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A B S T R A C T

Seasonal phenological transformations alter tree appearances, notably by influencing the size and color of the
foliage. It has long been anticipated that such phenology induced characteristics can help address the tree-species
recognition problem, a fundamental challenge in forest science. Yet, studies on tree-species recognition using
remote sensing and phenological characteristics have been rare, due to the very limited availability of high
spatiotemporal resolution observations. Moreover, the interactions between the effectiveness of phenological
characteristics, remote sensing data, and the analytical methodologies have not yet been sufficiently explored.
The understanding of how to integrate multi-temporal observations and phenological characteristics in tree-
species recognition has been lacking. This study aims to identify principles for optimizing species recognition
by combining data, methods, and phenological dynamics. This involves understanding the impact factors of
various methodologies, and how they interact with phenological characteristics and datasets at different times
and/or frequencies. The study was carried out using multi-temporal high-resolution optical images of a
temperate forest, which were collected in 2021 during leaf growth and senescence periods between May and
October, i.e., three leaf growth (May–August) and three leaf senescence (September–October) periods. The test
site comprised 14 different tree classes, including 11 species, 2 genera, and 1 dead tree class. The experimental
results showed that, for deep learning approaches, the current main limitations in the tree species recognition lie
in sample imbalance as the targeted species number increases. With the state-of-the-art data and methods,
distinguishing between species within a same genus is much more challenging than differentiating between
species from different genera or families. It is also revealed that the best timing for tree species classification is
early autumn (September) or late spring (May) when a single-temporal (one-timepoint) data is applied; all-
temporal (six-timepoint) data improves the recognition results in comparison with single-temporal observa-
tions; however, the improvements from adding additional timepoints became marginal after two timepoint are
used with one from late spring and other from early autumn. Furthermore, prior knowledge of individual crown
boundaries, typically obtained through individual tree crown delineation, is essential for efficiently incorpo-
rating phenological variations into species recognition.

1. Introduction

Tree species information is indispensable in understanding forest
conditions and functions, as an independent variable (Gamfeldt et al.,
2013; Wessely et al., 2024) or as an input of species-dependent models
(Vorster et al., 2020; Wang et al., 2019b). However, to collect tree-level
species information over large areas is a long-lasting challenge. Up to
now, conventional field inventory via in situ manual recognition remain
as the most trusted sources of tree-species information. Forest species

composition is regularly estimated in national forest inventories
(Tomppo et al., 2010). However, considering the vast area and restricted
accessibility of forests, the spatial and temporal coverage of suchmanual
collection is obviously limited. The sample-based inventories are con-
ducted only every several years, which do not give spatially explicit
wall-to-wall and temporally up-to-date tree information and far beyond
enough to meet the needs of regular monitoring of forest ecosystems
over large areas. The recent advances in close-range sensing improve the
automation level in the forest inventories (Liang et al., 2015, 2024b;
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Hyyppä et al., 2020b; Hyyppä et al., 2020a; Wang et al., 2021; Mokroš
et al., 2021), yet to meet the requirement of continuous coverage over
large areas is still challenging. Consequently, the lack of reliable tree
species information remains a significant and persistent challenge, e.g.,
for biodiversity conservation (Boonman et al., 2024; van Tiel et al.,
2024) and forest management (Kahl and Bauhus, 2014; Oettel and
Lapin, 2021).

Facilitating the acquisition of tree species information in forests has
been a central goal of remote sensing (RS). However, most existing
studies have concentrated on patch-level assessments, while tree-level
investigations have been relatively limited, e.g., using high-resolution
satellite imagery such as the WorldView (Jiang et al., 2021; Qiu et al.,
2019). Bridging the gap between RS methodologies and tree-level spe-
cies inventories across extensive geographic areas remains one of the
most significant challenges in the field (Fassnacht et al., 2016).

Over the past decade, rapid advancements in close-range sensing
technologies have significantly enhanced the effectiveness and effi-
ciency of forest investigations (Liang et al., 2022). These developments
have introduced convenient, flexible, and even fully automated solu-
tions for tree-level studies at plot and area scales (Wang et al., 2019a;
Jurjević et al., 2020; Balenović et al., 2021), e.g., utilizing terrestrial and
low-altitude aerial imagery as well as laser scanning systems and at a
high level of details (Pyörälä et al., 2018a, 2018b; Liang et al., 2019,
2024a). Driven by these advancements, interests in acquiring tree-level
species information using close-range sensing are rapidly growing (Chen
et al., 2024). In particular, close-range sensing enables high-frequency
temporal observations, opening new opportunities for in-situ
phenology studies and allowing the linkage of phenological character-
istics with species recognition (Shcherbacheva et al., 2024).

Phenology varies across species, resulting in distinct color and
texture dynamics in multi-temporal images for each species. It is known
as a useful trait for RS-based species classification, e.g., if the time of RS
data collection can be aligned with the phenological cycles of the tar-
geted species (Gaertner et al., 2016). However, research on the appli-
cation of multi-temporal RS in tree species recognition have been
limited, as the availability of high-resolution time-series RS data has
only increased recently. Specifically, close-range sensing using un-
manned aerial vehicle (UAV) platforms provide a handy solution to
acquire high-resolution imagery data with detailed tree-canopy char-
acteristics. Time-series UAV observations enable frequent data collec-
tions at interannual, seasonal, and even daily paces, provide rich
spectral, structural, and temporal information, and facilitate a compre-
hensive documentation of the growth cycle, phenological changes, and
health status. The key question now is how to integrate the rich dy-
namics captured from UAV image time series into species-specific traits
and to enhance the accuracy of tree species recognition.

One direction to explore the benefits of multi-temporal observations
is to study the influence of phenology on species classification. The best
data-acquisition timing for an application can be identified by
comparing the performances of data collected at different timepoints.
For example, data at seven timepoints were collected over a temperate
forest in Quebec, Canada, i.e., one timepoint per month from May to
August, and three in September and October (Cloutier et al., 2024). The
study suggested that the early autumn (e.g., early September) images
gave the highest overall accuracy (OA), instead of the peak autumn
images (e.g., during October when the fall foliage is at its most vibrant
and colorful period) as suggested by previous studies (Hill et al., 2010;
Key et al., 2001). The study also revealed that variations in phenological
characteristics influence the effectiveness of tree-species recognition,
making it related with the timing of data acquisition. In (Miyoshi et al.,
2020), hyperspectral (HS) images were acquired in June and July over
three years in an Atlantic Forest located in São Paulo, Brazil. The study
utilized three-year data to classify eight tree species, achieving a 50 %
OA using statistical machine learning (ML), e.g., Random Forest (RF).
According to the study, due to the lack of phenological variations during
June and July, the contribution of multiple timepoints was considerably

less compared to that of multiple spectral channels.
An alternative approach to leveraging the advantages of multi-

temporal observations is to treat the phenological dynamics across
multiple time points as a unified trait for tree-species classification. In
(Grybas and Congalton, 2021), UAV RGB images were collected at five
timepoints in a sample plot in NewHampshire, USA. The effectiveness of
tree species recognition using multi-temporal images was assessed
across single, two, three, four, and five timepoints. Thirteen tree species
were classified using RF, with the highest OA of 61.1 % achieved using
all five timepoints. However, the improvement in OA became marginal
when more than three timepoints were incorporated. Images from mid
to late spring yielded the highest classification accuracy, attributed to
the significant spectral heterogeneity among different species during
this period.

In (Shcherbacheva et al., 2024), the reflectance patterns of trees were
demonstrated to be able to capture annual phenological characteristics
of three main boreal species (Norway spruce, Scots pine, and silver
Birch), at a single wavelength (1550 nm) from LiDAR (Light detection
and ranging) data. When all key phenological events were captured, e.g.,
using bi-weekly observations from April to November, the OA of species
classification can reach close to 100 % with a few exceptions raised by
erroneous individual tree segmentation. In (Veras et al., 2022), deep
learning (DL) method andmulti-temporal UAV RGB images were used to
recognize tree species in the Brazilian Amazon rainforest. The experi-
mental results showed that the highest classification accuracy was 90.5
% for eight tree species using images from four timepoints. The im-
provements brought by multi-temporal data were notable when
compared to the single timepoint, where the accuracies in the rainy
season were 83.5 % in November and 81.9 % in February, and in the dry
season were 69.3 % in May and 78.8 % in August.

Previous studies have suggested that multi-temporal data, or
phenological information, enhances the ability to recognize tree species.
However, the effects of phenology on tree crown appearance are com-
plex, and their influence on species recognition may not always align
with assumptions based solely on phenological patterns. For example,
Cloutier et al. (2024) reported that among seven time points from
different seasons, the peak autumn data presented the worst accuracy,
contradicting the initial hypothesis. The same study suggested that the
phenological dynamics influence the performance of species classifica-
tion not only due to the changes on leaf coloring, but also due to the
changes in the contrast between the foreground, i.e., tree crowns, and
the background, e.g., forest floor, under growth, and other objects,
which are attributed to variations in leaf sizes and densities, and the
accuracy of individual tree crown (ITC) delineation.

The key question to address is whether the phenological trends of
different species can be captured with a limited number of timepoints,
how the temporal context between images enhances species recognition,
and how to effectively collect and process multi-temporal data to
maximize the benefits of phenological dynamics in overcoming the
challenging task of species recognition.

However, previous studies have often blended the effects of pheno-
logical characteristics with those of data processing methods. As a result,
it becomes difficult to pinpoint the primary factor driving performance
changes, i.e., whether it is the data processing techniques or the
phenological characteristics themselves. In particular, the role of data
analysis methods in influencing the final outcomes has been insuffi-
ciently addressed.

This study aims to clarify the impact of phenological dynamics and
the role of processing methodologies in the species recognition using
multi-temporal images. More specifically, the study investigates 1) the
impact of the processing methodology to the performances of tree-
species classification; 2) the effectiveness of the data acquired at indi-
vidual and multiple timepoints; and 3) any potential interactions be-
tween processing methodologies and phenological characteristics.

The study focuses on DL approaches, considering the overall pro-
found reported performances of DL approaches in comparison with
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classic ML approaches (Chen et al., 2024). Four network architectures
are benchmarked to classify 14 tree classes using UAV-RGB images from
six timepoints, i.e., the current most comprehensive multi-temporal
datasets. Altogether, 72 tree-species classification experiments were
carried out in two groups. The first category, which includes 48 exper-
iments, uses data from a single timepoint to demonstrate the influence of
methodology and species-specific characteristics related to preferred
timing. The second category, consisting of 24 experiments, presents
outcomes from multiple timepoints to highlight the effectiveness of
phenological characteristics and explore the interactions between
methodology and phenology.

2. Materials and methods

This section presents the dataset, and experimental designs used in
the study.

2.1. Dataset

The dataset used in this study was published in (Cloutier et al.,
2024), which is so far the most comprehensive dataset to support studies
on species classification using high resolution multi-temporal imagery.
The images were collected from a temperate mixed forest in the Mon-
tressor University Research Station in St. Hypolite (Quebec, Canada)
using a DJI Phantom 4 RTK aircraft (DJI Science and Technology Co.
Ltd., Shenzhen, China) equipped with an RGB camera. The flight was 60
m above the canopy, and the image was with a 0.02 m spatial resolution.

The published data included six timepoints from the growing season
in 2021, i.e., on May 28 in spring, Jul. 21 and Aug. 18 in summer, and
Sep. 2, Sep. 28, and Oct. 7 in autumn. The original image was cropped
into images of size 256× 256 pixels. Manual annotations of individual
tree crowns were carried out by combining the field identified stem
locations and tree species information with manual crown delineation
on acquired UAV images. In total, 22,139 annotated individual tree
crowns in 14 classes were available as vector polygons, i.e., 11 species, 2
genera, and 1 dead tree class. Table 1 summarizes the class allocation of
the ITC annotations in the published dataset. For more information
about the test site and the data, readers are referred to (Cloutier et al.,
2024).

2.2. Methods

A clear understanding of the role of methodologies and phenological
dynamics in species classification can only be achieved when the im-
pacts of other factors in the processing pipeline are thoroughly studied.
First, the studies focused on single timepoints to clarify the methodology

and phenology influences. Secondly, different timepoints were com-
bined to explore the interaction between the species-specific phenology
and processing methodology, as well as the phenological impacts on the
tree-species recognition.

2.2.1. Experiment design
The study comprised a total of 72 experiments that were designed to

comprehensively examine the factors affecting the performance of
image-based species recognition, considering the influences of meth-
odology, preprocessing, data collection timing, and the integration of
multiple timepoints.

From the methodology aspect, this study focused on DL approaches
over statistical ML methods due to the overall superior performance of
DL in tree species analysis (Chen et al., 2024). Two types of classic DL
methodologies were investigated, i.e., the object-based instance classi-
fication and the pixel-based semantic segmentation. For each method-
ology, two network architectures were employed to assess the
performance, i.e., ResNet (He et al., 2016) and Swin Transformer (Liu
et al., 2021) for the object-based instance classification approach and
UNet (Ronneberger et al., 2015) and DeepLab V3+ (Chen et al., 2018)
for the pixel-based semantic segmentation approach. These architec-
tures were selected because they are the most commonly applied state-
of-the-art approaches for image-based species classification (Chen et al.,
2024).

Another key factor was preprocessing, which involved excluding
background information through the ITC delineation. The background
information in the images significantly influence the performance of
individual-tree-level species classification, e.g., forest floor, under-
growth vegetation, entangled crown parts from neighboring trees, and
other non-crown objects (Cloutier et al., 2024). Reliable ITC delineation
was essential for employing object-based methods, and it also served to
reduce background information in subsequent analyses as a side benefit.
However, ITC delineation is a challenging task, specifically in complex
forest stands where trees from multiple canopy layers have overlapped
and/or entangled crowns. Considering the difficulty of automated ITC
delineation from images, the experiments explored the significance of
ITC delineation for species recognition, particularly in terms of back-
ground removal, by utilizing exist ITC masks. Therefore, each DL model
is implemented in two scenarios: with and without background
information.

From the phenology perspective, it is worth noting that the pheno-
logical dynamics are species specific, and variations in color and texture
over time of a tree crown can be regarded as an integrated trait repre-
senting its species (Shcherbacheva et al., 2024). Therefore, when only a
single data collection is possible, it is crucial to determine the optimal
timing for data collection to maximize the contribution of phenological

Table 1
The statistics of the tree species in the experiment.

No. Name Abbreviation Conifers or deciduous Sample size

Tree Pixel

Number % Million %

1 Abies balsamea ABBA Conifers 2878 13.00 26.92 4.82
2 Acer pensylvanicum ACPE Deciduous 751 3.39 9.99 1.79
3 Acer rubrum ACRU Deciduous 5829 26.30 129.75 23.20
4 Acer saccharum ACSA Deciduous 1004 4.53 41.60 7.45
5 Betula alleghaniensis BEAL Deciduous 282 1.27 15.28 2.74
6 Betula papyrifera BEPA Deciduous 5861 26.50 176.32 31.60
7 Fagus grandifolia FAGR Deciduous 220 0.99 7.59 1.36
8 Larix laricina LALA Conifers 185 0.84 3.03 0.54
9 Picea spp. Picea Conifers 1020 4.61 11.26 2.02
10 Pinus strobus PIST Conifers 564 2.55 35.02 6.27
11 Populus spp. Populus Deciduous 1107 5.00 78.54 14.10
12 Thuja occidentalis THOC Conifers 1508 6.81 15.28 2.74
13 Tsuga canadensis TSCA Conifers 59 0.27 2.00 0.36
14 Dead tree Mort \ 871 3.93 5.95 1.06
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characteristics of tree crowns to species recognition. On the other hand,
when multi-temporal data collection is feasible, it is important to learn
how many timepoints are needed and how they should be distributed
across seasons to fully capture the phenological characteristics of
different species.

To explore the interactions between methodology, preprocessing,
and phenology, the 72 experiments were divided into two main groups:
48 experiments (4*2*6) focusing on single - timepoint analyses, which
consisted of the combinations of four architectures (ResNet, Swin
Transformer, UNet, DeepLab V3+), two scenarios (include and exclude
background), and six single timepoints (May 28, Jul. 21, Aug. 18, Sep. 2,
Sep. 28, and Oct. 7); and 24 (4*2*3) experiments focusing on multi-
timepoint analyses, which consisted of combinations of the four
methods, two scenarios, and three multi-temporal combinations (two,
three, and six timepoints).

2.2.2. Methodologies
Object-based instance classification and pixel-based semantic seg-

mentation comprised two major methodology categories in DL image
processing. The object-based methodology tackles images that only
contain one targeted object instance, and the purpose is to classify the
images based on the object, e.g., in the case of classic cat and dog
classification. The pixel-based methodology is commonly applied to
images that contains various objects, and the target is to segment the
image according to the types or classes of the objects.

In the context of tree species classification, both methodologies are
applicable. This study tested two most applied architectures for each
methodology. In training, the ratio of training and validation datasets
was 4:1. To expand the training dataset, the image samples of the
training dataset were rotated for 90◦, 180◦, and 270◦ following a stan-
dard data expansion process that was commonly applied in DL
approaches.

ResNet
ResNet is currently the most widely used object-based NN architec-

ture in tree species recognition. ResNet introduced the residual module
to solve the performance degradation problem of NNs during training,
where the training error becomes larger as the depth of the network
increases (He et al., 2016). This improvement allows the network to be
deeper and improve its performance. In this study, the ResNet18 model
is employed. Its main architecture consists of an input convolutional and
pooling layer, four residual block groups where each group consists of
multiple residual blocks, a global average pooling layer, and a fully
connected layer.

Swin transformer
Swin Transformer is one of the most advanced object-based image

instance classification architectures that represent the state-of-the-art
that is based on Vision Transformer. The standard Vision Transformer
(Dosovitskiy et al., 2021) computed self-attention directly on the entire
image, which significantly increase the computation and memory cost,
especially with increasing image size. Swin Transformer strikes a bal-
ance between computational cost and model performance by intro-
ducing a layered structure and a local window attention mechanism. Its
core idea is to reduce the size of the feature map through a hierarchical
architecture (Liu et al., 2021).

UNet
UNet (Ronneberger et al., 2015) is a classic NN architecture that has

been often used in the pixel-based tree species classification. UNet is
based on convolutional neural network (CNN) for image semantic seg-
mentation. It is composed of down-sampling encoder and up-sampled
decoder. The down-sampling encoder extracts the abstraction features
of the input image using a series of convolutional and pooling layers and
reduces the spatial size of the feature map. The up-sampled decoder
constructs tree species semantic information through skip connections
that fuse the feature maps of the corresponding layers in the encoder
with the feature maps in the decoder.

DeepLab V3þ

DeepLab V3+ is an image segmentation architecture based on
DeepLab V3 (Chen et al., 2017). It is another commonly used architec-
ture to train DL model for pixel-based tree species recognition. DeepLab
V3+ combines the multi-scale feature extraction and dilated convolu-
tion technique of DeepLab V3 to capture rich contextual information
through the atrous spatial pyramid pooling (ASPP) module. The
encoder-decoder architecture was introduced in DeepLab V3+. The
encoder utilized a deep CNN to extract multi-scale features and extended
the receptive field without increasing the computational effort through
dilated convolution. The decoder part fused the low-level features from
the encoder and the output of ASPP to generate high-resolution seg-
mentation results. The model generally performed well in segmentation
tasks (Chen et al., 2018).

2.2.3. Individual tree crown delineation as preprocessing
To enable object-based instance classification approaches for tree

species recognition using images, ITC delineation was required. Specif-
ically, the ITC delineations were used to crop tree crowns from the image
and to generate a sub-image for each individual tree crown, as shown in
Fig. 1.

For pixel-based approaches, the ITC delineation outcomes can be
used to label the pixels and to generate reference semantic masks for tree
species classes, thus, to exclude the background information surround-
ing each individual crown, as shown in Fig. 2.

In this study, the impacts of the ITC delineation and the background
removal are investigated by comparing the outcomes using different
types of input data for object- and pixel-based approaches, where fore-
ground and background information are mixed, as illustrated in Fig. 1
(a) and Fig. 2 (a), respectively, and where the background information
are excluded, for object-based and pixel-based approaches, as illustrated
in Fig. 1 (b) and Fig. 2 (b), respectively.

2.2.4. Phenological dynamics as an integrated species trait
The contribution of phenology to the species recognition is investi-

gated through two approaches. First, each timepoint is processed sepa-
rately assuming that data from multiple timepoints are independent.
The analyses using single timepoints provide hints for the preferable
individual data-acquisition timing.

Secondly, spectral variations are treated as a connected sequence
rather than as independent events. The series of consecutive variations
within this sequence are considered as the key trait for species classifi-
cation. The phenological trends of different species are expected to
become more apparent by integrating various timepoints into a cohesive
flow. Thus, the capability to distinguish species is expected to be
strengthened by incorporating the temporal context.

The multi-temporal data were chronologically assembled into a new
dataset as the inputs of the DL models. Three combinations are formed
using the six valid time points. The first combination consists of two time
points: one from spring (May 28) and one from autumn (Sep.2), as these

Fig. 1. Examples of input images for the object-based methodology. (a) an
input image using coarse ITC bounding box, where foreground (the tree crown)
and background (forest floor, under growth, or neighboring crown) are mixed.
(b) an input image using accurate ITC delineation, where the background ele-
ments are excluded.
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are the most favored timepoints for nearly all processing approaches
(object- and pixel-based, with and without background) in the single-
timepoint analyses in section 3.1. The second combination includes
three time points by adding a summer timepoint (Aug. 18) that is rela-
tively effective. This represents the optimal combination of three sea-
sons, i.e., spring, summer, and autumn. The third combination
encompasses all six valid timepoints across the three seasons: one in
spring, two in summer, and three in autumn.

Fig. 3 illustrates the compilation of data from six timepoints using
inter-band link. The same approach is applied for other experimental
scenarios where two and three timepoints were assembled.

2.2.5. Evaluation metrics
The performances of the tree species recognition results are evalu-

ated using OA, Average Accuracy (AA), and Recall, where OA is the ratio
of the total number of correctly recognized samples to the total number
of samples; AA is the mean of correctly recognized samples for each
class; and Recall is the ratio between correctly recognized samples of
each class and the total number of samples in each class. The relevant
equations are listed as following:

OA =
TP+ TN

TP+ TN + FP+ FN
(1)

AA =
1
N

∑N

i=1

TPi
TPi + FNi

(2)

Recall =
TP

TP+ FN
(3)

where TP represents the number of true positive cases, TN represents the
number of true negative cases, FP represents the number of false positive
cases, FN represents the number of false negative cases, and N represents
the total number of classes.

It should be noted that the evaluation metrics, e.g., OA, AA, and
Recall, for species classification from object- and pixel-based approaches
need to be interpreted differently, even though the equations used are
identical.

For the object- and pixel-based approaches, the unit for evaluation is
the individual tree and pixel, respectively. The pixel-based approach
does not require ITC delineation. Consequently, the results of pixel-
based species classification only indicate the proportions of species oc-
cupancy at the area level and cannot be directly applied to deductions at
the individual tree level. On the other hand, the outcomes of the object-
based approaches are directly connected to individual trees, which can
then be easily aggregated to the area level. Because object-based out-
comes can be interpreted at the area level to represent species compo-
sition that is similar to pixel-based outcomes, the evaluation metrics
derived from both methodologies are comparable for demonstrating
overall performance.

The differences in evaluating outcomes at the object- versus pixel-
level, i.e., using individual trees or pixels as the basic unit for calcu-
lating evaluation metrics, are discussed further in Section 4.1.

3. Results

The experimental results from the 48 experiments using single
timepoint are provided in Section 3.1. Results of the other 24 experi-
ments using multiple timepoints are reported in Section 3.2. Figures and
tables in this section highlighted the most important results.

The complete outcomes of all experiments were provided in detailed
tables in an appended document of this publication, which can be find
through the link below: https://drive.google.com/file/d/1sF6Wvs7y
9poU0I95yhah5rQHIs3lCbDj/view?usp=sharing

3.1. Results based on single timepoint observation

In single timepoint based evaluations, each timepoint is regarded as
an independent event. The results reveal the influences of methodology
and the species-specific phenological variance.

3.1.1. Performance for all species
The performances of the tree-species recognition are firstly reported

as the average values across all species based on the method, the timing
of data collection, and the existence of background.

Fig. 2. Examples of input images for the pixel-based methodology. (a) An input image without applying ITC outcomes, where foreground and background are mixed.
(b) An input image with the aid of ITC delineations, i.e., the background pixels are excluded. (c) The reference semantic mask generated with the aid of ITC de-
lineations, each color represents a tree species class, and background is set to white.

Fig. 3. The compilation of images from multiple timepoints as input for DL models. “Cat” represents the inter-band link. Blue, green, and red colors represent three
image channels. Numbers represent the dates of each timepoint when the image data were collected. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
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General trends in accuracy variations across data collection
timepoints

Fig. 4 illustrates the OA and AA of tree species recognition, and the
achieved OA are generally higher than AA regardless the methodology
and the timepoints.

The variations of OA and AA values among different timepoints are
clear regardless the applied methodology. These results confirm that
phenological characteristics of tree species affect the effectiveness of
species classification due to changes on crown appearances in images.

For object-based approaches, the difference between the highest and
lowest AAs for ResNet is 11.55 % with background (66.49 % on May. 28
vs. 54.94 % on Sep. 28) and 10.69 % without background (68.04 % on
Sep. 2 vs. 57.35 % on Oct. 7), while the difference between the highest
and lowest AAs for Swin Transformer is 10.00 % with background
(59.21 % on May. 2 vs. 49.21 % on Jul. 21) and 12.89 % without
background (63.12 % on Sep. 2 vs. 50.23 % on Oct. 7).

For pixel-based approaches, the difference between the highest and
lowest AAs for UNet is 10.58 % with background (54.2 % on Sep. 2 vs.
43.62% on Jul. 21) and 14.24%without background (64.88% on Sep. 2
vs. 50.64 % on Jul. 21), while the difference for DeepLab V3+ is 9.89 %

with background (50.07 % on Sep. 2 vs. 40.5 % on Jul. 21) and 13.27 %
without background (56.65 % on Sep. 2 vs. 43.38 % on Sep. 28).

The object-based approaches, i.e., ResNet and Swin Transformer,
perform best with the data from May 28 and Sep. 2, with May 28 being
preferred when the background is included and Sep. 2 when the back-
ground is excluded. The least favorable timepoint for these approaches is
Oct. 7, where all lowest AA values came from, followed by Sep. 28,
which produced the second-lowest AA values. For the pixel-based ap-
proaches, i.e., UNet and DeepLab V3+, Sep. 2 was the most favorable
timepoint, regardless of background inclusion. The least favorable
timepoint was Jul. 21, followed by Sep. 28 and Oct. 7.

Overall, Sep. 2 is the most favorable timepoint for all processing
approaches, providing either the best or the 2nd best outcomes. On the
other hand, Sep. 28 is the least favorable timepoint for most of the ap-
proaches. These results suggested that the autumn time window, during
which phenological characteristics most effectively contribute to species
classification, is quite narrow.

Average accuracies across six timepoints
Table 2 reports average OA and AA across all six time points. The

object-based approaches outperform the pixel-based approaches in

Fig. 4. The overall accuracy (OA) and average accuracy (AA) of tree species recognition using datasets at different timepoints and (a, c) with and (b, d)
without background.
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terms of the overall and the average accuracies.
For pixel-based approaches, background removal noticeably

improved both OA and AA, as shown in Table 2. Specifically, for UNet
and DeepLab V3+, the OAs increase by 12.77 % and 11.13 % on
average, respectively; and the AAs increase by 7.90 % and 6.19 % on
average, respectively. The impact of removing background information
is less significant for object-based approaches, i.e., ResNet and Swin
Transformer, with less than a 1 % increase in both OA and AA for
ResNet, and less than a 3.4 % increase for both metrics for Swin
Transformer. These results highlight the contribution and significance of
the background removal facilitated by the ITC delineation, and the ad-
vantageous of object-based approaches.

3.1.2. Species-specific performance
The performances of the tree-species recognition are reported in this

section across individual species with respect to the method and
timepoint.

Specie-specific trends in accuracy variations across timepoints
Fig. 5 illustrates the recall values of the species recognition across

different methods and timepoints. Results of each species are illustrated
in a single cell. In each cell, the results of two input data scenarios are
illustrated, i.e., with and without background information in the upper
and lower subfigure, respectively.

A strong correlation was observed between sample size and recall
value, regardless of species or DL models, i.e., larger sample sizes lead to
higher recall values. For object-based approaches, a larger tree-wise
sample size, indicated by the first number next to the species name,
generally corresponds to higher recall values. Similarly, for pixel-based
approaches, high recall values generally correspond to large pixel-scale
sample sizes of the species, indicated by the second number next to the
species name in the subtitle.

Overall, when a species accounts for more than 10 % of the total
sample size across all species, either at the object- or pixel-scale, its
recall values typically reach around 80% from the corresponding object-
or pixel-based methods, as shown by the results from the Abies balsamea
(13 % recall at the object-scale) using ResNet and Swin Transformer and
Populus spp. (14.1 % recall at the pixel scale) using UNet. When a species
represents around 5 % of the total sample size, its recall value can
generally be expected to be around 60 % across all DL models. However,
for species with less than 2 % of the total sample size, recall values tend
to be more variable and can be randomly high or low due to unpre-
dictable reasons, e.g., Fig. 5. (h), (n).

The recall value of a given species is strongly correlated with its
sample size during the training process, namely, larger sample sizes
result in higher recall values. For example, coniferous species, such as
Abies balsamea, has narrow tight crowns, where a relatively large object-
scale sample size (i.e., 13.0 %) only takes a relatively small pixel-scale
sample size (i.e., 4.8 %). Consequently, the object-based methods
outperform the pixel-based methods, e.g., for recognizing Abies balsa-
mea. On the contrary, deciduous species has wide open crowns, such as
Populus spp., where a small object-scale sample size (i.e., 5.0 %) corre-
sponds to a large pixel-scale sample size (i.e., 14.1 %). Consequently, the
pixel-base methods outperform the object-based methods, e.g., for
recognizing Populus spp. Thus, the varying performance of species

recognition across different methodologies is largely attributed to the
sample size available for each approach. Therefore, it is crucial to
consider the crown geometries of the target species and their potential
impact on pixel- and object-scale sample sizes when preparing training
datasets for the respective processing approaches.

Pixel-based approaches exhibited greater sensitivity to background
information and showed higher responsiveness to input data from
different timepoints. This is because pixel-based approaches rely solely
on the spectral information of individual pixels, without considering the
spatial context among neighboring pixels within a single crown, such as
structure, texture, and internal spectral variations. Meanwhile, back-
ground elements often exhibit a wide range of spectral randomness that
can easily mislead the recognition task. Therefore, removing back-
ground information has a greater impact on pixel-based approaches than
on object-based methods, as it more effectively minimizes disturbances
from non-species-related elements in pixel-based processing. Similarly,
since the spectral response of each pixel to changing data-collection
timepoints can be influenced by various factors beyond phenology,
such as lighting conditions and shadows, pixel-based classification
methods that rely solely on the spectral characteristics of individual
pixels without considering spatial context at the crown level are more
susceptible to randomness, especially for deciduous trees, e.g., Fig. 5 (b),
(d), and (g), where the recall values can be markedly high at some
timepoints and markedly low at other time points.

Confusion between species
Overall, confusion between deciduous and conifer trees is insignifi-

cant across all processing approaches and timepoints, demonstrating
that the DL models effectively learn key features to distinguish between
these two groups. However, at the species or genera level, the misclas-
sification patterns varied depending on the processing approach applied.

Fig. 6 illustrates the confusion matrix, to study the factors contrib-
uting to misclassifications among species. The results were from two
representative approaches, i.e., ResNet and UNet for the objective- and
pixel-based methods, respectively, and from the observations on Sep. 2
that gave the best results across all timepoints.

In general, the confusions are largely concentrated among species
within the same genera, such as Acer genus (ACPE, ACRU, and ACSA)
and Betula genus (BEAL and BEPA). According to the confusion matrixes
in Fig. 6, the overall recall values for recognizing ACPE, ACRU, and
ACSA as Acer genus are quite high, for example, being 94.15%, 86.02%,
and 91.46 %, respectively, using ResNet with background, and 93.03 %,
87.75 %, and 89.57 %, respectively, using UNet with background. If the
recall values are calculated at the genera-levels, the overall AA value for
11 genera-level classes (10 genera + dead tree) is 74.50 % and 64.40 %
using ResNet and UNet with background, respectively, which are
approximate 10 % higher than those for 14 classes where species-level
classes are considered, i.e., 65.97 %.

The background information, i.e., including or excluding in the input
data, did not significantly change the misclassification patterns, for the
object-based approaches. Within deciduous or coniferous species
groups, the misclassification tends to assign species with smaller sample
sizes to those with larger sample sizes. When sample size is significantly
small, the confusion between conifer and deciduous is possible. For
instance, Tsuga canadensis (TSCA) that has the lowest recall value due to
significant small sample size is confused with both coniferous species
like Thuja occidentalis (THOC) and deciduous species like Populus spp.
(Populus).

On the other hand, the background information significantly affects
the misclassification patterns in pixel-based approaches, as the back-
ground is included as an additional class that can be randomly confused
with other species due to the complex spectral characteristics of the
background. Once the background is excluded, the overall confusion
patterns in the pixel-based approach become similar to those observed in
the object-based approach. The confusion matrices of UNet, as illus-
trated in Fig. 6 (c) and (d), further confirm that pixel-based methods are
more significantly impacted by sample sizes. This is evident from the 0

Table 2
The average values of the overall accuracy (OA) and average accuracy (AA)
across all six timepoints.

Type Model With background
(%)

Without background
(%)

OA AA OA AA

Object-based
ResNet 77.51 61.65 78.24 62.83

Swin Transformer 72.15 55.18 76.02 58.79

Pixel-based
UNet 62.35 49.37 75.12 57.27

DeepLab V3+ 52.28 44.02 63.41 50.21
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Fig. 5. The recall values of each tree species from each DL model across different timepoints, where in each cell the upper and bottom subfigures are the one without
and with background, respectively. The numbers after each specie name in the braces are the relative sample sizes (%) of the species, i.e., the proportion of its own
population in total population of all species, in tree number and pixel, respectively. The results of the object- and pixel-based methods are in blue and orange,
respectively. The intervals on the x-axis represent different timepoints, in order from left to right: May 28, Jul. 21, Aug. 18, Sep. 2, Sep. 28, and Oct. 7. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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% recall values for Larix laricina (LALA) and Tsuga canadensis (TSCA),
which represent only 0.54 % and 0.36 % of the total sample size (at the
pixel scale) across all species, respectively.

3.2. Results based on multiple timepoints observations

The experiments using multi-temporal data revealed the interactions
between the processing methodologies and effectiveness of phenological
characteristics.

3.2.1. Overall performance for all species
The OA and AA for the multi-temporal combinations are presented in

Fig. 7, alongside the results from Sep. 2 that represent the most favorable
timepoint among all single timepoints and serves as a benchmark for the
comparison between single- and multiple-timepoints.

As shown in Fig. 7, data at multiple timepoints outperformed that at
a single timepoint, regardless of processing approaches, suggesting the
advantage of extra timepoints. However, a more crucial finding is that
the benefits of multi-temporal observations can only be realized when
appropriate methodologies are applied. For object-based approaches
ResNet and Swin Transformer, the performance improved consistently
with the increasing number of timepoints. As indicated by the rising AA
values, this improvement applied to almost all species, regardless of the
sample sizes. Moreover, the advantage of adding more timepoints

Fig. 6. The confusion matrix of tree species recognition from observations on Sep. 2 for the ResNet and UNet that represents the object- and pixel-based approach,
respectively.
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becomes more pronounced in the scenarios when the prior background
information was included. For both object-based approaches, the per-
formances between the scenarios with and without background became
comparable when all six timepoints were utilized.

On the contrary, for pixel-based approaches UNet and DeepLab V3+,
the performance improvement did not persist once more than two
timepoints were included. Both OA and AA values for UNet peakedwhen
using two timepoints, regardless of the scenarios with and without
background information. For DeepLab V3+, the best performance was
achieved with two timepoints excluding background, whereas three
timepoints performed the best including background. The overall per-
formance of pixel-based approaches decreased markedly when all six
timepoints were used, e.g., to the level where single timepoint was used,
particularly when including background information.

3.2.2. Species-specific performance
The recall values for each species, obtained from each processing

approach using different combinations of timepoints, are illustrated in
Fig. 8.

As mentioned before, for pixel-based approaches, the most favored
time combination was two timepoints with one from late spring (May

28) and another one from early autumn (Sep 2). For those species that
have small sample sizes in pixels, e.g., BEAL (2.74 %), FAGR (1.36 %),
Picea (2.02 %), and TSCA (0.36 %), the recall values were most often the
highest when combining data from two timepoints and then decline by
adding more timepoints. This suggests that the significance of species-
specific phenological characteristics becomes marginal after adding
more than two timepoints, when local neighborhood context at the
crown scale is absent.

On the other hand, for object-based approaches, the phenological
characteristics of different species become more pronounced as the
observation frequency increases. As illustrated in Fig. 8, the outcomes of
ResNet and Swin Transformer suggest that adding timepoints can
effectively mitigate the challenges posed by small sample sizes. This was
evidenced by the consistent improvements in recall values for species
with small object-scale sample sizes, such as BEAL (1.27 %), FAGR (0.99
%), PIST (2.55 %), and THOC (0.27 %). Additionally, the influence of
background information was reduced when more timepoints are
incorporated.

It is worth mentioning that adding more timepoints did not signifi-
cantly alter the confusion patterns, regardless the applied processing
approaches.

Fig. 7. The overall accuracy (OA) and average accuracy (AA) of tree species recognition using datasets from multiple points of time and (a, c) with and (b, d)
without background.
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3.3. Results based on input data scenarios

Table 3 reports the average of all accuracy values across nine time-
points, i.e., six single timepoints, and the combination of two, three, and
six timepoints, which can be interpreted as the generally expectable
accuracies under different input data scenarios.

Without existing prior knowledge, species recognition from images

using pixel-based approaches produce on average approximate 60 % OA
and 50 % AA, respectively. These values represent the lower perfor-
mance limits of image-based species recognition, where species diversity
is relatively high, e.g., over 10 species. Prior background information, i.
e., significantly enhances the accuracy of pixel-based approaches,
raising the OA and AA values to close to 80 % and 60 % at the best, e.g.,
using UNet, when the background removal was implemented. The

Fig. 8. The recall of tree species recognition using multi-timepoint data. The one point of time represents the highest overall accuracy using one-timepoint data. The
two points of time are from Sep. 2 and May 28. The three points of time are from Sep. 2, May 28, and Aug. 18. The six points of time represent the combinate of
all data.
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performances became comparable to those of object-based approaches
that require ITC delineation as a prerequisite, by reducing the accuracy
gaps to around 5 %.

4. Discussion

This paper investigates the key factors that must be evaluated and
balanced to achieve reliable species recognition outcomes within the
constraints of available resources. These factors include three major
aspects: the role of processing methodologies, the effectiveness of data,
and the impact of phenological dynamics. For methodology, critical
considerations include the feasibility of preprocessing approaches, such
as ITC delineation or background removal, the achievable accuracy
under various dataset conditions, and the availability of computational
resources. Regarding data, maintaining consistency between the pre-
pared data and the selected methodology is essential. This involves
addressing variations in pixel- and object-level sample sizes influenced
by the crown shapes of target species, determining the optimal timing
for data collection, and assessing the benefit-cost ratio of acquiring
multi-temporal data. Additionally, phenological dynamics significantly
influence the effectiveness of the collected data. The success of inte-
grating phenological variations over multiple time points depends on
the chosen methodology and data. Properly considering these factors
enhances the accuracy and reliability of species recognition while
ensuring efficient resource utilization.

4.1. Considerations for methodology selection

This section discusses key considerations for selecting appropriate
methods for tree-species recognition using images, emphasizing data
requirements and feasible preprocessing approaches.

4.1.1. Characteristics of methodologies
As suggested by various benchmarking studies (Kaartinen et al.,

2012; Vauhkonen et al., 2012; Wang et al., 2016; Liang et al., 2018;
Wang et al., 2024), a clear understanding of the methodologies, spe-
cifically, when, where, and why certain algorithms outperform others in
particular applications, is essential for setting realistic expectations
about the final performance based on the available dataset and for
developing effective strategies to improve the algorithms. Therefore, it is
crucial to identify the key factors influencing the performance of the
methods.

Object- vs. pixel- based approaches
Overall, object-based approaches outperform pixel-based methods,

achieving higher recall values for over 70 % of tree species in most ex-
periments. The advantage of the object-based method lies in that the
model learns features from tree-scale instances (crowns) and therefore
can leverage both the spectral and structural context (colors and tex-
tures) of pixels within each crown, which effectively mitigating random
pixel-scale spectral variations due to factors like shading or lighting
effects. In addition, the convenience of generating individual-tree-level
species distribution products makes object-based approaches appealing
in many practical applications. However, this advantage largely relies

on prior knowledge of individual crown boundaries, which is typically
facilitated by ITC delineation.

When multi-temporal data were used as a consequent event flow, the
object- and pixel-based approaches gave clearly different results, as
illustrated in Fig. 7. The divergent reactions between object- and pixel-
based approaches towards increased timepoints suggest that species-
specific phenological dynamics become more recognizable in multi-
temporal image series when spatial context is provided by the bound-
aries of individual crowns. In contrast, when crown-level spatial context
is missing, e.g., without crown delineation and without background
removal, the pixel-scale phenological dynamics in the time series can be
overshadowed by random pixel-scale variations caused by changing
lighting conditions and shadow effects at different timepoints. In fact,
adding more timepoints might even hinder the analysis due to a reduced
signal-to-noise ratio among these spectral variations overtime. In other
words, the contribution of the phenological characteristics is method-
ology dependent.

Moreover, for species that exhibit distinctive textural patterns on
images due to their crown structures, object-based approaches signifi-
cantly alleviate the challenges of small sample sizes. For instance, LALA,
with an only 0.84 % sample size at the object level, achieved over 70 %
recall with a single timepoint (averaged across all six timepoints) from
both object-based approaches. Meanwhile, for the pixel-based method,
LALA has a very small pixel-scale sample size at 0.54 %. The UNet
yielded 0% recall for LALA in five out of the six timepoints, and DeepLab
V3+ achieved less than 50% recall on average across all timepoints. The
confusion matrices from data on Sep. 2 (the best timing among all six
timepoints) in Fig. 6 indicates that, without background interference,
LALA is frequently misclassified with other coniferous species like Picea
spp. and PIST when using object-based approach such as ResNet.
Conversely, LALA is mostly confused with the deciduous species ACRU
when using pixel-based approach such as UNet. Fig. 9 illustrates the
examples of these species, and suggests that the reason for such varied
confusion pattern is that the texture plays a more influential role in
object-based methods, whereas color has greater impacts in pixel-based
methods.

Nevertheless, the value of pixel-based approaches should not be
undermined, as direct ITC delineation from aerial images remains a
highly challenging task. The latest ISPRS international contest on ITC
detection and delineation using high-resolution images demonstrated
that state-of-the-art approaches achieve accuracies ranging from 25% to
55 %, depending on forest types and stand conditions (ISPRS ITC Seg-
mentation Contest [WWW Document], 2024). In other words, without
reliable 3D data (e.g., from LiDAR systems or photogrammetry point
clouds) to support ITC delineation, directly delineating ITCs from im-
ages remains a challenge, significantly restricting the use of object-based
approaches for species recognition. From a practical point view, if the
targeted area is rather large, and the primary goal of species recognition
is to broadly assess species composition across the area, a pixel-based
approach may be the preferred solution because it skips the require-
ment for the ITC segmentation and thus is much easier to implement.

Characteristics of the deep learning models
Considering the model efficiency, the object-based models are

Table 3
The average accuracy (AA) overall accuracy (OA) across all timepoint combinations.

Image

\ + BR1 + ITC2 + BR + ITC

OA (%) AA (%) OA (%) AA (%) OA (%) AA (%) OA (%) AA (%)

UNet 64.62 52.35 77.43 60.42 – – – –
DeepLab V3+ 56.07 49.67 68.16 56.78 – – – –

ResNet – – – – 80.16 65.87 80.75 66.78
Swin-Transformer – – – – 75.77 60.40 78.94 63.78

1 BR: background removal.
2 ITC: individual tree crown.
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clearly compact in size and less costly for computation, as shown in
Table 4. Among the object-based approaches, the Swin Transformer
presented similar overall performance as ResNet, suggesting that the
contribution of the attention mechanism in the Transformer model is
insignificant in the object-based species recognition. This may stem from
the uniformity in texture and spectral features presented within the tree
crowns, which can hinder the model from effectively attribute learning.
Among the two object-based methods, ResNet can be preferable for its
simplicity and reliability.

For pixel-based approaches, DeepLab V3+ demonstrated great
robustness across different species, e.g., sample sizes, as well as time-
points and their combinations (Fig. 8), although it did not achieve the
highest OA or AA values in most experiments. The multi-scale feature
extraction mechanism allows the model to concentrate on robust fea-
tures across various scales, making it resilient to noise, but insensitive to
subtle features that distinguish different species. Conversely, UNet is
more susceptible to randomness, e.g., in shading and lighting dynamics.
It may provide accurate results with appropriately allocated sample
sizes and well-timed data collection, but can also provide unsatisfactory
outcome when dataset is not ideal. Therefore, a multi-scale learning
approach like what is in DeepLab V3+ could be tested first when the
quality of the dataset is uncertain.

4.1.2. Background removal and individual tree crown delineation
According to the experimental results, preprocessing steps that pro-

vide prior knowledge, such as background exclusion and crown
boundary delineation, are critical for enhancing the performance of tree-
level species recognition. Furthermore, the connection between prior
knowledge and the chosen methodology helps identify optimal solutions
for the task.

It is important to note that background removal and ITC delineation
represent two distinct types of prior knowledge. While ITC delineation

often produces background removal as a byproduct, the removal of
background does not necessarily depend on ITC delineation. Compared
to ITC delineation, background removal is relatively less demanding, e.
g., fusing spectral and 3D spatial data (Balestra et al., 2024). Typical
background elements, such as open forest floors visible through canopy
gaps, can be effectively identified using auxiliary datasets like low-
density airborne LiDAR (a.k.a., airborne laser scanning - ALS) data or
georeferenced photogrammetry point cloud data (Silva et al., 2019;
Yilmaz and Gungor, 2018). Therefore, for pixel-based approaches,
background removal can serve as a practical solution for improving
species recognition accuracy without the need for more complex ITC
delineation processes. Moreover, it is also important to highlight that
forest structures, including canopy closure, vertical canopy stratifica-
tion, and the type of subordinate vegetation, can significantly impact the
complexity and effectiveness of background removal.

Another point worth noting is that the original outcomes of pixel-
based approach only indicate the proportions of species occupancy at
the area level and cannot be directly applied to applications at the in-
dividual tree level. Moreover, the initial outcomes of pixel-based ap-
proaches can be noisy due to the nature of the methods that takes pixels
as the individual instances. As a result, denoising procedures are
generally required when a species distribution map is the final product
of the recognition process. Such denoising approaches affect the initial
species recognition accuracy, either positively or negatively. Under the
condition that the crown boundaries are not known, the denoising can
create an “over-smoothing” effect, which may diminish the representa-
tion of species with smaller populations or crown sizes in the final map.
This may obscure important biodiversity details by losing local species
variations. Additionally, in cases where a small number of correctly
identified pixels are surrounded by misclassified pixels, the correct
pixels can be overridden by incorrect classifications, thereby reducing
the accuracy of the original outcomes.

Therefore, if reliable ITC delineation is feasible, object-based ap-
proaches remain as the most optimal choice for image-based individual-
tree-level species recognition, because the tree-level studies facilitate
high-quality species mapping and more in-depth species-related ana-
lyses. When the aerial images are acquired with sufficient overlaps that
facilitate the generation of a point cloud, the ITC delineation, and
consequently, object-based species recognition would become practical
because both 2D crown height model (CHM) and 3D point cloud-based
approaches for individual tree delineation have been well studied and
are much more reliable (Wang et al., 2016).

4.2. Considerations for data configuration

In high-resolution image-based tree species recognition, data prep-
aration primarily involves image acquisition and data annotation. Both
conventional statistical learning methods, such as Random Forest (RF)
and Support Vector Machines (SVM), and DL approaches require an-
notated reference data for training, making data annotation essential for
utilizing DL approaches. Recent advancements in DL have introduced
various options to reduce the required sample sizes for reference data
(Safonova et al., 2023), making data annotation increasingly manage-
able and less being a barrier.

4.2.1. Sample size balancing
The sample size balancing directly impacts the results. Thus, it is

crucial to provide a relatively balanced population of samples across the
targeted species for the species recognition using DLmethods. According
to the experiment results, a relative sample size at 5 % is generally
required to achieve approximately 60 % recall for the species recogni-
tion. When the relative sample size reaches 10 %, the recall typically
improves to around 80 %. For species that accounts for less than 2 % of
all targeted species, their recall values become unpredictable because
their presence in the dataset resembles that of background or noise,
making them prone to randomness in the used dataset that can lead to

Fig. 9. Example images of LALA, Picea spp., PIST, ACRU on Sep.2.

Table 4
The model size and computational complexity.

Type Model Parameters (Million) FLOPs * (Giga)

Object-based ResNet 11.19 2.38
Swin Transformer 27.51 6.66

Pixel-based UNet 31.04 54.80
DeepLab V3+ 54.61 20.77

* Floating Point Operations Per Second (FLOPs).
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markedly low or high recall values. Above all, all DL models tend to
allocate species with smaller samples sizes to those with larger sample
sizes, thus, the gaps among the proportional sample sizes should be
minimized to achieve unbiased results.

The unevenly distributed sample sizes across different species classes
also introduce divergence between accuracy evaluator OA and AA. As
shown in section 3.1.1, the recognition accuracy (recall) of a species
with a markedly larger sample size has a greater impact on OA than on
AA. For instance, as illustrated in Fig. 4 (b), when the background is
excluded, the OA values of the UNet approach were similar to that of the
two object-based approaches ResNet and Swin Transformer; however,
the advantages of the object-based approaches become more apparent
when AA values were considered. This is because pixel-based UNet is
more sensitive to sample size and presents marked higher recall values
for species with larger sample sizes (Fig. 5), which leads to higher OA. In
other words, AA is a relatively more robust evaluation metric if all tree
species are considered equally important, regardless of their sample
sizes.

The impacts of the sample size are method- and crown-geometry-
dependent. Therefore, it is important to assess sample sizes in align-
ment with the processing approach, along with a fundamental under-
standing of the crown geometries of the target species in the study area.
The specific crown geometry of a species can lead to significantly
different proportional sample sizes at the object- and pixel-scales, as
demonstrated by Populus spp. and Abies balsamea in this study. These
differences contributed to variations in recognition accuracy between
object- and pixel-based approaches. Thus, a thorough understanding of
the crown geometries of the target species can effectively aid in
balancing sample sizes for the chosen processing approach.

4.2.2. Optimal timing for single data collection
This study compared datasets from six timepoints, i.e., from May 28,

Jul. 21, Aug.18, Sep. 2, and Sep. 28, and Oct. 7 for species recognition in
a temperate forest. The experiment results suggested that when only one
timepoint was used, Sep. 2 yielded the highest OA and AA across all four
DLmodels when background information was excluded. This timing also
resulted in the highest accuracy for the two pixel-based DL models when
background information was included. The second most effective timing
was May 28, where the object-based approaches achieved their highest
accuracies when background was included. Additionally, for experi-
ments where Sep. 2 performed best, May 28 consistently delivered the
second-highest accuracy values. For the object-based approaches, the
accuracy results on Sep. 2 and May 28 were nearly equivalent, with the
difference in OA and AA being less than 1.2 %. For the pixel-based ap-
proaches, the difference between these dates was more pronounced,
ranging from 2.5 % to 4.9 %, suggesting that pixel-based approaches
that rely on spectral characteristics of pixels is more sensitive to the
timing of data collection.

Nevertheless, all four DL models agreed on the preferred timepoints,
i.e., either Sep. 2 or May 28, which highlighted a strong and consistent
influence of autumn and spring phenology on species recognition. This
also aligns with other previous studies that showed the optimal timing
for data collection in species classification within boreal and temperate
forests is typically mid-to-late spring, e.g., using UAV RGB images in
(Grybas and Congalton, 2021), or late autumn, e.g., using laser reflec-
tance in (Shcherbacheva et al., 2024).

The fact that even pixel-based approaches are in favor of early
autumn and late spring suggested that the variance of the phenological
processes among different species is at the peak at the secondary
morphogenesis period in spring (Bar and Ori, 2014) and at the early
foliar senescence period in autumn (Dox et al., 2020), making the
spectral features of the crowns at these two stages more distinctive
among different species.

This study also agrees with what reported in (Cloutier et al., 2024)
that the species recognition accuracy was highest at the onset of
senescence (i.e., Sep. 2) and lowest for the peak autumn (i.e., Sep. 28).

Such result emphasizes that image data should be collected during pe-
riods when species exhibit distinct phenological stages, e.g., morpho-
genesis period in spring and early senescence period in autumn, rather
than when they all converge to a similar state, e.g., matured or peaked.

It is also worth highlighting that the results of this study indicate a
narrow time window for effective image collection. Considering that, for
all processing approaches, the best and worst outcomes were observed at
two closely spaced timepoints, i.e., Sep. 2 and Sep. 28, reflecting the
rapid pace of phenological changes, it is advisable to conduct data
collection within a two-week window during critical spring and autumn
phenological periods for the targeted forest.

4.2.3. Considerations for multi-temporal data approach
Adding extra timepoints clearly improves the reliability of species

recognition, specifically, by tackling the challenges posed by the
significantly uneven distribution of sample sizes across species, as seen
in the experiments in this study. However, the effectiveness of using
more than two timepoints depends significantly on the chosen pro-
cessing approach.

According to the outcomes of this study, when using pixel-based
approaches, i.e., without knowing crown boundaries, using two time-
points from late spring and early autumn, offers the best return in
improved accuracy relative to the additional efforts for extra data col-
lections. Compared to DeepLab V3+, UNet shows greater responsiveness
to the benefits of adding an extra timepoint, which leveraged AA to
59.52 % and OA to 71.46 % with background, and AA to 69.09 % and
OA to 83.88 % without background. Given the highly uneven distribu-
tion of sample sizes across species in the dataset, the results, i.e., 69.09%
AA and 83.88 % OA in recognizing 14 species from a temperate forest
without the aid of ITC delineation, demonstrate a strong performance of
the bi-temporal data for species recognition. Meanwhile, it is important
to note that for pixel-based approaches, adding additional timepoints
beyond bi-temporal data may risk reducing accuracy due to the limita-
tions in pixel-scale analysis.

When ITC delineation is feasible, enabling the use of object-based
approaches, adding observations from additional timepoints steadily
improves species recognition accuracy, suggesting that subtle pheno-
logical variations among different species enhance species recognition,
particularly using crown-scale analysis. Background removal is often a
byproduct of ITC delineation; thus, for object-based approaches, it is
more meaningful to look at the scenarios where backgrounds are
removed. Using six timepoints and excluding the background, ResNet
and Swin Transformer models showed accuracy improvements of 8.5 %
and 11.0 % in AA, and 5.3 % and 7.8 % in OA, respectively, compared to
the highest accuracy achieved with a single timepoint, which yielded AA
and OA values of 75.8 % and 86.5 % for ResNet, and 74.1 % and 85.7 %
for Swin Transformer, respectively.

Despite the general trend of accuracy gains with additional time-
points, the largest improvement for both object-based approaches
occurred when a second timepoint was added. When background was
excluded, adding a second timepoint increased AA by 6.1 % for ResNet
and 11.7 % for Swin Transformer, and OA by 3.7 % and 6.6 %,
respectively. This accounts for more than 70 % of the total accuracy
improvement observed from using one to six timepoints. The marginal
effectiveness of additional timepoints beyond bi-temporal data high-
lights the complexity of species recognition tasks, where further accu-
racy gains become difficult once AA surpasses 70 % and OA exceeds 80
%, especially under the complex scenarios such as in this study where
differentiation among 14 species classes is required.

In (Grybas and Congalton, 2021) where species recognition was
studied using RF approaches and multi-temporal UAV images, it was
also reported that, although combining five timepoints yielded the
highest OA, the improvement became marginal once three timepoints
were utilized. Meanwhile, in (Shcherbacheva et al., 2024), it was sug-
gested that it is possible to reach close to 100 % species recognition
accuracy using LiDAR reflectance when observations were densified to
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twice a week throughout a year, thus, the exact spectral patterns of
species-specific phenology can be recorded. However, without proper
infrastructural setup such as the permanent observation station for
multifold research tasks employed in (Shcherbacheva et al., 2024), it is
unrealistic to exhaustively collecting high-resolution image data at such
high frequencies only for species recognition. If solely for species
recognition, a more practical solution would be to collect bi-temporal
image data with proper timing, e.g., one from late spring and one
from early autumn, which could safeguard a generally plausible accu-
racy with properly selected method, e.g., transformer DL architectures
for pixel-based approaches, or classic image segmentation architectures
for object-based approaches.

4.3. Applicability of the findings

This study reveals the preferable processing designs of using multi-
temporal data for tree species recognition to maximize the effective-
ness of the phenological characteristics captured in data, through the
comparison of different combinations of DL models and timepoint
observations.

From a practical standpoint, UAV systems have become a cost-
effective data source for tree-scale studies. However, the limited
coverage of UAV systems presents a significant constraint, making them
insufficient for characterizing large forest areas. Nonetheless, as long as
high-resolution images are used for species recognition, the core re-
lationships between methodology and data preparation identified in this
study are applicable regardless of the specific study site or data source.
Recent advancements in high-resolution satellite imaging, such as 0.3-m
spatial resolution and beyond, offer an alternative source for high-
resolution images with much broader data coverage. Therefore, the
findings of this study can serve as a valuable reference for tree-scale
species studies over large areas using high-resolution satellite imagery.

Conversely, the relationship between phenology and optimal timing
for data collection identified in this study is more specific to temperate
forests. The exact optimal period or time window, as well as the ideal
number of timepoints, is dependent on forest type and site conditions,
and can even vary from year to year due to the changing climate.
However, the core methodological principles for effectively utilizing
multiple timepoints to enhance species recognition performance remain
consistent.

5. Conclusion

This study discussed how datasets and methodologies should be
efficiently combined to effectively incorporate species-specific pheno-
logical variations in optimizing species recognition. The study utilized
an open dataset consisting of high-resolution UAV RGB images collected
across six different timepoints in a growth season, encompassing 22,139
annotated individual tree crowns representing 14 classes (including 11
specie-level, two genus-level, and one dead tree classes) in a typical
temperate mixed forest in Quebec, Canada. Four state-of-the-art deep
learning (DL) architectures, including two pixel- and two object-based
approaches, were employed to study the species recognition perfor-
mances using data from different times and different combination of
timepoints and with different preprocessing approaches such as back-
ground removal through individual tree crown (ITC) delineation. Alto-
gether, 72 experiments were implemented.

The experimental results also indicate that a balanced distribution of
sample sizes across target species is crucial for achieving satisfactory
species recognition performance regardless the methods. This requires
accounting for the effects of crown geometry on sample sizes at pixel-
and object-scales, which correspond to pixel-based and object-based DL
approaches, respectively.

Although object-based approaches outperform pixel-based methods
by achieving higher recall values for over 70 % of tree species in most
experiments, the value of pixel-based approaches should not be

undermined, because object-based approaches require prior knowledge
of individual crown boundaries, and direct ITC delineation to derive
these boundaries from aerial images remains a highly challenging task.
With the aid from a background removal approach, the accuracy of
pixel-based approaches can be improved to be comparable with object-
based approaches. Such outcomes encourage the species recognition
using high-resolution satellite images (e.g., with meter or sub-meter
spatial resolution) and pixel-based approach for the potential to pro-
vide plausible species mapping outcomes over large areas with the aid
from multi-temporal observations and background (e.g. terrain)
removal supported by global terrain model products.

Overall, incorporating both spring and autumn phenology into bi-
temporal dataset has the most significant benefit for species recogni-
tion by showing the capability of mitigate the challenge of markedly
small sample sizes across all four DL architectures. However, pixel-based
approaches struggle to extract meaningful features from datasets with
more than two timepoints, and their performance declines with the
addition of further timepoints. In contrast, object-based approaches that
are typically enabled by prior ITC delineation can effectively leverage
species-specific phenological features from multiple timepoints, thus,
benefiting from multi-temporal datasets. Nevertheless, the gains from
adding additional timepoints become marginal beyond two timepoints,
unless more frequent observations (e.g., daily, bi-weekly, or weekly) can
be implemented to capture the species-specific phenological processes
during the key development periods.

Specifically, for temperate forests, when single-temporal (one-time-
point) data is used, the experimental results indicate that the optimal
timing for species recognition is early autumn, followed by late spring. It
is also important to note that the effective window for optimal timing
can be narrow, often within a two-week period, due to the rapid
phenological changes during the morphogenesis and senescence phases.
Overall, research on tree-species recognition using multi-temporal ob-
servations is still in its early stages. Further studies are needed to explore
this approach in different forest environments, with other data types, or
across large forest management areas.
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Pyörälä, J., Liang, X., Saarinen, N., Kankare, V., Wang, Y., Holopainen, M., Hyyppä, J.,
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Pyörälä, J., Liang, X., Vastaranta, M., Saarinen, N., Kankare, V., Wang, Y.,
Holopainen, M., Hyyppa, J., 2018b. Quantitative assessment of scots pine (Pinus
Sylvestris L.) whorl structure in a Forest environment using terrestrial laser scanning.
IEEE J. Sel. Top. Appl. Earth Observ. Remote Sens. 11, 3598–3607. https://doi.org/
10.1109/JSTARS.2018.2819598.

Qiu, P., Wang, D., Zou, X., Yang, X., Xie, G., Xu, S., Zhong, Z., 2019. Finer resolution
estimation and mapping of mangrove biomass using UAV LiDAR and WorldView-2
data. Forests 10, 871. https://doi.org/10.3390/f10100871.

Ronneberger, O., Fischer, P., Brox, T., 2015. U-net: Convolutional networks for
biomedical image segmentation. In: Navab, N., Hornegger, J., Wells, W.M.,
Frangi, A.F. (Eds.), Medical Image Computing and Computer-Assisted Intervention.
Pt III. Springer International Publishing Ag, Cham, pp. 234–241. https://doi.org/
10.1007/978-3-319-24574-4_28.

Safonova, A., Ghazaryan, G., Stiller, S., Main-Knorn, M., Nendel, C., Ryo, M., 2023. Ten
deep learning techniques to address small data problems with remote sensing. Int. J.
Appl. Earth Obs. Geoinf. 125, 103569. https://doi.org/10.1016/j.jag.2023.103569.

Shcherbacheva, A., Campos, M.B., Wang, Y., Liang, X., Kukko, A., Hyyppä, J., Junttila, S.,
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