
reported in red (DA2019). The first row of the figure panels is an example of data assimilation for a ground resolution element where m2019 and s2019 diverged; the 
second row shows results from a ground resolution element where m2019 and s2019 predictions were consistent.
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framework is used to combine process-based model predictions and 
medium-resolution satellite images. Some previous studies have applied 
similar methods using empirical forest simulation models based on 
predictions of the rate of change of selected forest variables (Nyström 
et al. 2015; Lindgren et al. 2017; Lindgren et al. 2022a & 2022b), 
whereas other studies utilising DA with forest data have applied static 
models for estimating the current state of forest variables from EO data 
(Hou et al., 2019; McRoberts et al., 2022). While DA with static models 
is suitable for improving the estimation and monitoring of forest vari
ables, for the purposes of forest inventory, an additional goal of DA with 
dynamic simulation models is to improve future projections of forest 
growth. The DA can provide both continuous updates of the input data 
on forest variables, and continuous calibration of model parameters 
(Mäkelä et al. 2020, Junttila et al., 2023). Using process-based instead of 
empirical simulation models allows us to take into account changing 
climate inputs as well as to integrate information about the physiolog
ical status of the forests, such as drought stress or pest disturbances 
(Bastos et al., 2020). Combining satellite-based predictions and model 
predictions will allow identification and better monitoring of areas 
where a disturbance occurred.

By means of PREBAS emulators, we could overcome the computa
tional challenges (Dietze et al., 2013; Fer et al., 2018) of DA and we 
assimilated data over large areas. Without the use of emulators, the 
computational load of DA can be prohibitive, especially for complex 
process-based models. For simple process-based models, like PREBAS, 
DA could still be performed without the use of emulators, however we 

opted for the most efficient solution. The reliability of emulators in 
mimicking PREBAS outputs is conditional on the time step of DA and the 
ecosystem considered. For boreal forests, a DA time step of 3–5 years is 
suitable; in more productive and fast-growing ecosystems (such as 
tropical for<ests, where complex processes occur at higher temporal 
resolution), the emulator performances should be tested and, eventu
ally, a shorter DA time step should be considered. With the increasing 
availability of free-of-charge medium-resolution (10–20 m) satellite 
datasets, annual or biannual monitoring frequency can be considered 
feasible even in areas with high cloud coverage.

Combining data assimilation with field measurements is always 
desirable as it would allow a continuous validation of the data-model 
integrated system and a better quantification of uncertainties. This ap
plies to both the simulation model and the forest data estimation. 
PREBAS was previously calibrated and tested for Boreal forests using an 
extensive dataset (Minunno et al., 2019) and the uncertainty in his 
predictions has been studied (Mäkelä et al., 2020; Junttila et al., 2023). 
In addition, combined use of field measurements and remotely sensed 
datasets allow spatially explicit analysis of the results distribution. 
Integrating the framework implemented here in national forest in
ventory campaigns would improve forest monitoring of carbon balance 
and growth at country scale.

4.1. Forest structural variables prediction and validation

Forest state dynamically changes over time. Therefore, model 

Fig. 6a. Distribution of the highest probability predictions for each ground resolution element of average height (H), average diameter at breast height (D), and basal 
area (G) over the three tiles. The distributions were drawn from satellite-based predictions (s2016, s2019), model-based predictions (m2019), and data assimilation 
(DA2019). The color scale corresponds to the value of the x-axis.
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predictions should integrate repeated measurements of forest status. 
Fusing information from both 2016 and 2019, using an ensemble Kal
man filter, made our estimates more consistent and dependable. Satellite 
measurements and model predictions proved to be consistent (Fig. 10). 
Having satellite measurements that cover a longer time series could 
better inform the reliability of both model predictions and satellite- 
based predictions. This would allow identification of errors in the 
Earth observations or deficiencies in model structure. DA has the 
advantage of helping reduce and identify bias errors that could char
acterize both the initialization data and model predictions (Fox et al., 
2018; Raczka et al., 2021). Potential biases in the initialization propa
gate through model forecasts. However, by means of data assimilation, 
the biases in the data can be easily identified and their impact becomes 
marginal once the DA process covers multiple data acquisitions. Our 
results show how data assimilation can increase the accuracy of forest 
monitoring. In fact, the impact of biased estimates of the last data 
acquisition (s2019) for D and H of the Oulu tile was limited in the data 
assimilation framework, because the weight of more accurate data 
(m2019) prevailed.

In comparison with satellite-based predictions in 2019, data assim
ilation results showed clearly lower predictive uncertainty, as the 
probability density distribution was shifting to a high kurtosis. The 
uncertainty was reduced because the product of two multivariate 
normal PDFs is proportional to the PDF of another multivariate distri
bution of smaller variance. In our analysis, we considered only the un
certainty in the initial state, as this is a major source of uncertainty 
(Makela et al., 2020; Kalliokoski et al. 2018). Although other sources of 

uncertainty, such as model parametric uncertainty, weather input un
certainty, and emulator uncertainty could be integrated in the data 
assimilation frameworks, we expect them to play a minor role consid
ering the time interval of the consecutive measurements (3 years).

The uncertainty of the first measurements (s2016) was propagated to 
2019 model forecasts (m2019). Some of the structural variables, namely 
D and H, showed a clear reduction of uncertainty for m2019. Possible 
reasons for this behaviour are that we considered forests where any 
management intervention was applied and H and D tend to reach a 
plateau across the rotation. In contrast, basal area uncertainty in m2019 
predictions increased for the Tampere and Vaasa tiles and remained 
almost unchanged for Oulu, the northernmost tile, where the growth 
rates are lower. Basal area development depends on more complex 
processes, such as species interaction and natural mortality. These as
pects would explain the increase in uncertainty of G in model pre
dictions. Due to the integration in the modelling framework of the 
Sentinel-2 data of 2019, the uncertainty of basal area estimates was 
reduced.

The results of the validation show that the accuracy of the satellite- 
based estimates are consistent with previous studies (Häme et al. 2013; 
Sirro et al. 2018; Astola et al. 2019). Data assimilation and the most 
recent data acquisition performed better than PREBAS forecasts 
(m2019) for the southernmost tiles. The first data acquisition (s2016) 
was less accurate than the second (s2019), which is believed to be 
caused at least partially by the lower quality of the 2016 composite 
images, and the error was propagated through model predictions. The 
accuracy assessment of the Sentinel-2 based predictions was performed 

Fig. 6b. Distribution of deciduous species, pine, and spruce percentage cover over the three tiles using the highest probability predictions for each ground resolution 
element. The distributions were drawn from satellite-based predictions (s2016, s2019), model-based predictions (m2019), and data assimilation (DA2019). The color 
scale corresponds to the value of the x-axis.
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using the testing plots [Table 1], see Miettinen et al. (2021) for details. 
Regarding the accuracy statistics, it must also be noted that the type of 
field plots used as reference data in this study may not be optimal for 
evaluating the accuracy of remote sensing based products. It is not ex
pected to have affected the comparative analysis performed in this 
study, but the overall level of accuracy may be affected by the scale 
mismatch between pixel-level outputs and the field measurements. 
Larger plots (covering multiple pixels) or wall-to-wall reference data 
(derived e.g. from LiDAR scanning) could be more optimal for evalua
tion of the accuracy of Sentinel-2 based predictions.

Species proportions were the variables with higher error, but the 
impact of this error on forest growth is marginal since we modelled only 
3 years. A more extensive test of the framework would be desirable 
especially for a longer period. Additional years should be included in the 
analyses, indeed, 3 years is rather short considering that the rotation 
length in the Boreal region is typically 80–100 years. In this study, the 
analyses were performed at 10 m x 10 m resolution. Future research 
should investigate at which level data assimilation should be imple
mented. Working at stand level and identifying homogeneous forested 
areas in terms of structure and management (Haakana et al. 2022) 
should be considered.

One important issue that needs further investigation for large area 
monitoring is the averaging tendency of EO based forest variable pre
diction. It is well known that empirical EO based prediction methods 
tend to gravitate towards the average, providing nearly unbiased results 
with representative reference data for large areas, but generally 

overestimating structural variables in regeneration areas and under
estimating in voluminous forests (Lindgren et al. 2022a). Although 
recent investigation with UNet deep learning models show promising 
results on reducing the underestimation in high volume forests (Ge et al. 
2022), the issue remains a problem for most applications. For this 
reason, the resulting map may have unrealistic size distribution of for
ests, overestimating the proportion of mid-size forests. This may have a 
significant effect on large area estimates if the maps are used as input in 
dynamic simulation models, as the model will propagate the initial er
rors over the time interval. If the subsequent EO estimates manifest the 
same error structure, this will also be transferred to the model, and the 
problem cannot be remedied with assimilating the erroneous data with 
the model using the same data.

Lindgren et al., 2022a, suggested to use classical calibration error to 
improve the DA process. Using this approach, it is possible to reduce 
systematic deviations between predictions based on remote sensing and 
the true values (Lindgren et al., 2022b). In appendix A3 we present DA 
results using the error calibration and further discuss the integration of 
this approach in DA process. We expect that the benefits of the error 
calibration to DA should increase with the number of data acquisitions 
(Lindgren et al. 2022a). Other recent studies showed the importance of 
accounting for forest variable correlations (Hou et al., 2019) and spatial 
autocorrelations and heteroscedasticity of the residuals (Xu et al., 2023) 
for improving DA accuracy and reducing the uncertainty of the 
predictions.

Furthermore, satellite-based predictions could be improved if 

Fig. 7a. Variance distributions of basal area (G), average diameter at breast height (D), and average height (H) over the three tiles. For each spatial unit (10m x 10 m) 
we calculated the variance. The distributions were drawn from satellite-based predictions (s2016, s2019), model-based predictions (m2019), and data assimilation 
(DA2019) maps of variances calculated at spatial unit (10 × 10m). The color scale corresponds to the value of the x-axis.
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correlated errors between subsequent predictions based on EO data are 
taken into account (Ehlers et al., 2018). Taking into to account of error 
correlation seems to be particularly relevant for estimates based on 
optical satellite data (Reese et al., 2003; Tomppo et al., 2008). In this 
study, the field measurements were not collected at the same sites for 
this reason error correlation was not considered.

4.2. Site class data assimilation

Growth prediction in process-based models is based on climatic and 
edaphic factors, where the latter can be simplified to site fertility class 
(Mäkelä et al., 2023). While climate data and climate scenarios for 
future predictions are generally available globally (Carvalho et al. 
2022), site fertility class manifests such small-scale variability that it is 
not available from, e.g., global or regional soil maps (Dai et al. 2019) but 
could be well covered by the 10–30 m resolution of the EO data of this 
study. Our idea in incorporating site fertility class in the DA process was 
to develop a method that would, in the long term, provide a means for 
estimating site fertility class from repeated EO predictions using our 
process-based model. Given the state of the stand and climate, the model 
prediction of future growth - at least in undisturbed stands - is largely 
determined by site fertility class. In the short term, and especially in the 
just 3-year time interval used in this study, uncertainties in the structural 
variables can be sufficiently large to mask any growth differences caused 
by site fertility class. In our results, therefore, the model simulation 
added little new insight into the analysis. However, we believe that the 

weight of model forecasts on data assimilation should increase when the 
analysis covers a longer period, in the order of decades for the Boreal 
region.

4.3. Future development

Data assimilation provides the opportunity to utilize the available 
information to update the state of forests. Data integration can be 
repeated systematically over time, providing a useful tool for forest 
monitoring and management planning (Saad et al., 2017). Future ap
plications of DA based on dynamic forest simulation models also include 
improved forest growth and carbon balance projections, where 
process-based models can be used for predictions under climate change 
and exposure to multiple stressors. In this study, we used satellite-based 
predictions at medium resolution; in the framework implemented here, 
multiple data sources can be integrated at different spatial (from land
scape to country scale) and temporal resolutions. For instance, national 
forest inventories, eddy-covariance fluxes, lidar, and unmanned aerial 
vehicle (UAV) data are some of the information sources that may also be 
included in the data assimilation process. Combining RS predictions 
from different sensors (i.e., multispectral data, 3D airborne laser scan
ning data and interferometric radar data) would improve the accuracy of 
RS predictions and DA (Ehlers et al., 2018).

The strength of data assimilation can be fully exploited when data 
from different sources and of different accuracy are used. We live in an 
era where a large volume of data is available. DA is a tool that allows 

Fig. 7b. Variance distributions of species percentage cover over the three tiles. The distributions were drawn from satellite-based predictions (s2016, s2019), model- 
based predictions (m2019), and data assimilation (DA2019) maps of variances calculated at spatial unit (10 m x 10 m). The color scale corresponds to the value of the 
x-axis.

F. Minunno et al.                                                                                                                                                                                                                               Agricultural and Forest Meteorology 363 (2025) 110436 

11 



combining models with field measurements, such as forest field mea
surements, remotely sensed data from optical and radar sensors, and any 
other source of data. The frameworks presented here can be applied with 
any kind of model and data and have great potential for future 
applications.

5. Conclusions

We implemented two DA frameworks for site fertility and forest 
structural variable predictions based on 10 m resolution EO data and a 
process-based growth model. The emulation of the forest growth model 

Fig. 8. Distribution of site fertility class for the different tiles. Satellite-based predictions for 2016 and 2019 (s2016 and s2019), and data assimilation results 
(DA2019) are reported. For each spatial unit, we calculated the probability of each fertility class of being the correct one based on the different sources of information 
(s2016, s2019 and DA2019). The boxplots represent the distribution of the site fertility class across the tiles.

Table 1 
Characteristics of field data used for training and testing. Mean and standard deviation (sd) are reported for each variable and each year.

Year Purpose Plots (N) Statistics G (m2/ha) D (cm) H (m) V (m3) RP (%) RS (%) RB (%)

2016
Training 1672 mean 18.4 16.5 14.0 148.9 49.6 28.0 20.3

sd 10.4 8.0 6.5 117.0 41.7 35.2 30.2

Testing 836
mean 17.8 16.4 13.9 143.3 50.1 28.5 19.5
sd 10.0 8.1 6.6 114.6 41.8 35.3 29.2

2019
Training 1697

mean 18.5 16.4 14.3 152.6 44.4 30.4 23.4
sd 10.5 8.5 6.9 124.8 41.3 35.6 32.0

Testing 849
mean 18.6 16.5 14.3 153.9 44.2 30.4 23.1
sd 10.7 8.6 6.8 125.2 41.9 36.2 32.2
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was required to reduce the computational load, even if the process-based 
model used here is relatively simple.

DA of forest structural variables reduced the uncertainty of the 

predictions, improved the accuracy of the forest structural variables and 
reduced the impact of biased data. However, for future applications, it 
will be important to increase the accuracy of satellite based predictions, 
reducing the systematic deviations from true values.

The frameworks developed here can be applied to any kind of model 
and data. A more extensive application of the framework using data of 
different uncertainties and longer period simulations is desirable to 
explore the full potential of the method.
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Table 2 
Finnish site fertility classes used in the study to describe fertility level.

Site type code Finnish name English translation

Site-1 Lehto Herb-rich forest
Site-2 Lehtomainen kangas Herb-rich heath forest
Site-3 Tuore kangas Mesic heath forest
Site-4 Kuivahko kangas Sub-xeric heath forest
Site-5 Kuiva kangas Xeric heath forest

Fig. 9. Mean squared errors (MSE) for the forest structural variable estimates based on model forecasts (m2019), Sentinel-2 data of 2019 (s2019), and data 
assimilation of m2019 and s2019 (DA2019). Mean squared error was decomposed in three components: bias (sb), data variability (sd), and lack of correlation (lc).

Table 3a 
Root mean square error vs field-derived estimates for G, H and D based on DA2019, s2019, and m2019 predictions, see notation in Fig. 9.

RMSE G (m2 ha-1) H (m) D (cm)

m2019 s2019 DA2019 m2019 s2019 DA2019 m2019 s2019 DA2019

Tampere 7.8 7.3 7.3 5.9 5.6 5.6 7.5 7.3 7.2
Vaasa 8.9 8.1 8.2 5.0 4.6 4.6 5.9 5.7 5.6
Oulu 7.0 6.8 7.1 3.0 5.1 3.3 4.0 5.8 4.5

Table 3b 
Percentage bias for G, H and D based on DA2019, s2019, and m2019 predictions, see notation in Fig. 9.

Bias G (%) H (%) D (%)

m2019 s2019 DA2019 m2019 s2019 DA2019 m2019 s2019 DA2019

Tampere − 1.2 − 0.1 − 0.7 − 0.3 − 0.5 − 0.6 − 0.9 − 0.7 − 1.0
Vaasa − 1.2 0.0 − 0.4 0.6 − 0.5 0.2 0.2 − 0.7 − 0.2
Oulu 3.5 2.7 3.6 − 0.4 − 4.2 − 1.6 − 2.0 − 4.8 − 3.0

F. Minunno et al.                                                                                                                                                                                                                               Agricultural and Forest Meteorology 363 (2025) 110436 

13 



draft, Methodology, Formal analysis, Data curation, Conceptualization. 
Jukka Miettinen: Writing – review & editing, Writing – original draft, 
Funding acquisition, Formal analysis, Data curation, Conceptualization. 
Xianglin Tian: Writing – original draft, Data curation, Conceptualiza
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Fig. 10. Forest structural variables drawn using the maximum a posteriori probability. The distributions report the deviation between m2019 (red) and s2019 (blue) 
from DA2019 estimates at 10 meter resolution.

Table 4a 
Root mean square error vs field-derived estimates for species proportion (Rp, Rs, Rb) based on DA2019, s2019, and m2019 predictions, see notation in Fig. 9.

RMSE Rp (%) Rs (%) Rb (%)

m2019 s2019 DA2019 m2019 s2019 DA2019 m2019 s2019 DA2019

Tampere 37.4 28.0 31.0 34.0 28.9 30.8 27.4 23.1 23.7
Vaasa 37.8 28.2 30.6 29.8 25.3 26.6 26.2 21.7 22.1
Oulu 32.2 25.1 24.1 24.1 25.7 22.2 26.8 19.6 21.5

Table 4b 
Percentage bias for species proportion (Rp, Rs, Rb) based on DA2019, s2019, and m2019 predictions, see notation in Fig. 9.

Bias Rp (%) Rs (%) Rb (%)

m2019 s2019 DA2019 m2019 s2019 DA2019 m2019 s2019 DA2019

Tampere − 8.2 0.6 − 4.0 8.4 − 1.0 5.1 − 1.4 − 0.2 − 2.3
Vaasa − 4.7 0.2 − 3.0 1.4 − 1.0 0.3 2.9 1.3 2.2
Oulu − 16.0 11.9 − 3.8 2.2 − 16.3 − 4.5 13.8 5.0 8.3

Table 5 
Counts of corrected predictions of site fertility classes.

Site Fertility Class S2–2016 
predictions

S2–2019 
predictions

DA predictions

1 0 (0 %) 0 (0 %) 0 (0 %)
2 13 (12 %) 39 (36 %) 16 (15 %)
3 203 (90 %) 149 (66 %) 145 (64 %)
4 26 (17 %) 89 (58 %) 90 (59 %)
5 0 (0 %) 0 (0 %) 1 (5 %)
Tot 242 (55 %) 276 (63 %) 252 (57 %)
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