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Abstract

Monitoring the status of seedling stands is crucial for determining whether seedlings have achieved the required density
and height and assessing the need for weeding. We studied the potential of Landsat Time Series (LTS) data for monitoring
young seedling stands in Liperi, eastern Finland. We assessed the ability of Normalized Burn Ratio (NBR) and Normal-
ized Difference Vegetation Index (NDVI) to estimate stand-level attributes like stem density, height, and identify the need
for weeding of both broadleaved and coniferous trees. According to the results, the variation within a stand is typically
very high, and thus it is difficult to give a single prediction for an entire stand. In our study, the indices could not fully
capture the structural variation in seedling stands, although some trends could be found between NDVI and the number of
coniferous trees (R2=0.22-0.36), height of the coniferous trees (R>=0.09-0.52) and height difference between coniferous
and deciduous trees (R*=0.25-0.38). Our study also shows that the prediction of the need for weeding or tending using a
binary decision-making process achieved an accuracy of 81% and a Cohen’s kappa value of 0.55. Our study demonstrates
that the LTS data can be used with a reasonable accuracy to monitor weeding or tending needs in seedling stands but its
capability for predicting height and density is limited.
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Introduction

Forest management plans in Finland are based on air-
borne laser scanning (ALS) forest inventory techniques
(Hédméldinen et al. 2014). Forest management practices
have typically included clear-cutting followed by planting
and intensive tending of the seedling and sapling stands
(e.g., weeding and cleaning). In Finland, stands domi-
nated by coniferous trees with an average height of <7 m
and those dominated by deciduous trees with an average
height of <9 m are referred to as seedling stands (White et
al. 2019; Rana et al. 2023), and fairly similar classifications
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are used in other countries in the Boreal region as well.
Seedling stands are the future of next mature forest stands
(Momen et al. 2004). Moreover, seedling stands can define
the future appearance and composition of the forest (Imang-
holiloo et al. 2019). Therefore, monitoring and managing
seedling stands is crucial for achieving a sustainable forest.
Seedling stands management involves different silvicultural
operation such as tending, thinning of competitive vegeta-
tion which determines the future development of the for-
est stands (Huuskonen and Hynynen 2006; Imangholiloo
et al. 2020). Scheduling of these silvicultural operations in
seedling stands is essential for avoiding growth losses and
impaired wood quality during later development. Early and
intensive precommercial thinning led to the most significant
increase in diameter growth. Conducting precommercial
thinning when the dominant height reached 3 m and main-
taining 2,000 trees per hectare resulted in a 15% increase in
the mean diameter by the time of the first commercial thin-
ning (Huuskonen and Hynynen 2006). In addition, precom-
mercial thinning timing has a significant impact on diameter
development (Simard et al. 2004; Varmola and Salminen
2004; Fahlvik et al. 2005; Ulvcrona et al. 2007). Assessing
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the time of tending needs of seedling stands is crucial for
sustaining future timber supply (Korhonen et al. 2013).

Regular monitoring is crucial for ensuring the success
of young seedling stands. This typically involves site vis-
its to verify that the seeding stands meet minimum stan-
dards for height and density, as mandated by the Finnish
Forest Act (Ministry of Agriculture and Forestry 2010).
These standards are outlined by Nilsson et al. (2010) and
Kankaanhuhta (2014) and require seeding stands to achieve
a specific height (over 0.5 m) and minimum stem density
within 10 years of planting. The Act further specifies these
density requirements, varying by tree species: 1300 stems
per hectare for Scots pine (Pinus sylvestris), 1200 for Nor-
way spruce (Picea abies (L.) Karst.), and 1000 for decidu-
ous trees, primarily birches (Betula sp.).

Precise and up-to-date information of different forest
stand attributes including tree density, species composi-
tion is important for sustainable management (Stoffels et al.
2015). By analyzing that information, a forest owner can
make the decision of implementing appropriate silvicultural
practices, for instance, the extent of tending and the optimal
time of tending. Traditionally, collecting those information
through field inventories is time-consuming, laborious, and
expensive (Wittke et al. 2019; Imangholiloo et al. 2020;
Rana et al. 2023). Remote sensing (RS) technologies are
becoming popular in recent years in forest inventories
(Kangas et al. 2018; Rana and Vauhkonen 2023; Hou et al.
2019). By considering both spatial and temporal resolution,
the most common and efficient RS technology is satellite
imagery data in forest inventories (Nguyen et al. 2018; Rana
et al. 2016).

The use of satellite or aerial imagery is usually grounded
in the premise that different tree densities and species com-
positions lead to different spectral responses. Different indi-
ces calculated from the spectral response of satellite imagery
can be used to predict the structure and species composition
of the stand (Pesonen et al. 2007; Korhonen et al. 2013;
White et al. 2018, 2019). Spectral and structural informa-
tion are also combined in many studies. For instance, Good-
body et al. (2018) achieved a detection accuracy of 86-95%
for seedlings 5—15 years after planting by employing RGB-
derived spectral indices and photogrammetry across two
different sites. Feduck et al. (2018) used RGB (red, green,
and blue) data detecting replanted coniferous seedlings with
an accuracy of 76%. Studies using point clouds from photo-
grammetry or airborne laser scanning (ALS) are often based
on the assumption that three-dimensional information on
height, density and height variation can be used to predict
the height, height variation and density of the from seedling
stands tree (Nivala 2012; Puliti et al. 2019; Imangholiloo et
al. 2019).
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In recent years, time series data from Landsat and other
similar satellites have been used in temporal analysis (Ban-
skota et al. 2014; Nguyen et al. 2018). Time series of RS
data offer information for estimating a range of forest attri-
butes, including characteristics of trees, saplings, and seed-
lings, over large geographical areas. For instance, Pesonen
et al. (2007) combined Landsat Time Series (LTS) data with
national forest inventory (NFI) field data can be used to pre-
dict seedling stand tending needs, achieving better accuracy
on mineral soils than on peatlands. Korhonen et al. (2013)
reported good results (overall accuracy of 86%) using sup-
port vector machine at the plot level, although the stand-
level accuracy had decreased to 72%.

Interestingly, mapping of forest recovery after distur-
bance with LTS has become popular and new methodologies
have been developed for LTS data processing (Woodcock et
al. 2008). For instance, Saarinen et al. (2018) studied the
mean number of images per year (1984-2017) for LTS cov-
ering the whole of Finland and found that there were 3-9
images which had been acquired within +30 days of the tar-
get date (August 1) and with <70% cloud cover. Even so,
it is sometimes very difficult to find cloud-free coverage,
and image mosaicking is needed to cover large inventory
areas using data from a single year. LTS data can be used to
characterize forest regeneration after various disturbances,
such as certain harvesting practices (Chu et al. 2016; White
et al. 2017). Concerning the needs for information on seed-
ling stands, much remains to be understood regarding the
relationship between changes in the spectral response and
changes taking place in seedling stand canopies (White et
al. 2018). Research into post-disturbance recovery (White
et al. 2017), has shown that the follow-up of disturbances
(e.g., fire, harvesting) can be monitored. Spectral variables
and indices (e.g., Normalized Burn Ratio (NBR), Normal-
ized Difference Vegetation Index (NDVI) derived from LTS
have been shown to improve characterizations of seedling
stands (Olsson 2009; Kennedy et al. 2012) and provide sup-
porting information about biomass growth trends and spe-
cies competition processes (White et al. 2018).

There are several studies which as focusing on seedling
stands in predicting the tending requirement by using remote
sensing data (Narhi et al. 2008; Korhonen et al. 2013; Miina
et al. 2018). LTS can be an option in monitoring the seed-
ling status post-disturbances such as harvesting and assess
tending needs over time. However, there are few studies
using LTS-derived NBR and NDVI data in this context.
We had three research questions: (Q1) How do NBR and
NDVI values vary in young seedling stands with different
characteristics, such as site fertility and tree density? (Q2)
How accurately can seedling stand-level attributes, such as
tree density and height, be predicted for both broadleaved
and coniferous trees? (Q3) What accuracy can be achieved
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in classifying the need for weeding and tending in seedling
stands? We envisaged future developments in which RS data
would reduce the costs of seedling stand monitoring activi-
ties and improve the planning of silvicultural operations.

Materials
Field data

A total of 371 circular field plots in the Liperi area (62°
31° N, 29° 23’ E), eastern Finland (Fig. 1) were measured
in summer 2016. The area concerned consists of managed
boreal forests representing three site quality classes as
defined by Cajander (1909) in terms of fertility and growth
potential (Table 1). A specific field campaign was organized
to collect data on young seedling stands (mean height of
the trees lower than 1.3 m) and mature seedling stands
(mean height higher than 1.3 m but below 7 m and mean
diameter below 8 cm for both coniferous and broadleaved
species). The stands to be measured were selected based on
the existing stand register information. We then chose five
circular sample plots of radius 2.66 m per stand, located
in an ‘L’ pattern near the middle of the stand, their centres
being 15 m apart. The mean heights of the conifers (CH)
and broadleaf trees (BH) in each plot were determined in
the field, and their stem densities were calculated by count-
ing all the CH and BH trees within the plot that were more
than 1.3 m in height. It is important to note that the study
area was harvested (all 71 stands) in year 2010. We used a
high-accuracy Trimble GeoXH 6000series GNSS receiver
(Trimble, Sunnyvale, CA, USA) to pinpoint the exact loca-
tions of our sample plots. These locations were then post-
processed using a differential GNSS algorithm, which relies
on data from a nearby Trimble virtual reference station for
even greater accuracy.

Remote sensing data

The study area spanned two overlapping Landsat scenes
within the Worldwide Referencing System-2 (WRS-2). We
searched for cloud-free image candidates in the Enhanced
Thematic Mapper Plus (ETM+) and L1T formats, with
cloud cover less than 70%. We then processed these images
to create annual cloud-free mosaics representing the ground
surface reflectance around July 15th (with a tolerance of
45 days) for each year between 2006 and 2017. The result-
ing mosaics had a spatial resolution of 30 m. In this way
a 10-year history up to the reference year could be inves-
tigated and a total of 32 Landsat ETM LTO05/LE07/LCO08
sensor images could be selected representing the following
years and date ranges: 2006 (4 images, June 19—-August 13),

2007 (3 images, June 5—August 9), 2008 (1 image, July 25),
2009 (2 images, July 25—-August 22), 2010 (3 images, June
29-August 17), 2011 (2 images, June 8—June 9), 2012 (1
image, August 14), 2013 (3 images, June 13—August 25),
2014 (2 images, June 13—August 25), 2015 (3 images,
August 15—August 23), 2016 (3 images, June 21-August 8),
and 2017 (5 images, June 8—August 11).

To minimize the influence of seasonal changes, we
restricted image selection to those captured in June, July,
and August. We then employed the Fmask method (Zhu
and Woodcock 2012) to meticulously identify and exclude
clouds and their shadows. This method ensured less than
10% cloud cover and that no major shadows fell on our
sample plots. Finally, we used the Landsat Ecosystem Dis-
turbance Adaptive System (LEDAPS) (Schmidt et al. 2013)
to calibrate the remaining images, ensuring accurate surface
reflectance values.

Methods
NBR and NDVI

The annual pixel-level series of NBR values has been iden-
tified as the most effective indicator of forest disturbance
(including clear-cutting) and recovery among the spectral
indices (Cohen et al. 2018; White et al. 2018, 2019). NBR, a
spectral index (Key and Benson 2006) to detect burn sever-
ity, is calculated using Landsat ETM +bands 4 (NIR; near-
infrared) and 7 (SWIR; short-wave infrared), as follows:

NIR - SWIR
NB =
R = NTrsswir M

NBR was designed to identify the differences in the
responses from disturbed (bare soil) and undisturbed areas
(vegetation) visible in the near-infrared (NIR) and short-
wave infrared (SWIR) spectral regions (see Cohen and
Goward 2004; White et al. 2018). NBR will also be used
with the NDVI, which uses the NIR (LT05/LE07:B4,
LCO08:B5) and red channels (LT05/LE07:B3, LC08:B4) in
its formula:

NIR — Red
NDVI = NIR + Red @

After the NBR and NDVI values had been calculated for
each pixel and each year between 2006 and 2017, the
changes in these indices were used to detect the year of
regeneration and to analyze early stand development and
its linkage to the structure and species composition of the
stand. NBR and NDVT values for the stands were calculated
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Fig. 1 Location of the area studied in Liperi, eastern Finland. Altogether 371 field plots belonging to 71 stands were measured (showed by tree
icons). The coverage of the field information is indicated by the solid black lines
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Table 1 Number of plots repre- Site type (1)

Attributes of interest

Mean Std Min Max

senting each site type measured

Fertile si
in the field (n) and mean, stan- ertile sites (78)

dard deviation (Std), minimum Stem density, conifers (count/ha), CD 2187 1073 0 8100
(Min) and maximum (Max) Mean height, conifers (m), CH 1.69 1.04 0 5
values for the variables of interest Stem density, broadleaf (count/ha), BD 8400 7753 0 40,950
Mean height, broadleaf (m), BH 1.26 0.73 0 3.86
Semi-fertile sites (255)
Stem density, conifers (count/ha), CD 3730 2620 0 15,300
Mean height, conifers (m), CH 1.82 1.23 0 7.1
Stem density, broadleaf (count/ha), BD 9503 7932 0 42,750
Mean height, broadleaf (m), BH 1.67 0.98 0 5.99
Poor sites (38)
Stem density, conifers (count/ha), CD 6095 2945 900 12,150
Mean height, conifers (m), CH 1.46 0.75 0.3 34
Stem density, broadleaf (count/ha), BD 4350 3625 0 13,500
Mean height, broadleaf (m), BH 1.65 1.25 0 6
All sites (371)
Stem density, conifers (count/ha), CD 3598 2591 0 15,300
Mean height, conifers (m), CH 1.76 1.17 0 7.1
Stem density, broadleaf (count/ha), BD 8860 7840 0 42,750
Mean height, broadleaf (m), BH 1.57 0.97 0 6

as the average of the pixels (one to three pixels per stand)
within each stand. The stand-specific relative break year
was defined according to the annual mean NBR or NDVI
difference in the time series. An NBR or NDVI value greater
than 0.25 indicates that the relative break year is marked by
a drop of over 0.25 index units in the annual mean compared
with the previous year. The break year was validated visu-
ally from the Landsat time series by investigating the forest
structure before and after the detected break year. Devel-
opments in the NBR indices before and after the defined
harvesting year (2010) were also analyzed by investigating
the variation in the values using Box and Whiskers plots,
which reveal changes in the distribution, median, and outli-
ers, indicating potential impacts of the harvesting year.

Regeneration success and the need for tending were
assessed using spectral indices derived from the fitted NBR
and NDVI time series data, as in White et al. (2017). The
indices were designed to characterize early stand develop-
ment and were determined using trend-fitted index values
from our time-series analysis. The sensitivity of the NBR
and NDVI values to the numbers of stems in the tree density
categories (number of stems: 0-3000, 3000—6000, 6000—
9000, 9000-12000 and > 12000 stems per hectare) was also
analyzed. This analysis is critical because silvicultural oper-
ations are typically required when tree density exceeds 3000
stems per hectare (Huuskonen and Hynynen 2006).

Density, height, and height differences prediction

The ordinary least squares regression (OLS) was designed
to predict density, height and height differences in 2016.

These can be predicted using historical NBR or NDVI index
values as follows:

y=a + 31V + B2 X Vs + B3 X Visgs 3)
+ B4 x Vigors + B 5 x Visorr

where, y=density, height or height difference between
coniferous and deciduous species in 2016,

VI=NRB or NDVI value. In addition to OLS, Gradi-
ent Boosting Machine (GBM) model was employed with
10-fold cross-validation to analyze the data. GBM is known
for its robustness to class imbalance and noise, as well as its
ability to handle multicollinearity among predictors (Dube
et al. 2015; Lou et al. 2021; Qadeer et al. 2024). Hyperpa-
rameter tuning for GBM was conducted using a grid search
strategy to identify the optimal combination of hyperparam-
eters. The following hyperparameters were used:

o The number of boosting iterations (n.frees) was set to
100.

o The maximum depth of each tree (interaction.depth)
was set to 2.

e The learning rate (shrinkage), which controls the contri-
bution of each tree, was set to 0.01.

e The minimum number of observations in the terminal
nodes (n.minobsinnode) was set to 8.

For validating tree density, height and height difference
model, we employed root-mean-square errors (RMSEs) as
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1 n R
RMSE = \/nz (ki — Dki)” “4)

and relative root-mean-square errors (RMSE%) as

RMSE )
—— | x 100 5
%Z i=1Yki ©)

In this context, yx; denotes the observed value for the sam-
ple stand, while ¥y; represents the predicted value for the
same stand. Here, i indicates the specific sample stand, and
n refers to the total number of stands. Predictive models
are often evaluated using the coefficient of determination
(R?), a value between 0 and 1, shows how well the model
explains the variation in the dependent variable. All mod-
eling and cross-validation were conducted using the caret
package (Kuhn 2008) in R (version 4.3.0).

RMSE% = (

Classifying weeding need

The height difference between coniferous and decidu-
ous species taken as indicating the need for silvicultural
operations i.e., weeding. Under Nordic Forest conditions
it is typical for the dominant trees in seedling stands to be
deciduous due to the rapid early development of these, so
that the preferred or main tree species are suppressed. In
this study, the height difference (<1 m) was used as a basis
for a binary classification system (weeding needed vs. not
needed) to remove unwanted deciduous trees (Miina et al.
2018; Rana et al. 2023). When broadleaves are taller than
conifers, it indicates heightened competition, suggesting
a greater need for tending. Conversely, if broadleaves are
shorter than conifers, tending is generally unnecessary. Spe-
cifically, if the height difference exceeds 1 m (with coni-
fers being taller), silvicultural operations are typically not
required (Miina et al. 2018; Rana et al. 2023). The accuracy

Fig. 2 Development of Normalized Burn Ratio (NBR)

indices before and after defined harvesting years. The s
bold line in the box is the median and the upper and lower

limits of the box indicate the variation of indices, while

the circles indicate outliers b

NBR
0.2 04

00
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of classifying the need for weeding decisions was assessed
using overall accuracy, and the kappa coefficient.

Results
NBR and NDVI values in young seedling stands (Q1)

The average variation in the NBR values was minimal
(Fig. 2). The effect of regeneration was statically significant
(»<0.05) compared to the values for the relative break year
(Fig. 2). When multitemporal LTS data are available, clear-
cut stands can be detected using the NBR index, which was
more sensitive in identifying a break-year change than the
NDVI (Fig. 3). The trends in the NBR and NDVI indices
after regeneration harvesting varied between the site types
in the stands. For fertile forest site types (OMT), the mean
NBR values changed from 0.28 to 0.66 and the NDVI val-
ues from 0.56 to 0.80 on average when the stand was har-
vested. In contrast, the values for semi-fertile sites (MT)
changed from 0.33 to 0.50, and for poor sites (VT), the val-
ues changed from 0.65 to 0.80 on average. The differences
between the NDVI curves were small on the poor sites (VT).

The variation between the tree density categories (num-
ber of stems: 0-3000, 3000-6000, 6000-9000, 9000—12000
and >12000 stems per hectare) was high (Fig. 4). This is
indicating that there might also be a need to prioritize field
operations to the most urgent sites.

Predicting seedling stand forests attributes (Q2)

The species-specific structural attributes using the NBR
and NDVI indices can be predicted with limited accuracy
(Table 2). For the number of deciduous seedlings per hect-
are, the RMSE was 5088 with an R? of 0.06 for NDVI, and
5006 with an R? of 0.14 for NBR. GBM results show an
improvement in accuracy, with an RMSE of 4403 and an
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Fig. 3 Trends in the Normalized Burn Ratio (NBR) and Normalized Difference Vegetation Index (NDVI) by site types, fertile sites (OMT), semi-
fertile sites (MT) and poor sites (VT), before and after the defined harvesting year (Relative break year)
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R2 0f 0.35 for NDVI, and an RMSE of 4766 with an R? of
0.15 for NBR. For the number of coniferous seedlings per
hectare, OLS results yielded an RMSE of 2794 with an R? of
0.22 for NDVI, and 3147 with an R? of 0.08 for NBR. GBM
results demonstrated better predictive performance, with an
RMSE of 2181 and an R? of 0.36 for NDVI, and an RMSE
of 2864 with an R? of 0.27 for NBR. Similarly, for the total
number of seedlings per hectare, OLS results indicated an
RMSE of 6126 with an R? of 0.06 for NDVI, and 6276 with
an R2? of 0.06 for NBR, while GBM results showed a lower
RMSE of 4746 with an improved R? of 0.38 for NDVI, and
an RMSE of 5735 with an R? of 0.15 for NBR. Regarding
the height of deciduous seedlings, OLS results showed an
RMSE of 0.86 with an R? of 0.26 for NDVI, and 1.19 with
an R? of 0.05 for NBR. In contrast, GBM results showed an
RMSE of 0.95 with an R? of 0.39 for NDVI, and an RMSE
of 1.08 with an R? of 0.17 for NBR. For the height of conif-
erous seedlings, OLS results showed an RMSE of 0.95 with
an R? of 0.09 for NDVI, and 0.82 with an R? of 0.25 for
NBR. GBM results demonstrated an RMSE of 1.20 with an

Table 2 Reliability of regression estimates for individual variables (in 2016) using historical the normalized difference vegetation index (NDVI)
and normalized burn ratio (NBR) (applied only to 2010 as a break year). Root mean square error (RMSE) and coefficients of determination (R?)
are presented for the fitted prediction models. OLS =Ordinary least squares regression, gbm=gradient boosting machines

Variable in 2016 RMSE, NDVI R, NDVI RMSE, NBR R%, NBR
OLS (GBM) OLS (GBM) OLS (GBM) OLS (GBM)

Number of deciduous seedlings/ha 5088 (4403) 0.06 (0.35) 5006 (4766) 0.14 (0.15)
Number of coniferous seedlings /ha 2794 (2181) 0.22 (0.36) 3147 (2864) 0.08 (0.27)
Total number of seedlings/ha 6126 (4746) 0.06 (0.38) 6276 (5735) 0.06 (0.15)
Height deciduous (m) 0.86 (0.95) 0.26 (0.39) 1.19 (1.08) 0.05 (0.17)
Height conifers (m) 0.95 (1.20) 0.09 (0.52) 0.82(0.77) 0.25 (0.34)
Height difference (conifer-deciduous) (m) 1.05 (1.45) 0.25 (0.38) 1.22 (1.16) 0.19 (0.24)
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Table 3 Accuracy and Cohen’s Prediction Sum

kappa value for classifying weed- No need for weeding (h>1)  Clear need (h<1)

ing need Field  No need for weeding (h>1) 10 (21.3%) 3 (6.4%) 13 27.7%)
Accuracy=81% Clear need (h<1) 6 (12.7%) 28 (59.6%) 34 (72.3%)
Kappa—0.55 Sum 16 (34.0%) 31 (66.0%) 47 (100%)

R? of 0.52 for NDVI, and an RMSE of 0.77 with an R? of
0.34 for NBR.

Classifying weeding need (Q3)

When the predictions were divided into two categories (no
need for weeding and clear need) and compared with the
field observations, the predictions based on NBR showed
an overall accuracy of 81% with a Cohen’s kappa of 0.55
(Table 3).

Discussion

Monitoring the needs for weeding and tending operation in
seedling stands are urgently required in Nordic forestry. An
improved understanding of early stand development and
its spatial and temporal characteristics is a prerequisite for
achieving this goal. To meet these scientific objectives and
the practical needs of decision-makers, we demonstrated the
use of Landsat Time Series (LTS) data for monitoring and
predicting the timing of regeneration in the forest stands.
We evaluated how NBR and NDVI can be used to assess
vegetation development in seedling stands with varying site
types and to estimate the young seedling stands attributes.

NBR and NDVI values in young seedling stands

Our analysis focused on seedling stands with typical sizes
of 1-3 hectares. In Landsat imagery, this corresponds to
approximately 1-3 pixels, a resolution that is relatively
coarse for capturing fine-scale variations within individual
stands. This limitation makes it challenging to accurately
represent the high spatial heterogeneity often present in
these stands, such as differences in tree density, species
composition, or growth conditions. Consequently, relying
on a single prediction for the entire stand is not ideal, as it
may overlook critical variations that could influence man-
agement decisions. Stand-level decisions should be based
on the distribution of predictions within the stand bound-
aries. By analyzing the spatial patterns and variability of
these stands, end-users can gain a more nuanced under-
standing of the stand’s conditions. For example, areas with
higher competition can be identified for the tending needs.
This approach not only improves the accuracy of manage-
ment decisions but also enhances the efficiency of resource
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allocation. Ultimately, the end-user needs to determine the
feasible operational area based on this information.

Changes in NBR and NDVI indices provide valuable
insights into the development of young trees after harvest-
ing. Our findings, along with previous research (Schroeder
et al. 2011; White et al. 2019; Chirici et al. 2020; Giannetti
et al. 2020) indicate that clear-cut areas can be effectively
identified using cloud-free imagery captured during suitable
times of the year. For stands with excessive density (more
than 3000 stems per hectare), weeding and tending are rec-
ommended treatments (Huuskonen and Hynynen 2006).
These interventions are primarily necessary when unwanted
vegetation, such as deciduous trees (often Betula sp.), hin-
ders the growth of the desired conifer species. However, we
acknowledge the challenges associated with using LTS data,
such as the difficulty of acquiring cloud-free imagery and
its limitations for stand-level predictions due to its lower
spatial resolution.

Seedling stand forests attributes

While our study identified some trends between NDVI and
NBR with seedling stand attributes (e.g., number of conifer-
ous trees, height of deciduous trees, height difference), the
indices could not fully capture the structural variation within
these young stands. The R? values for all relationships were
relatively low for OLS and medium for GBM (0.06—0.26
for OLS compared to 0.35—0.52 for GBM), and the RMSE
values were medium to high, indicating limited accuracy in
predicting specific attributes. These low R? values suggest
a significant amount of unexplained variability, which may
stem from the inherent heterogeneity within a pixel. Fac-
tors such as mixed species composition, varying seedling
densities, age distribution, microsite conditions and spatial
arrangement within a pixel likely contribute to this variabil-
ity, highlighting the challenges in accurately characterizing
stands inventory using spectral indices alone (White et al.
2016). For example, dense stands with overlapping cano-
pies may lead to underestimation of individual tree counts,
while variations in ground vegetation and shadow effects
can introduce errors in height predictions (Kansanen et al.
2016). These challenges highlight the need for integrating
multiple data sources and advanced analytical approaches
and deep learning, to improve prediction accuracy and
address spatial heterogeneity.
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For comparison, a study by Rana et al. (2023) utilized
multispectral airborne laser scanning data and reported
similar findings for the number of broadleaved seedling
(R%:0.14-0.25, RMSE: 5442-7782). In contrast, the regres-
sion model demonstrated higher accuracy for the number
of coniferous seedling (R 0.30-0.35, RMSE: 1292-2348).
Additionally, study have shown strong predictive ability for
tree height, particularly with broadleaved trees (R?: 0.60—
0.65, RMSE: 1.1-2.9) and even greater success for conifer
heights (R* 0.74-0.82, RMSE: 0.9-2.5). This discrepancy
in accuracy may be attributed to the centimeter-level resolu-
tion of the multispectral airborne laser scanning data used in
Rana et al. (2023), as opposed to the coarser 30-meter reso-
lution of Landsat data in this study. These findings suggest
that alternative approaches (e.g., laser scanning data, Senti-
nel-2 and fine resolution UAV images) might be more suit-
able for detailed structural assessments in seedling stands.
For instance, Feduck et al. (2018) found that UAV RGB
imagery successfully detected 76% of coniferous seedlings,
suggesting that UAV RGB imagery as a promising tool for
identifying and monitoring coniferous seedlings. Further-
more, the integration of deep learning algorithms, such as
convolutional neural networks, with UAV multispectral or
RGB imagery has been shown to enhance species classi-
fication in seedling stand inventories (Imangholiloo et al.
2023). Similarly, Sentinel-2’s multispectral capabilities and
10-meter spatial resolution offer opportunities for improved
forest inventory parameter, especially when combined with
other data sources and machine learning techniques (Wittke
et al. 2019). In addition, incorporating individual tree fea-
tures and correcting edge tree effects to the area-based
approach (ABA) enhanced tree height and density predic-
tion in seedling forest stands (Imangholiloo et al. 2022).

Classifying weeding need

The height difference between coniferous and deciduous
trees serves as a valuable indicator for weeding or tending
needs (Rana et al. 2023). Using this information for binary
classification (weeding needed vs. not needed) resulted in a
Cohen’s kappa of 0.55. However, it is important to note that
there is a great deal of variation within forest stands in the
study area. For instance, a single Landsat pixel covers reflec-
tance information from mixed seedling stands, introducing
inherent inhomogeneity. This variability particularly affects
model reliability in smaller (1-3 hectares) stands which are
common in Finland. Despite this, the trend in the LTS-based
prediction indicates that the need of silvicultural treatment
in seedling stands can be effectively mapped. Additionally,
low fertility sites are less sensitive to vegetation recovery
and poses difficult challenges for LTS -based prediction.

Our study achieved an accuracy of 81% (kappa=0.55) for
predicting tending needs using the NBR. In comparison, a
study by Korhonen et al. (2013) in Joutsa, Finland, reported
lower performance (kappa=0.37-0.38, accuracy =71-72%)
using airborne laser scanning data. Similar trends were
observed in other Finnish studies, with accuracy ranging
from 54 to 69% and kappa values from 0.27 to 0.34 (Narhi
et al. 2008; Miina et al. 2018). These comparisons suggest
that our approach leveraging NBR derived from LTS data
offers a promising alternative for identifying stands requir-
ing tending operations.

Implications for seedling stand monitoring method
development

While temporal variations caused by phenology or atmo-
spheric condition can be mitigated (e.g., Schroeder et al.
2007), challenges remain in monitoring attributes of young
stands. NBR, which captures reflectance in both the NIR and
SWIR regions, is particularly sensitive to this issue. As veg-
etation density and canopy complexity increase with stand
age, SWIR reflectance decreases due to increased shadow-
ing (Asner and Lobell 2000; Gonsamo and Pellikka 2012).
This makes it difficult to accurately track early development
in seedling stand, especially considering additional uncer-
tainties from factors like atmospheric condition, topogra-
phy, and sun/view angles (Song and Woodcock 2003; Chen
et al. 2020). Incorporating forest stand data, particularly soil
characteristics, could potentially improve the accuracy of
results (Korhonen et al. 2013; Rana et al. 2023). Also, future
research should incorporate a larger number of field sample
plots encompassing a broader diversity of tree height, densi-
ties, and species composition (Imangholiloo 2024).

Seasonality also plays a significant role in Nordic seedling
stands. Observations made in early summer differ greatly
from those in late summer due to both vegetation phenology
and variations in sun angle during image acquisition. For
this reason, Sentinel-2 satellites, with their superior spatial
resolution, hold promise for improved prediction compared
to Landsat (Korhonen et al. 2017). Despite these challenges,
the current Landsat-based approach demonstrates the poten-
tial for automated procedures to predict harvest years and
identify stands in need of tending. Further development of
reliable, large-scale methodologies utilizing satellite tech-
nology remains an urgent need for effective seedling stand
monitoring.

@ Springer
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Conclusion

We demonstrated LTS data for predicting seedling stand
attributes and investigated the effect of NBR and NDVI
on the predictive capacity. We also classified the need of
weeding based on the height difference between conifer-
ous and deciduous trees. Our results indicate that height
and density of seedlings were less accurate in prediction,
although there was a clear trend in the predictions. Conse-
quently, relying on a single prediction for the entire stand is
not ideal. Instead, stand-level decisions should be informed
by the distribution of predictions within the stand bound-
aries. Ultimately, end-users must determine the feasible
operational area based on this information. The height dif-
ference between coniferous tree species and the deciduous
tree species is a valuable indicator for the need of weeding.
When the predictions were used in a binary decision-mak-
ing process regarding the need for weeding treatment, a rea-
sonable classification accuracy was observed. However, we
acknowledge the challenges associated with using LTS data,
such as the difficulty of acquiring cloud-free imagery and its
limitations for stand-level predictions due to its lower spa-
tial resolution. Overall, the developed methodology shows
promise for monitoring changes in seedling stand attributes
and weeding needs. Future work should focus on improv-
ing prediction accuracy by integrating higher-resolution
data (e.g., Sentinel-2) and addressing the limitations of
LTS data to enhance its applicability in operational forestry
management.
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