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Meter-Resolution Canopy Height Data Alone
Can Be Used for Predicting the Conservation

Value of Boreal Forests
Marco L. Della Vedova and Mattias Wahde

Abstract—We consider the problem of automated binary clas-
sification of forests as having either low or high conservation
value. We demonstrate that the resolution of the data used in
classification is a crucial factor. At resolutions of around 2 m
or less, it is possible to distinguish individual trees, a situation
that greatly improves classification accuracy: Using canopy height
models with 1-m resolution our U-Net-based classifier obtains
a classification accuracy of 0.956 over a test dataset covering
southern Sweden. This result can be compared to earlier reported
accuracies in the range 0.81–0.92 at lower resolution (10–100 m)
over a similar region. We also show how the classification
performance varies over a range of resolution values, and find
a strong positive jump in accuracy at resolutions of 2 m or less,
where individual trees can be discerned.

Index Terms—Canopy height model (CHM), forests, geospatial
artificial intelligence, machine learning, remote sensing.

I. INTRODUCTION

IDENTIFYING and protecting forests with high conserva-
tion value is crucial for safeguarding biodiversity [1]. Those

forests often play an important role as the last remnants of
natural structures in otherwise intensely managed landscapes.
However, despite their importance, reliable information on
where such forests occur remains scarce. Traditional field
inventories may provide such information, but they are costly
and time-consuming to carry out, making them unsuitable
for large-scale monitoring needs. The importance of rapidly
developing high-quality biodiversity monitoring tools has been
amplified by recent international agreements such as the
Kunming–Montreal global biodiversity framework [2] and
the EU biodiversity strategy for 2030 [3]. These policies
set ambitious targets, such as protecting at least 30% of
terrestrial areas, of which one third should be under strict
protection. Reaching those goals will require global high-
resolution mapping of biodiversity values. Current data gaps,
regarding both resolution and accuracy of the mapped regions,
are critical obstacles to reaching these goals.

Large-scale biodiversity assessments are now possible, as
a result of recent advances in remote sensing and machine
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learning. Forest naturalness has been evaluated from a variety
of perspectives in many studies pertaining to a large portion
of the forested areas of the world, such as Northern Europe
[4], Central Europe [5], [6], Canada [7], and Brazil [8].
Sweden’s forests have also been the subject of several recent
studies focused on the assessment of conservation value.
Bubnicki et al. [9] used Random Forest classifiers with diverse
landscape, structural, and socio-economic variables as input
to map the relative likelihood of high conservation value
forests (HCVFs) across Sweden at a spatial resolution of
1 ha (100 × 100 m) with an accuracy of 0.81. Their work
also highlighted the importance of canopy structure and forest
management intensity as key predictors. However, the coarse
resolution of hectare-sized pixels makes it impossible to dis-
tinguish single trees or small habitat patches, which are often
essential for biodiversity.

Andermann et al. [10] applied a deep learning segmenta-
tion model to a suite of remote sensing products, including
LiDAR-derived metrics, Sentinel-2 imagery, and climatic and
anthropogenic data. Their method generated a national-scale
conservation value map of Sweden at 10-m resolution, reach-
ing a classification accuracy of 0.92. Yet, this progress came
at the cost of increased complexity, both regarding the model
and the data that it uses: The model required input from 11
distinct environmental layers, each with its own preprocessing
pipeline. Moreover, the 10-m resolution is still insufficient for
identifying individual trees.

A complementary approach was recently proposed by Della
Vedova and Wahde [11], who demonstrated that features
derived solely from the canopy height model (CHM) at
1-m resolution could serve as interpretable indicators of for-
est naturalness. Their method achieved accuracies of up to
0.90 in southern Sweden and showed that canopy structure
alone contains sufficient information to distinguish between
highly natural and managed forests. However, their framework
required prior delineation of polygons of interest, restricting its
applicability to predefined forest stands rather than open, con-
tinuous landscapes. Note that in this context, the concepts of
forest naturalness and conservation value are closely aligned:
forests with a higher degree of naturalness are regarded as
having higher conservation value.

The main contributions of this study are threefold: 1) we
introduce a U-Net-based segmentation framework for pre-
dicting conservation value directly from CHM tiles, without
requiring any predefined polygon boundaries; 2) we pro-
vide a controlled analysis of how spatial resolution affects
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performance, isolating resolution as the primary variable; and
3) we show that tree-resolving CHM data alone are sufficient
to achieve high predictive accuracy in Boreal forests, reaching
0.956 accuracy at 1-m resolution and exceeding the state-of-
the-art performance despite relying on a single input layer.

The source code supporting this work is publicly available.1

II. MATERIAL AND METHODS

A. Problem Definition

The core objective of this study is to develop and evaluate
automated methods for estimating the degree of forest natu-
ralness from remote sensing data, specifically using the CHM.
The data utilized here provide a detailed raster representation
of tree canopy heights, captured with a certain spatial resolu-
tion (e.g., 1×1 m), covering the geographical area of interest.
In detail, the input to the method consists of a raster grid,
where each pixel encodes the height of the canopy at that
location relative to the ground level. The desired output is a
conservation value map, where each pixel is associated with a
continuous naturalness score ranging from 0 (low naturalness)
to 1 (high naturalness). Formally

N (A) = f (C (A)) (1)

where A denotes the geographical area of interest, defined by
a bounding box, N (A) is the predicted naturalness score for
every point in A, taking values in the range [0, 1], C(A) denotes
the CHM input, representing the canopy height at every point
in A, and f is the function, approximated by the proposed
U-Net model (see Section II-D), that maps CHM values to
naturalness scores.

B. Data

The primary data source used in this study is the CHM,
a geo-referenced raster dataset representing the height of the
forest canopy relative to ground level. Each pixel in the CHM
used in this work corresponds to a 1 × 1 m square on the
ground, with values expressed in decimeters, offering a vertical
precision of 0.1 m. This high spatial resolution makes it
generally possible to identify individual trees and to carry out
a detailed structural analysis of forest stands.

The CHM data originate from national airborne laser scan-
ning campaigns conducted by the Swedish Forest Agency as
part of their national forest mapping program.2 In this study,
we consider a subset of the data covering southern Sweden.

The dataset is partitioned into training, validation, and
test sets using the same geographical stratification strategy
described in [11], ensuring spatial independence between the
subsets. The geographical areas covered by the three subsets
are 24 559, 6177, and 7680 km2, respectively.

Ground-truth labels are provided as raster layers at the
same spatial resolution as the CHM, with three discrete
classes: background, low conservation value forests (LCVFs),
and HCVFs. We derived these labels from a polygon-based

1See https://github.com/mldv/1mCHM-forest-conservation
2Available at https://www.skogsstyrelsen.se/sjalvservice/karttjanster/

skogliga-grunddata, trädhöjd layer.

classification of forest management intensity defined by envi-
ronmental experts in field campaigns. The background class
includes nonforested areas, regions outside the labeled poly-
gons where naturalness is undefined, and areas with mixed
labels (i.e., marked both high and low conservation value),
which account for approximately 0.2% of the labeled area.
Note that around 92.3% of the area of study is labeled as
background. HCVFs, which cover around 3.5% of the total
area, include habitat-classed areas within Natura 20003 as
well as an inventory of key habitats conducted by forestry
companies and by the Swedish Forest Agency. LCVFs, which
cover around 4.2% of the total area, include forests harvested
between 1990 and 2000, forest stands between 30 and 80 years
old, and older forest stands that have been assessed as having
low natural value by forestry companies. More details about
these labels can be found in [11].

In contrast to prior work, which performed classification at
the polygon level using aggregated features, in this work we
consider raster tiles as input to the classification task. Each tile
has a fixed size of 1280 × 1280 m (i.e., 1280 × 1280 pixels at
1-m resolution) and two layers: One containing canopy height
values and the other containing the corresponding label values.

C. Data Preprocessing

Prior to model training, several preprocessing steps were
applied to the CHM and the corresponding label rasters. First,
to reduce the influence of outliers in canopy height values
(e.g., artifacts from misclassified LiDAR returns), we clipped
all CHM values to a maximum threshold Hmax. All pixel values
above Hmax were set to Hmax, after which the entire raster was
normalized linearly to the range [0, 1]

c′ =
min (c,Hmax)

Hmax
(2)

where c is the original CHM pixel value and c′ is the
normalized value used as model input. In this work, the
value of Hmax has been set to 30 m. This value was chosen
after a visual inspection of the height distribution over the
training set, which indicated that only a very small fraction
of trees (0.09% of the pixels) exceed 30 m in height. The
normalization ensures numerical stability during training and
provides consistent scaling across different tiles.

To study the effect of spatial resolution, we also generated
downsampled versions of the dataset. For the CHM rasters,
downsampling was performed by block averaging, such that
each downsampled pixel represents the mean canopy height
of the corresponding block of higher-resolution pixels. For
the label rasters, downsampling was carried out by majority
voting within each block, assigning the class (high naturalness,
low naturalness, or background) that occurred most frequently
among the original pixels. This procedure ensured alignment
between CHM inputs and labels across all considered resolu-
tions.

The final dataset therefore consists of multiple versions of
the same geographical tiles: one at the native resolution of 1 m,
and additional versions at coarser resolutions obtained through

3Natura 2000 is a network of protected areas throughout the EU.

https://github.com/mldv/1mCHM-forest-conservation
https://www.skogsstyrelsen.se/sjalvservice/karttjanster/skogliga-grunddata
https://www.skogsstyrelsen.se/sjalvservice/karttjanster/skogliga-grunddata
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Fig. 1. Comparison of different CHM resolutions and corresponding
orthophoto. The region in the figures is 100 × 200 m in size.

downsampling (see Fig. 1). These data allow us to evaluate the
role of spatial resolution in predicting forest naturalness and
to benchmark our 1-m model against coarser representations
of the canopy structure.

D. Deep Learning Classifier

The proposed method is based on a fully convolutional
encoder–decoder architecture. We adopt a U-Net model [12]
to approximate the mapping f from CHM raster tiles C(A) to
pixelwise naturalness predictions N (A). The network receives
a single-channel input representing normalized canopy height
values and outputs a raster of the same dimensions, where each
pixel contains a score in [0, 1] corresponding to the predicted
probability of high naturalness.

The U-Net follows a standard architecture composed of a
downsampling path, a bottleneck, and an upsampling path with
skip connections. The downsampling path uses repeated blocks
of two 3 × 3 convolutions (with batch normalization and
ReLU activation), followed by max pooling. The bottleneck
doubles the number of feature channels and preserves spatial
resolution. The upsampling path consists of transposed con-
volutions followed by concatenation with the corresponding
feature maps from the encoder, enabling precise localization.

We use four levels of resolution, halving feature sizes in the
encoder and decoder. In the full resolution model, i.e., with
1280 × 1280 pixel inputs, it corresponds to {640, 320, 160,
80} pixels. A final 1 × 1 convolution followed by a sigmoid
activation produces the output probability map.

E. Model Training and Validation

We trained the U-Net following a standard supervised learn-
ing procedure implemented in PyTorch. The model parameters
were optimized by minimizing a loss function computed over
the training set. The performance on the validation set was
monitored after each epoch to guide early stopping and to
select the best-performing model, which was then used in
final testing as reported below. Several loss functions were
evaluated, each emphasizing different aspects of segmentation
quality.

1) Binary focal loss, focusing learning on difficult-to-
classify pixels.

2) Dice loss, promoting spatial coherence by maximizing
overlap between predicted and ground-truth regions.

3) Pixel accuracy loss, directly optimizing classification
accuracy, using a differentiable approximation: instead
of hard thresholding, we use a sharp sigmoid around
0.5.

4) Combined loss, a weighted average of the three above.
All losses support masking of background regions and

operate at the pixel level. The combined loss function is
defined as

Lcombined = α · Lfocal + β · Lpixel + (1 − α − β) · Ldice (3)

where α and β are weighting parameters (α = 0.3 and β = 0.4
in the best-performing setup, identified by grid search).

Optimization was carried out with the Adam optimizer
(learning rate 10−3), a batch size of 8, and a maximum of
50 epochs. Note that for downsampled versions of the input,
we adapt the batch size and the learning rate for speedup.
Early stopping was applied with a patience of ten epochs and a
minimum validation loss improvement of 10−4. At each epoch,
training and validation losses and accuracies were computed,
and the model with the lowest validation loss was stored as
the selected model for the configuration under study.

F. Inference

After training, the selected model can be applied to unseen
CHM tiles to produce pixelwise predictions of forest natu-
ralness. Inference proceeds tile by tile: Each 1280 × 1280 m
CHM raster is fed into the trained U-Net, which outputs a
probability map of the same size. Each pixel value represents
the estimated probability of belonging to the high naturalness
class, with values close to 0 corresponding to low naturalness
and values close to 1 corresponding to high naturalness.

For model evaluation, probability maps are thresholded
at 0.5 to obtain binary predictions, which are then used to
compute accuracy and other classification metrics (precision,
recall, IoU, and Dice). All metrics are calculated only over
areas with available ground-truth labels, i.e., not on back-
ground. Fig. 2 illustrates typical inputs and outputs of the
method, together with labeled regions and the corresponding
accuracy of the predictions.

III. RESULTS

A. Effect of Spatial Resolution

Spatial resolution is a key factor in determining the amount
of structural information that can be extracted from the CHM.
To quantify its impact, we trained otherwise identical models
on downsampled versions of the CHM at resolutions ranging
from 40 to 1 m. In all cases, the ground area covered by a
tile was kept constant (1280 × 1280 m), which implies that
the number of pixels and thus the model size increased with
resolution.

Table I and Fig. 3 show the results. As expected, accuracy
improved monotonically with finer resolution, from 0.82 at
40 m to 0.96 at 1 m. The largest relative gains occur when
moving from very coarse scales (40 and 20 m) to intermediate
ones (10, 8, and 5 m). Between 40 and 5 m, accuracy
increases by more than 0.10 (absolute), but the curve starts
to flatten, suggesting diminishing returns as more pixels are
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Fig. 2. Two illustrations of our method in action. In each row, from left to right, the first panel shows the input to the method, i.e., a CHM over a given
region. The second panel shows the output of our method, where each pixel is assigned a value in the range [0, 1], which corresponds to the predicted
conservation value. The third panel shows the ground-truth assignments (with the CHM in the background for reference): green for high naturalness areas,
violet for low naturalness areas. The fourth panel exemplifies the performance of our method (after thresholding): areas that are correctly predicted are marked
in yellow, and incorrectly predicted areas are marked in blue (including examples of both false positives and false negatives). The centers of the regions are at
(60.322692 N, 17.477156 E) and (56.563449 N, 15.122369 E).

Fig. 3. Test accuracy plotted as a function of resolution. Note the jump in
accuracy as the resolution reaches 2 m and below.

added. However, when resolution is further improved from 5 to
2 m and 1 m, a distinct jump in performance is observed (see
Fig. 3), with accuracy rising from about 0.92 to 0.96. This step
change coincides with the scale at which individual trees and
canopy gaps can be distinguished in the CHM, as illustrated
in Fig. 1.

These results highlight that while moderate resolutions
already provide useful information about stand-level structure,
the ability to resolve individual trees is decisive for predicting
naturalness with high confidence.

B. Benchmarking Against the State-of-the-Art

To assess the performance of our method relative to existing
approaches, we compared it with the results reported by
Bubnicki et al. [9] and Andermann et al. [10], both focusing
on the South Boreal region of Sweden. While the former
applied a tenfold cross-validation strategy on their dataset,

TABLE I
EFFECT OF THE SPATIAL RESOLUTION ON PERFORMANCE METRICS

TABLE II
BENCHMARKING RESULTS FOR THE SOUTH BOREAL REGION OF SWEDEN

Andermann’s models and ours were evaluated using the same
training–validation–test split. Table II summarizes the results
in terms of accuracy, precision, recall, and Dice coefficient.
Bubnicki et al. [9] reported an accuracy of 0.81 using a
Random Forest model trained on a wide set of structural,
environmental, and socio-economic predictors at 1-ha reso-
lution. Andermann et al. [10] achieved substantially higher
performance with an attention U-Net model based on 11
heterogeneous input bands at 10-m resolution (accuracy 0.917,
Dice 0.804). Using the same training–validation–test split as
them, our U-Net models trained solely on CHM data reached
an accuracy of 0.888 at 10-m resolution, and further improved
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to 0.956 at 1-m resolution. At this fine scale, both precision
(0.947) and recall (0.960) were balanced, leading to a Dice
coefficient of 0.953.

IV. DISCUSSION AND CONCLUSION

This study shows that conservation value in Boreal forests
can be predicted accurately from CHMs alone when spatial
resolution is sufficiently high. Using a U-Net segmentation
model on 1-m CHM data, we achieved an accuracy of 0.956
in the South Boreal region of Sweden, exceeding previously
reported results obtained at coarser scales. A clear perfor-
mance transition was observed when moving from 5–10- to
1–2-m resolution, corresponding to the scale at which individ-
ual trees and canopy gaps become discernible. This indicates
that tree-level structural heterogeneity, rather than perfect tree
delineation, is the critical factor for predicting naturalness.
Although dedicated individual tree detection methods exist
[13], [14], they are not required to achieve the performance
reported here.

The comparison against state-of-the-art approaches further
emphasizes this point. Whereas Bubnicki et al. [9] relied on
a wide set of predictors at 1 ha (100 × 100 m) resolution
(accuracy 0.81), and Andermann et al. [10] used 11 heteroge-
neous input layers at 10-m resolution (accuracy 0.917), our
method surpassed both using only a single data source at
1-m resolution. The fact that our model requires only CHM
input strongly reduces the complexity of data preparation.
High-quality LiDAR-based CHMs are already available in
several countries, and emerging image-based [15] and radar-
based [16] approaches suggest that such data may become
increasingly accessible.

A key limitation lies in the scarcity of reliable labels for
forest conservation value, particularly for low-value stands,
rather than in the availability of canopy height data. Ground
truth requires ecological expertise and is often tied to national
inventories or protected area registers. Since conservation
indicators vary across ecosystems, region-specific models may
be necessary, though transfer learning could enable adaptation
from data-rich to data-poor contexts. The results presented
here are specific to Boreal forests, which are common in
Canada, Alaska, Russia, and the Nordic countries, where
canopy structure is typically characterized by relatively distinct
crowns and moderate vertical stratification. The performance
gain observed at 2-m resolution relies on the ability of
the CHM to capture tree-level structural heterogeneity. In
other biomes, such as dense tropical or multilayered tem-
perate forests, crown overlap and complex vertical structure
may reduce the separability between management regimes in
canopy height data alone. Applying the proposed method to
other forest types would therefore require: 1) region-specific
ground-truth labels; 2) retraining or fine-tuning of the model
on representative local data; and 3) verification that meter-
scale CHM data provide sufficient structural contrast for the
conservation indicators of interest. Without these conditions,
predictive performance cannot be assumed to transfer directly
across ecosystems.

In order to apply the proposed method for generat-
ing large-area maps, tilewise inference requires appropriate
border-handling strategies to avoid edge artifacts. Standard

solutions include overlapping sliding windows or trimming
border regions prior to tiling to ensure spatial continuity.

In summary, we demonstrate that, in Boreal forests,
meter-resolution canopy height data alone provide sufficient
structural information to accurately predict conservation value.
By isolating spatial resolution as the key variable, we show that
predictive performance improves markedly on fixed ground
extent once the tree-level structure becomes visible in the
CHM. These results highlight the potential of high-resolution
canopy height data as a simple and scalable basis for con-
servation value mapping while emphasizing the need for
region-specific validation beyond Boreal ecosystems.
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