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Abstract

Species composition of forests is a very important component from the point

of view of nature conservation and forestry. We aimed to identify 10 tree spe-

cies in a hilly forest stand using a hyperspectral aerial image with a particular

focus on two invasive species, namely Ailanthus tree and black locust. Deep

learning-based training data augmentation (TDA) and post-classification tech-

niques were tested with Random Forest and Support Vector Machine (SVM)

classifiers. SVM had better performance with 81.6% overall accuracy (OA).

TDA increased the OA to 82.5% and post-classification with segmentation

improved the total accuracy to 86.2%. The class-level performance was more

convincing: the invasive Ailanthus trees were identified with 40% higher pro-

ducer’s and user’s accuracies (PA and UA) to 70% related to the common tech-

nique (using a training dataset and classifying the trees). The PA and UA did

not change in the case of the other invasive species, black locust. Accordingly,

this new method identifies well Ailanthus, a sparsely distributed species in the

area; while it was less efficient with black locust that dominates larger patches

in the stand. The combination of the two ancillary steps of hyperspectral image

classification proved to be reasonable and can support forest management plan-

ning and nature conservation in the future.
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Introduction

Composition and spatial distribution of species is one of

the basic features defining the structure and functioning

of forest stands. Gathering stand-level data, therefore, is

important for implementing sustainable forest manage-

ment practices in order to preserve biodiversity and mul-

tifunctional ecosystem services (Vo et al., 2013).

Knowledge on the species composition is also important

in quantifying timber volume and above ground biomass

(Brahma et al., 2021; Nagy et al., 2020; Vo et al., 2013;

Vorster et al., 2020), in nature conservation and land-

scape protection (Blackman, 2013; Zhang & Xie, 2012),

and in tracking the spread of invasive tree species (Asner

et al., 2008; Wilfong et al., 2009; Baron et al., 2018;

Dyderski & Jagodzi�nski, 2020; Dyderski & Pawlik, 2020;

Dyrmann et al., 2021; Lake et al., 2022; da Silva et al.,

2023).

Among invasive trees, black locust (Robinia pseudoaca-

cia L.) is a species of particular concern. It is native in

North America and is used for afforestation in many

European, African and Asian countries. R. pseudoacacia is

a nitrogen-fixing leguminous tree, well adapted to

extreme conditions such as drought, nutrient-poor soils,

pollution and high light. It can spread quickly as a thorny

pioneer tree in disturbed habitats, including recently cop-

piced stands, forest edges and urbanized landscapes (Han-

over & Mebrahtu, 1991). In addition, it is highly resilient

after establishing a population and has the ability to

propagate vegetatively via runners, resprout after cutting

and preserve seed viability in the soil for years (Cierjacks

et al., 2013). Another dangerous species is Ailanthus tree

[Ailanthus altissima (Mill.) Swingle], considered as inva-

sive in the USA and Europe, especially in the Mediterra-

nean regions, due to its high growth and reproduction

rates, and efficient dispersal (Cronk & Fuller, 1995;

Feret, 1985; Landenberger et al., 2009; Nava, 2014;

Shah, 1997). Similarly to black locust, Ailanthus trees are

highly tolerant to drought and air pollution (Feret, 1985;

Shah, 1997). In addition to their resilience and spreading

potential, both species have been reported to be strongly

allelopathic (Heisey, 1990; Nasir et al., 2005). Thus, by

rapidly colonizing new patches and suppressing under-

storey herbs and tree saplings, these species pose a threat

to forests by decreasing biodiversity and tree recruitment

(Radtke et al., 2013).

Mapping invasive plants or trees can be the first step in

fighting these unwanted species. Ground-based tree spe-

cies mapping is, however, challenging and requires experts

working in the field, Global Navigation Satellite Systems

devices to ensure high accuracy positioning and time. It

is difficult to find every individual in the field, especially

those of the ecologically detrimental Ailanthus trees.

These trees can grow high and their crowns merge into

the canopy, or even emerges above it, thus blocking the

light from the surrounding endemic trees (Feret, 1985;

Nava, 2014; Shah, 1997). Timely identification of the scat-

tered Ailanthus trees in forest stands is, however, crucial

because this species can occupy considerable areas every

year after its first appearance. Due to this tree’s special

characteristics, aerial identification seems to be a promis-

ing solution, and there are examples of mapping from

helicopter with a ‘spotter’ and a ‘sketchmapper’ (Rebbeck

et al., 2015). Aerial imaging with multispectral or hyper-

spectral cameras, or satellite images, on the other hand,

may offer even higher efficiency. Examples of a successful

application of multispectral imaging in species-level map-

ping have already been reported (Ke et al., 2010). In the

present study, however, we focused on hyperspectral

survey.

Hyperspectral sensors can be mounted on different

platforms: uncrewed aerial systems (UASs), aircraft and

satellites. UASs solutions are suitable for smaller areas

(1–50 ha), while in larger areas aircraft or satellite systems

are more appropriate (Borengasser et al., 2007; Pu, 2017;

Zhang et al., 2020). The limitations are also different for

each platform: UASs can be limited by wind and rain,

while aircraft can fly in a wider range of weather condi-

tions, but cloudy circumstances may bias the collected

data. Similarly, satellite data is also limited by clouds

(Borengasser et al., 2007; Casagrande, 2018; Pu, 2017).

Spatial resolution (ground sampling distance, GSD) can

also be an important factor when choosing the most suit-

able platform: UASs’ hyperspectral sensors usually have a

GSD of 0.1–0.5 m depending on the flight height, while

in case of aircraft GSD can be 1–2 m. Currently, only a

few hyperspectral satellite data sources are publicly avail-

able: the PRISMA (Vangi et al., 2021), the EnMap (Guan-

ter et al., 2015; Stuffler et al., 2007) and the DESIS

(Farmonov et al., 2023; M€uller et al., 2016); all three sys-

tems featuring 30 m GSD. For tree species mapping, the

appropriate pixel size is 1 m (e.g., Brovkina et al., 2015;

Burai et al., 2019; Lik�o et al., 2022; Merentitis

et al., 2014), thus favoring UASs- and aircraft-based data

gathering in such applications.

Among the wide palette of image processing algo-

rithms, deep learning (DL) is a rapidly spreading tech-

nique. Due to its effectiveness, it is expected to gain

increasing popularity in the near future, along with

improving technology and computing capacity on the

processing side (Ma et al., 2019). Compared to traditional

machine learning, DL can improve its own predictions

without external help and data processes. DLs have sev-

eral approaches, and beside the original algorithms there

are numerous improvements, too. Convolutional Neural

Network (CNN) is effective in extracting complex and
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essential features from raw or unprocessed images with

examining the images in smaller and smaller windows

(Zhu et al., 2017), which is efficient in case of hyperspec-

tral data. A further strength of CNN is that it is widely

accessible, has been implemented in several software and

is relatively easy to use. However, the large training data-

sets required by DLs (including CNN) can limit their

application when data collection involves extensive

fieldwork.

Extending the training dataset is a commonly used

method to improve the efficiency of classification. There

are several possible approaches to augment the existing

limited data with transformations, such as rotation and

scaling when using ground truth images, or unsupervised

pre-training with ground truth pixels (Hinton

et al., 2006; Zhao & Du, 2016). However, in highly

diverse woodlands, generalizations on choosing one best

method are hard to make due to the species complexity.

Different methods have been developed in order to

improve accuracy, such as using textural information,

spectral indices, ancillary data, visual interpretation,

smoothing or post-classification (e.g., Bhosale et al., 2014;

El-Hattab, 2016; Lik�o et al., 2022; Manandhar et al., 2009;

Thakkar et al., 2017), but there is no standard method-

ology to choose one. The selection or development of the

most effective procedure is highly dependent on multiple

factors i.e., the target object (plant), the initial dataset

and the obtained results before performing the post-

classification procedure. Data augmentation can be per-

formed by local spectral variance analysis that examines

the spectral attributions of the original training dataset

and then expands it within the variance level (Lv

et al., 2020; Shorten & Khoshgoftaar, 2019). Another type

of augmentation is the hierarchical random sampling

(Zhang & Shao, 2021). DL-based methods had also

appeared in the recent years, such as semi-supervised

stacked autoencoders with co-training (Zhou et al., 2019).

Furthermore, in the last 10–15 years, object-based classifi-

cations have proven to be effective too (Aguirre-Guti�errez

et al., 2012). The main advantage of object-based methods

is their applicability in combining multiple images with

even different spatial resolution on segment level in order

to feed additional information (Amini et al., 2018). Gen-

erally, hyperspectral images can ensure appropriate input

data for tree species mapping, but high-resolution satellite

images can perform even better. Thus, image processing

itself is still challenging, and any small developments or

additional steps can help to achieve higher accuracy, i.e.,

to identify invasive or valuable trees. Therefore, we

focused on two possible approaches which can provide us

higher efficiency compared to the traditional image classi-

fication (i.e., training–predicting–testing).

The overall aim of this study was to improve thematic

accuracy for mapping two invasive tree species by using

hyperspectral imagery, namely A. altissima that shows

rather scattered distribution, and R. pseudoacacia that

dominates larger patches. We focused on two different

areas where classification accuracies could be improved:

(i) a DL-based method was used to increase the training

dataset as a pre-classification data treatment, and (ii) a

stepwise region-growing segmentation was applied to fil-

ter single pixels as a post-classification method.

Materials and Methods

Study area

The study area (170 ha) was located near (3–4 km) to

P�ecs city (South Hungary, 46°08006.9000 N,
18°15055.6000 E), in a hilly area with the average height of

~320 m above sea level (Fig. 1). The area is part of the

Mecsek Park Forest, predominantly composed of native

species but, more recently, the spreading invasive trees

pose an increasing threat. The study area consists of vari-

ous woodland types. The vegetation cover of the wider

area is also very diverse, containing both sub-

Mediterranean, Balkanic and sub-Atlantic species, com-

bined with sub-Mediterranean loess grasslands. The cli-

mate is warm and moderately humid on the southern

slopes, and the annual precipitation is ~700 mm. The

dominant soil type is highly acidic Luvisol (Kevey &

Borhidi, 2005). The species distribution and vegetation

dynamics are typical in Central European level; thus, it

can serve as an example for other studies, too. Further-

more, the presence of two invasive trees, black locust and

Figure 1. Location of the study area, near P�ecs city, Hungary.
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Ailanthus, was important, too, as focal species of our

investigations.

Hyperspectral data

The hyperspectral imaging survey was conducted on 29

June, 2016 with an Asia KESTREL 10 sensor (Aeroscout,

Horw, Switzerland) placed on a piloted aircraft, with a

spectral range of 375–2500 nm in 420 spectral bands and

with a GSD of 1 m. Geometric and radiometric correc-

tions had been performed with CaliGeoPRO software

(SPECIM, Spectral Imaging, Ltd., West Allis, WI, USA).

The noisy bands with high noise-to-signal ratio were

removed based on visual inspection. The survey covered a

smaller area; thus, an empirical line model was applied to

provide atmospheric correction, which is an effective

alternative to radiative transfer modeling approaches

(Karpouzli & Malthus, 2003). Artificial objects were

masked via manual delineation as well as areas with <3 m

above ground height as computed from LiDAR data.

Reference dataset

Ten tree species were selected based on field observations

and visual analysis of the aerial image (Table 1), with a

special focus on R. pseudoacacia and A. altissima.

The selected species were dominant in the canopy of

the ground observation spots, except A. altissima, that

had rather scattered spatial distribution. A total of 4811

pixels were recorded as reference data with polygons cov-

ering the canopy of the identified individuals. Next, by

using the polygons, we randomly split the data into train-

ing and testing datasets in 60:40 ratio. We applied the

Jeffries–Matusita distance to investigate the statistical sep-

arability of spectra of classes (Wang et al., 2019).

Image processing

The image processing workflow included four main steps:

feature extraction, training data augmentation (TDA),

classification with machine learning algorithms and post-

classification, respectively (Fig. 2).

Feature extraction

Hyperspectral data is useful due to its almost continuous

spectral profile, but the large number of bands also means

redundant spectral information because of the strong cor-

relation of consecutive bands (Zhang & Xie, 2012).

Besides, the large number of bands assumes large set of

training pixels in the classification phase, which decreases

classification accuracy. One possible solution is the

dimension reduction, which aggregates the information

into fewer artificial components preserving the maximal

explained variance. We chose the minimum noise fraction

(MNF) transformation (Fig. 2), which is based on two

consecutive principal component analyses (PCAs): first

PCA rotation aims to remove the noise bands, and the

second PCA rotation is performed on the image when the

first step rescaled by the noise standard deviation. The

output is also similar to the PCA, the largest explained

variances belong to the first 5–10 principal components

(PCs) and then the contribution of the PCs’ is decreasing.

MNF was applied successfully as input data in several

previous studies (Burai et al., 2019; Hamada et al., 2007;

Lik�o et al., 2022; Zhang & Xie, 2012).

Training data augmentation

As the first step, a pre-classification was performed with

the CNN aiming to enlarge the training dataset to help

classification efficacy. Since the input requirements for

CNN would have exceeded the available training dataset,

we did not involve this method directly to the workflow.

Instead, we augmented the original dataset by applying

another option of CNN, that is, by determining probabil-

ity layers (class activation raster) for each class bound to

the classification result. This way, we identified pixels that

may be added to the training datasets. The 10 tree species

resulted in 10 activation raster layers, and we filtered the

highest probabilities (from 99 to 90% by 1% steps) in

Table 1. Scientific name, common name, abbreviation, numbers of

training and testing pixels of 10 tree species assessed in the study

area (P�ecs, Hungary, 2016).

Scientific name

Common

name Abbreviation

Training

pixels

Testing

pixels

Robinia

pseudoacacia L.

Black locust BL 1197 600

Fagus sylvatica L. Common

beech

CB 153 67

Ailanthus altissima

(Mill.) Swingle

Ailanthus A 717 38

Cerasus avium (L.)

Moench

Sweet

cherry

SC 245 65

Tilia tomentosa

Moench

Silver

linden

SL 150 66

Carpinus

betulus L.

European

hornbeam

EH 83 44

Acer

pseudoplatanus L.

Sycamore

maple

SM 94 27

Quercus robur L. English oak EO 270 76

Quercus petraea

(Matt.) Liebl.

Sessile oak SO 381 134

Picea abies (L.) H.

Karst.

Norway

spruce

NS 67 27
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each and then added these pixels to the training data.

Such DL-based TDA, based on a CNN was implemented

in the TensorFlow model of the ENVI 5.5 (Abadi

et al., 2016; Lampe et al., 2021).

Classification algorithms

Principle components of the MNF (MCs) were the pre-

dictor variables, and two classification algorithms were

applied in the analysis, the Support Vector Machine

(SVM) and the Random Forest (RF), respectively (Fig. 2).

Both methods are robust, have no assumptions on the

training data, can operate with fewer training data and

usually outperforms other methods.

The SVM uses a multidimensional hyperplane to classify

the pixels of an image into predefined classes (Cortes &

Vapnik, 1995; Murty & Raghava, 2016). Since hyperplane

is linear, the non-linear boundaries may cause difficulties

in the classification. Therefore, the SVM model uses the

‘kernel-trick’ to overcome this issue (Melgani & Bruz-

zone, 2004; Murty & Raghava, 2016), and accordingly, we

used the radial basis function (RBF). Hyperparameters, the

gamma for RBF kernel and the C (penalty parameter) were

determined by grid search with 0.05–0.5 gamma (based on

the inverse of the number of involved bands), and C was

tested on a logarithmic scale from 0.001 to 1000 (0.001,

0.01. 0.1, 1, 10, 100 and 1000).

RF is a non-parametric classification algorithm built on

binary decision trees; each tree is built on a random part

of the data derived from the reference dataset with boot-

strapping. 36.7% of the training data is kept for validation

to quantify the out-of-bag error and overall accuracy (OA)

(Belgiu & Dragut, 2016; Breiman, 1984, 2001; Richter

et al., 2016; Szab�o et al., 2021). The number of decision

trees and the node size can vary, we applied 100 decision

trees, and the node size was set to the square root of the

number of variables (according to Hastie et al., 2009).

Each classification had been run with the 5–15 compo-

nents of MCs in order to test and find the thematically

most accurate results of tree species map. The classifica-

tions were conducted in Exelis Envi 5.5 (Lampe

et al.,2021) and QGIS 3.6 with EnMAP-Box 3 extension

(EnMAP-Box Developers, 2019).

Post-classification segmentation

Object-based image analysis (OBIA) became a successful

alternative to pixel-based solutions for vegetation

Figure 2. Workflow of image processing including feature extraction, deep learning class activation, classification with machine learning

algorithms and post-classification, respectively. MNF, minimum noise fraction; OA, Overall Accuracy; RF, Random Forest; ROIs, training pixels by

regions of interest; SVM, Support Vector Machine (orange boxes: input data, pink boxes: processing, green boxes: classification, blue boxes: post-

classification).

ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 5

S. B. Lik�o et al. Data Treatment for Mapping Invasive Species

 20563485, 0, D
ow

nloaded from
 https://zslpublications.onlinelibrary.w

iley.com
/doi/10.1002/rse2.365 by U

niversity O
f D

ebrecen, W
iley O

nline L
ibrary on [10/08/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



mapping (Zhao et al., 2020). Segmentation divides the

images into small and homogenous regions according to

the given criteria and frame in one or more dimensions

of features (Aksoy & Akcay, 2005). Multiresolution seg-

mentation (MRS) is one of the most successful segmenta-

tion algorithms in the past years that aggregates pixels

into growing size of segments based on the given levels in

an iterative process. It has three main parameters that can

be set: scale, shape and compactness (Drǎgut�
et al., 2010). We selected the optimal shape and compact-

ness parameters based on the preliminary tests (with the

aim to find the tree crowns); thus, 0.5 compactness and

0.3 shape values were used (Lik�o et al., 2022).

MRS was applied on the classified image having the

highest OA (Fig. 2), similarly to our previous study (Lik�o

et al., 2022), but we applied a more sophisticated version.

The scale parameter was tested with 10 and 100 different

levels, in ascending order from 1 to 10 with 1 spacing

(L10–L100 levels), and from 0.1 to 10 with 0.1 spacing

(L01–L100 levels). Finally, we had a 10-step and a 100-

step version to test. In parallel with the increasing scale

parameter, the homogeneity of the resulting segments

decreased by including increasingly different pixels, which

we aimed to eliminate. We then reclassified the image

with the majority pixel value inside each segment to filter

out the outlier pixels. Post-classification was carried out

on the pixel-based classified image; thus, each class got a

value from 1 to 10 (i.e., the codes of the tree species).

Accuracy assessment

Forty per cent of the reference data was used for testing

(section hypersepctral data, Table 1). The classifications

were evaluated by means of the following indicators to

determine the thematic accuracy: OA, user’s accuracy

(UA), producer’s accuracy (PA), and the errors of com-

mission and omission (Congalton, 1991). We also deter-

mined the F1-scores as the harmonic mean of UA and

PA (Tharwat, 2021).

Results

Training data augmentation

The original number of training pixels was below 270 for

the most species, except for black locust (BL) and Ailan-

thus (A): the two invasive species had >700 pixels. TDA

successfully increased the number of training pixels, but

the increase varied by tree species (Fig. 3). Three types

could be distinguished based on the efficacy of training

data extension: (i) 101–161% increase: EH, BL, SL, SM,

A; (ii) 161–196% increase: SC, SO; and (iii) 250–394%
increase: NS, EO and CB. Based on absolute pixel

numbers, the increase was only 1 for EH and 30 for BL

classes, while EO performed the largest increment with

526 pixels.

Comparison of RF and SVM classifier

Generally, SVM provided better results than the RF: 13

MCs and the TDA pixels of 97% probability resulted in

the highest OA (82.5%), which was 0.8% higher than the

classification with the original training data. Using a

lower probability threshold (90–94%) with the TDA

resulted in lower OAs than using only the original train-

ing dataset (usually with OAs < 79%, Figs. 4 and 5).

Post-classification with segmentation

Post-classification was conducted with the most accurately

classified image (SVM classifier, 13 MCs with the 97%

probability pixels of TDA). Regarding the 100-level seg-

mentation, the highest classification accuracies were

obtained with the L4.9 and L5 levels, both reached 86.2%

in OA, with the average object size of 62.6 and 64.8 m2.

The OA increased from L1, reached its maximum at L5

Figure 3. The increase of pixel numbers in the training dataset as a

result of the CNN-based training data augmentation (orig: original

training dataset, 99–90%: probability of pixels classified to a class

based on the CNN-based augmentation. A, Ailanthus; BL, black

locust; CB, common beech; CNN, Convolutional Neural Network; EH,

European hornbeam; EO, English oak; SC, sweet cherry; SL, silver

linden; SM, sycamore maple; SO, sessile oak; NS, Norway spruce.
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and then started to decrease with a spike (local maxi-

mum) at L6.2 with 85.4% and 91.2 m2 (Fig. 6). The best

result of the 10-level segmentation was achieved with the

L4 level (43.6 m2 average object size), the OA was 86.0%,

that is, 3.5% better than the best model obtained with the

SVM model on pixel basis. The OA raised from L1 to L4

and then began to decrease (81.2% at L5; 76.3% at L8;

Fig. 6).

The 100-level segmentation yielded 0.27% higher OA

compared to the 10-level approach and provided a deeper

insight into the consequence of increasing the segment

size. Considering the average segment areas, the differ-

ences were not relevant, and the two versions grew

similarly. However, the related OAs started to show con-

siderable differences from L5. From that point, the 10-

level approach resulted in >5% worse OAs than the 100-

level approach.

Class-level accuracies

F1-scores express the class-level accuracy with a single

number and showed that the TDA or post-classification

only slightly (<3%) improved the accuracy in case of BL,

SL, and NS and had large effect in case of SC and A,

while caused decreases in case of EH. The improvement

in the other species were ~10% (Fig. 7).
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Figure 4. Overall accuracies of SVM classifications with additional pixels from the CNN-based activation layer (90–99% probability) by increasing

number of MNF components (MCs). CNN, Convolutional Neural Network; MCs, principle components of the MNF; MNF, minimum noise fraction,

SVM, Support Vector Machine.
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Figure 5. Overall accuracies of RF classifications with additional pixels from the CNN-based activation layer (90–99% probability) by increasing

number of MNF components (MCs). CNN, Convolutional Neural Network; MCs, principle components of the MNF; MNF, minimum noise fraction;

RF, Random Forest.
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Figure 6. The effects of different segmentation levels (L0–L10) on the average segment areas (ASA), and overall accuracies (OAs) by the 10-

(10L) and 100-level (100L) segmentations.

Figure 7. F1-scores of the tree species using the four approaches. A, Ailanthus; BL, black locust; CB, common beech; EH, European hornbeam;

EO, English oak; NS, Norway spruce; SC, sweet cherry; SL, silver linden; SM, sycamore maple; SO, sessile oak; TDA, training data augmentation,

L4 of the 10-level, and L4.9 of the 100-level versions.
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We used UA and PA to observe the effects of the differ-

ent approaches with more detailed insights. The result of

the segmentation and the TDA approach affected the accu-

racy of each class in different ways (Fig. 8). There were clas-

ses with continuous improvement in both UA and PA

values (EO, SL, SO and A). TDA brought the highest

improvement in the case of Ailanthus, where both UA and

PA values increased by ~40%. There were cases where only

one accuracy metric increased while the other decreased;

however, there was no clear trend (i.e., in some steps PA

increased and UA decreased, but next the UA increased and

the PA decreased: EH, CB, BL and SC). For the NS, there

was no change in either the UA or PA. The magnitudes

were considerably different; the classes of NS, EO, SM, SL

and BL exceeded 80% in both PA and UA. Generally, due

to the post-classification, the accuracies improved, especially

in case of L4.9 level. Regarding the invasive species in our

focus, the accuracy metrics of Ailanthus improved by

almost 30% for both PA and UA with TDA and post-

classification than could be gained with the original training

dataset. Accuracies for black locust, as an opposite, did not

improve. Moreover, the UA even decreased with the exten-

sion of activation pixels without the post-classification step.

The pixel-based result map contained several misclassi-

fied single pixels, even within individual tree crowns, that

was almost completely fixed by the post-classification

method (Fig. 9). In addition, individual tree crowns and

tree clusters were also separated better.

The largest improvement was found in case of Ailan-

thus. TDA proved to be successful according to both the

accuracy metrics and the visual inspection of maps

(Fig. 10). Post-classification also ensured better results

and, although the difference was slight between the L4

and L4.9 (for the 10- and 100-level segmentation

approaches, respectively), the resulting map justified that

selection of the applied parameters should rely on a thor-

ough analysis. Clusters of pixels delineating actual trees

instead of dispersed pixels (Fig. 10A and B) or lost infor-

mation (Fig. 10C) were depicted successfully with the

L4.9 (Fig. 10D).

Although the improvement in mapping black locust

was not reflected by the accuracy metrics, yet it was the

case for the sparsely appearing individuals (Fig. 11). In

addition, the object-based post classification also helped

to diminish the salt-and-pepper error of the larger stocks

(Fig. 12).

Figure 8. User’s and producer’s accuracies (UA and PA) of the pixel-based classification (the original with SVM and 13MCs, and the extended

with 97% probability) and following the object-based reclassifications (L4 of the 10-level and L4.9 of the 100 level versions). A, Ailanthus; BL,

black locust; CB, common beech; EH, European hornbeam; EO, English oak; MCs, principle components of the MNF; NS, Norway spruce; SC,

sweet cherry; SL, silver linden; SM, sycamore maple; SO, sessile oak; SVM, Support Vector Machine; TDA, training data augmentation.
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Figure 9. Species distributions according to the pixel-based classification [Support Vector Machine (SVM) classifier using 13 MCs and training

data augmentation with 97% probability pixels] (A) and the object-based reclassification (reclassified at L4.9 level of segmentation) (B) of the

hyperspectral image in the entire study area, as well as in a smaller sample plot (C and D, respectively). MCs, principle components of the MNF;

MNF, minimum noise fraction.

Figure 10. Maps of Ailanthus altissima with the original pixel-based classification (A), the pixel-based classification with extended training data

(B), the object-based reclassification at L4 (C) and the object-based reclassification at L4.9 (D).
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Discussion

Invasive species pose an ever-increasing threat to the

diversity and functional integrity of forested landscapes,

making identification and removal of these trees one of

the top priorities in forest management practice. Since

ground-based observation may bottleneck efficient mea-

sures against the invaders, aerial hyperspectral images are

considered to be the most promising input data for tree

species mapping (Alonzo et al., 2016), even though there

Figure 11. A section of black locust map focusing on sparsely distributed trees with the original pixel-based classification (A), the pixel-based

classification with extended training data (B), the object-based reclassification at L4 (C) and the object-based reclassification at L4.9 (D).

Figure 12. A section of black locust map focusing on larger stocks with the original pixel-based classification (A), the pixel-based classification

with extended training data (B), the object-based reclassification at L4 (C) and the object-based reclassification at L4.9 (D).
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are successful examples with very high-resolution satellite

images too (e.g., Maurya et al., 2021; Tarantino

et al., 2019). As there is no standard workflow for the

image processing, all possible options should be studied

and identified for better outputs. We combined two exist-

ing methods to improve the thematic accuracy and

resulted in almost 5% better OA than the usual way of

image processing (i.e., training, model building, classifica-

tion). Such an improvement was similar to those previ-

ously reported by Amini et al. (2018), Aguirre-Guti�errez

et al. (2012) and Zhang and Shao (2021). 3–5% increase

may not seem to be an outstanding improvement in gen-

eral terms. The increase in class-level accuracy was

impressive, however, for the most concerning invasive

species of the study area, that is, the Ailanthus tree. Even

if our method proved to be less efficient for black locust,

this latter species is considered to pose lesser threat to the

communities of the area than Ailanthus.

We focused on two invasive species with different dis-

tribution patterns in the study area: black locust that

forms larger homogenous patches but can also be sparsely

distributed, and Ailanthus tree that is rather scattered in

stands dominated by other species. Our results proved to

be satisfactory for both tree species. Augmenting the

training data with our TDA method helped us to gain

~40% higher UA and PA for Ailanthus, though the exten-

sion was only 24 pixels (at the applied 97% probability).

It means that only a few additional – and apparently

important – new data points improved the accuracy from

low (30% UA) to considerably higher (70% UA), result-

ing in an unprecedented achievement in such distinctions.

In addition, the next steps of MRS-based post-

classification were also important, especially from the

aspect of visualization. These steps helped to identify

sparsely distributed black locust trees, which was not

reflected by either UA or PA, but the visual inspection

obviously proved its efficiency. Larger stands of black

locust were also visualized better this way, that was sup-

portedby the accuracy metrics. This also emphasized the

fact that, beside accuracy metrics, maximizing the map

product’s reliability should be the final aim.

SVM’s performance was slightly (<2%) better in our

analyses than that of the RF’s, and TDA could not ensure

better OAs with RF. Contrary to this result, Shiferaw

et al. (2019) reported that the RF algorithm performed

the best among seven MLAs, including SVM, in generat-

ing fractional cover maps of an invasive plant species

(trees of Prosopis juliflora) in a dryland ecosystem. This

study, however, performed only comparisons of mere

MLAs without any TDA and/or post-classification pro-

cess. SVM and RF are both robust classification tech-

niques, and their performance varies as a function of the

number of training pixels and the number of variables.

RF, as an ensemble technique with large number of deci-

sion trees, is less sensitive to the number of training data

than SVM. SVM needs more training data and works well

with large number of predictors (Breiman, 2001; Cortes &

Vapnik, 1995). Previous studies showed that RF outper-

formed SVM and was more suitable for fractional cover

mapping of tree species (Mi et al., 2017; Shiferaw

et al., 2019). In our case, the increasing number of MCs

yielded in higher OAs with RF. The same was not true

for SVM: OA did not improve proportionally by increas-

ing the number of predictors. This phenomenon was due

to the fact that RF had reached ~5% lower accuracy

values with the initial set of MCs.

The comparison of the results at 10 and 100L showed

that the shape of the segments is as important as their

size, at least for the efficiency of reclassification. Since the

differences in size were negligible, differences within 1 m

were typical for the same scale parameter. But, at the

same time, there were greater differences in the accuracy

values. It was not only true in terms of the maximum

value, although there were typically higher values up to

the L5 level, but above this value the classification accura-

cies in the 10L version fell sharply compared to the 100L,

where the decline was more gradual. Accordingly, we can

conclude that the large difference between the same levels

(L5) was caused by the built shapes of the individual seg-

ments. Segments of the region-growing algorithm depend

on random seeds, which resulted in two different shapes.

Although the construction of the 100L version is more

time-consuming and the running time is slightly longer,

the more detailed construction is worth it in terms of the

results, as detailed analyses have not yet been exemplified

in this field.

The results can affect forest management practices in

order to improve the chance of identifying invasive tree

species. The two invasive tree species selected have rele-

vant differences in their environmental adaptation traits

compared to other traditional temperate zone forest tree

species: such as high growth and reproduction rates, and

efficient dispersal accompanied with high tolerance to

drought and air pollution (Cierjacks et al., 2013; Cronk &

Fuller, 1995; Feret, 1985; Landenberger et al., 2009;

Nava, 2014). In addition, the tree features of these two

species are also different from the traditional forest tree

species (e.g., Cierjacks et al., 2013; Feret, 1985;

Nava, 2014). Under these conditions, our elaborated mul-

tiapproach method showed 4.6% better OA with a real

benefit of a more accurate mapping of the invasive Ailan-

thus tree. This option supports a more efficient identifica-

tion of this invasive species and may facilitate timely

intervention to avoid its spread in areas of interest. With

the support of aerial imaging, tree composition can be

mapped with high accuracy and monitored easily, quickly

12 ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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and more accurately in order to detect the changes of

invasive tree species both spatially and temporally (da

Silva et al., 2023; Dyrmann et al., 2021). This also pro-

vides a valuable practical option in the mapping of forest

trees where there are stands mixed with invasive tree

species.

General limitation of aerial tree mapping can be that,

in closed stands, the trees need to reach at least the main

canopy layer due to become detectable from the above.

Therefore, the method may be less applicable in the first-

line defence against new invaders but could rather help in

tracking and controlling their further spread in the area

of interest. Another, more specific limitation of this

approach is the complexity of the steps, which requires

several software. Classification can be automated even by

means of R or Python language environments, but the

MRS requires eCognition, a proprietary software in order

to improve the approach provided in this study. There-

fore, our plan is to test the post-classification with other

segmentation techniques next and automatize each step

creating a workflow. Tree species mapping is possible

with satellite images, too, but it needs further investiga-

tions: high spatial resolution usually paired with lower

number spectral bands, and hyperspectral images (e.g.,

EnMap, PRISMA, DESIS) has 30 m of spatial resolution,

which can impede the identification of single trees in a

dense stock. This automated approach may provide a

possible direction of more accurate data collection for

understanding the compositions of dominant and scat-

tered invasive forest tree species in various forest types

and may help in achieving more successful forest manage-

ment practices.

Conclusion

Our aim was to test a TDA and a post-classification tech-

nique to gain a more accurate image classification method

for hyperspectral image processing in the field of forest

management. Ten tree species were mapped, but the main

focus was on the invasive species, black locust and Ailan-

thus tree. We found that the TDA successfully improved

the OAs from 81.64% to 82.46%. SVM outperformed the

RF classifier regarding the maximum OAs; however, the

difference was below 1%, and the RF responded more

sensitively to the number of MCs (more variables yielded

better OAs). Generally, the TDA did not prove to be effi-

cient but, especially in the case of Ailanthus, a sparsely

distributed aggressive invasive species, this method com-

bined with post-classification increased both the PA and

UA with 40%. The post-classification segmentation

resulted in 3.75% better results OAs (86.24%) and elimi-

nated the salt-and-pepper error. Thus, the additional

steps in the image processing, that is, pre-treatment

(TDA) and post-classification, improved the OA with

4.6%. But the real benefit was a more accurate mapping

of the invasive Ailanthus tree (43% better results on class

level) and the sporadically appearing black locust trees

(due to its low fraction was justified only by visual valida-

tion). These results can help in preserving the natural tree

species structure, and thus, nature conservation with a

more efficient identification of invasive species, and can

facilitate timely intervention to avoid their spread in the

area of interest.

Though our new approach needs further investigations

and testing on different study sites, it provided efficient

output on class level with the combination of OBIA and

DL techniques, and traditional machine learning classifi-

cations of woodlands.
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