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Abstract: Varying reproduction strategies are an important trait that tree species need in order both
to survive and to spread. Black locust is able to reproduce via seeds, stump shoots, and root suckers.
However, little research has been conducted on the reproduction and spreading of black locust in short
rotation coppices. This research study focused on seed germination, stump shoot resprout, and spreading
by root suckering of black locust in ten short rotation coppices in Germany. Seed experiments and
sample plots were analyzed for the study. Spreading was detected and measured with unmanned
aerial system (UAS)-based images and classification technology—object-based image analysis (OBIA).
Additionally, the classification of single UAS images was tested by applying a convolutional neural
network (CNN), a deep learning model. The analyses showed that seed germination increases with
increasing warm-cold variety and scarification. Moreover, it was found that the number of shoots
per stump decreases as shoot age increases. Furthermore, spreading increases with greater light
availability and decreasing tillage. The OBIA and CNN image analysis technologies achieved 97%
and 99.5% accuracy for black locust classification in UAS images. All in all, the three reproduction
strategies of black locust in short rotation coppices differ with regards to initialization, intensity,
and growth performance, but all play a role in the survival and spreading of black locust.

Keywords: Robinia pseudoacacia L.; reproduction; spreading; short rotation coppice; unmanned aerial
system (UAS); object-based image analysis (OBIA); convolutional neural network (CNN)

1. Introduction

The spreading of tree species is influenced by overcoming barriers (e.g., geographical) as well as
survival and reproduction strategies. Trees are able to reproduce generatively via seeds, and vegetatively
as well, for example via stump shoots or root suckers. Nevertheless, little research has been conducted
on the reproduction and spreading strategies of black locust in short rotation coppices. However,
examining the details within a holistic perspective of reproduction strategies for tree species may
improve the estimation of spreading and survival potential, especially of non-native or invasive
tree species.

Black locust (Robinia pseudoacacia L.) originated in the eastern part of North America, particularly in
the Appalachian regions [1,2]. By the early 17th century, black locust had been introduced to Europe [3–6].
Today, black locust appears in many European countries, especially in Hungary, Northern Germany,
Western Poland, Czech Republic, Southern Slovakia, and Eastern Austria [6]. In Germany, a change in
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energy policies aimed towards a reduction in the use of fossil fuels and greater utilization of renewable
energy since 2004 [7] marked an increase in fast-growing tree production, including black locust in short
rotation coppices (harvested every 2–20 years) [8,9]. Nevertheless, some studies have declared black
locust to be an invasive non-native tree species in Europe [6,10–12]. However, other studies consider
black locust to be an alternative tree species, for example for European ash (Fraxinus excelsior) [13,14],
whose high dieback is caused by the fungal pathogen Hymenoscyphus fraxineus [14].

Black locust possesses many growth characteristics that makes it ideal for short-rotation biomass
production such as: rapid growth, high drought tolerance, and nitrogen-fixation [15,16], as well as the
ability to reproduce via stump shoots in response to harvest. Black locust starts flowering at the age
of six years [17]. Many insects benefit from this characteristic, including honeybees [18]. Moreover,
the production of black locust honey is very common and economically important, especially in
Hungary [17]. A maximum of 15,559 flowers per tree were counted in an eight-year-old black locust
plantation [18], and 12,000 seeds/m2 were identified in a monodominant stand [6,19]; black locust
thus produces an abundance of seeds. As black locust belongs to the Fabaceae family, the seed coat is
hard and impermeable [20,21]. Hence, seeds require scarification for successful germination [21–23]
and priming of seeds is favorable [21,24,25]. Seeds prefer mineral-rich sandy and loamy-sandy
soil [17,26,27]. Additionally, seeds are dormant [28] and Voss and Edward [29] observed germination
of black locust seeds 88 years after the seeds were collected. Moreover, increasing germination and
seedling density was observed in the year immediately following a fire event; it is likely that some
seeds survive fire and benefit from the light availability [30–32]. Nevertheless, scarification intensity
has not been researched much, particularly in seeds from an eight-year-old short rotation coppice.

Vegetative reproduction strategies of black locust include re-sprouting stump shoots and root
suckers. Stump shoot sprouting occurs in many broad-leafed trees in response to harvest or damage
and is a characteristic feature of the special forest management practice known as (short rotation)
coppicing. Stump shoots typically grow in densely populated stands and often have several shoots per
stump. The biomass production differs compared to non-harvested trees, especially for black locust [33].
To account for this, specific yield tables and growth models for coppices of different broad-leafing
tree species were developed [34–46]. Moreover, in nutrient-poor and sandy forest stands, a decreasing
number of black locust stump shoots with increasing shoot age and a wide variety of stump shoots
depending on the stump distance and stump age was observed [47,48]. However, the sprouting
intensity and dieback of black locust shoots with increasing shoot age in densely populated short
rotation coppices have not been a focus of research up to now.

The spreading of black locust short rotation coppice seems to take place primarily via root
suckering [49]. Root suckers are shoots which grow from adventitious buds in roots of trees or shrubs.
Crosti et al. [50] observed decreasing spreading intensity of black locust in orchards and nearby forests
in Italy. Furthermore, Vítková et al. [6] published an overview of the distribution of black locust
in central and eastern Europe on a landscape scale based on inventory data. However, there is a
lack of knowledge about the spreading potential of black locust on a small scale, particularly with
respect to short rotation coppice. Thereby, tree species detection and spreading could be analyzed via
field measurements [50], satellite data [51,52], airplanes, or unmanned aerial systems (UAS) [53–63].
Field measurements are usually time consuming. Satellite data can be used to detect ecosystem
structures and changes for large areas [64–68]. However, fine-scale field maps are difficult to generate
from satellite or airplane data because they have a low spatial and temporal resolution and are
generally expensive. Therefore, UAS allow the detection of ecosystem structures and changes
offering a higher spatial resolution of small, specific, and detailed vegetation structures [18,69].
Additionally, UAS have quick turnaround times, are very cost-efficient and are useful supplements to
data from satellites, airplanes, terrestrial manual, and other data analyses. Invasiveness analysis using
UAS was demonstrated by Lehmann et al. [70] for invasive Acacia mangium management in Brazil.
Müllerová et al. [71] conclude that the near-infrared (NIR) spectrum is very important for detecting
black locust via satellite and UAS. Common approaches to analyzing UAS images are pixel-based
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analysis [18] and object-based image analysis (OBIA) [70], primarily including structure from motion
(SfM) point clouds [53–55,57,58,60]. Nevertheless, OBIA has not yet been used to analyze the spreading
of black locust in short rotation coppices.

Furthermore, there is an increasing interest in machine learning algorithms for data and image
analysis, such as the application of the random forest model [52,72–76], support vector machine [73–76],
and deep learning algorithms, especially convolutional neural networks (CNNs) [62,73,75,77–79].
However, CNNs were not previously utilized for the classification of black locust in short rotation
coppices under varying conditions in single images.

The main purpose of this study is to estimate and monitor the invasiveness potential of black
locust. Therefore, in the current study, we analyze the seed germination, stump shoot survival, and
spreading of black locust planted in short rotation coppices. We investigate the seed germination of
3000 seeds, focusing on six different seed experiments. After the treatment, the seeds were seeded in
planting boxes and watered. Moreover, we estimate black locust stump shoot sprouting and dieback
with the aid of sample plots in seven different sample areas, including 5244 stump shoots. For this
purpose, the relationship of the planted trees and the current shoots per stump were calculated.
Additionally, spreading was estimated in short rotation coppices at a length of 2124 m based on UAS
images by using OBIA. Furthermore, a deep learning algorithm was tested to classify black locust
under varying light conditions, flying altitudes, UAS, and cameras in single images. This study deals
with the following research questions:

(1) What is the average germination of black locust seeds after six different seed treatments?
(2) How many stump shoots survive in short rotation coppices depending on shoot age?
(3) What is the average sprouting distance of black locust, depending on neighboring forest, meadow,

farmland, and along a dirt road analyzed via OBIA in UAS images?
(4) What is the accuracy and loss of black locust classification in single UAS images under varying

conditions by using a CNN?

2. Materials and Methods

2.1. Site Description

The ten analyzed study sites were located in northeastern Germany (Table 1, Figure 1). The annual
precipitation ranges between 495 mm and 671 mm and the mean annual temperature ranges between
7.4 ◦C and 9.4 ◦C [80]. The elevation above sea level is 22 to 149 m. Seeds were collected in winter 2016 in
two eight-year-old R. pseudoacacia short rotation plantations in Germany (Lauchhammer and Röblingen).
Thereafter, the seeds were stored in a seed bank (Thuringia, Germany). Stump shoot sample plots in
seven study sites were analyzed between November 2016 and March 2017. The UAS images and field
data for the spreading analysis were collected in May 2018 in Grunow-Dammendorf (Germany).

Table 1. Site description including location, longitude (long), latitude (lat), tree/shoot age, and
analysis methodology.

Site Abbreviation Location Long (◦E) Lat (◦N) Tree/Shoot Age Analysis

BG Blumberg 14◦10′24′′ 53◦12′25′′ 3 Stump shoot
BH Buchholz 12◦38′9′′ 53◦15′34′′ 2 Stump shoot
DA Grunow-Dammendorf 14◦25′5′′ 52◦8′26′′ 4 Spreading
GU Gumtow 12◦14′11′′ 52◦59′46′′ 2 Stump shoot
KL Klein Loitz 14◦30′57′′ 51◦36′35′′ 3 Stump shoot
LH Lauchhammer 13◦50′57′′ 51◦32′20′′ 8 Seed collection
PA Paulinenaue 12◦43′52′′ 52◦39′44′′ 3 Stump shoot
RM Röblingen 11◦42′42′′ 51◦25′57′′ 8 Seed collection
WA Wainsdorf 13◦29′4′′ 51◦24′50′′ 1 Stump shoot
WZ Welzow 14◦14′7′′ 51◦33′32′′ 1 Stump shoot
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was analyzed by using an UAS and image analysis to observe the spreading from a bird’s-eye view. 

Figure 1. Map of the study area in Europe, indicating the ten R. pseudoacacia sampling sites in
Germany [81]. Red triangles are sites visited for seed collection, green dots are the sites where
sample plots for the stump shoot analysis were measured, and the purple square is the study site
of the UAS image analysis, which was applied for the spreading detection. For an overview of site
abbreviations, see Table 1.

2.2. Reproduction Analysis

The analysis was divided into three parts (Figure 2) to estimate the reproduction and spreading
of black locust: seed, stump shoot, and root suckering analysis. Seed germination was undertaken to
determine differences in seed treatments. Sample plots were used for the stump shoot analysis, which was
conducted to analyze the number of shoots per stump depending on the shoot age. Spreading was
analyzed by using an UAS and image analysis to observe the spreading from a bird’s-eye view.

2.3. Seed Germination

The analysis of the seeds started in March 2018 and finished in July 2018. The seeds were seeded
in sandy mineral soil in planting boxes. We tested 100 seeds in five iterations for six treatments
(3000 seeds):

(I) seeds were seeded and watered,
(II) seeds were soaked for 24 h in water at a water temperature of 18 ◦C (64.4 ◦F) and then seeded

and watered,
(III) seeds were stored at an air temperature of 45 ◦C (113 ◦F) for two hours, and thereafter stored at

an air temperature of −20 ◦C (−4 ◦F) for a further two hours and then seeded and watered,
(IV) seeds were stored at an air temperature of 60 ◦C (140 ◦F) for two hours and thereafter stored for

two hours at an air temperature of −20 ◦C (−4 ◦F) and then seeded and watered,
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(V) seeds were scalded with hot water, seeded and watered, and
(VI) seeds were mechanically scarified, seeded and watered.
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Figure 2. Flow chart showing the reproduction and spreading analysis: seed germination (a), stump
shoot analysis (b), and root suckering (spreading) analysis (c). Seeds were seeded in planting boxes,
and watered. Stump shoots were analyzed in sample plots. Spreading was estimated with the aid of
UAS-images [82].

We calculated the average seed germination, standard deviation (SD) and standard error of the
mean (SE) for each seed treatment. Furthermore, we performed an analysis of variance (ANOVA) with
the software R [83]. Seed data were (1) variance heterogeneous and (2) normally distributed. Therefore,
we applied a one-way analysis of means and pairwise t-test for pairwise comparisons [83,84].

2.4. Stump Shoot Analysis

In total, 5244 black locust stump shoots were investigated, measuring leafless stump shoots
in 33 sample plots. Sample plots sizes ranged from 4 to 6 m radius and contained a minimum of
150 stump shoots. All stump shoots in the sample plot were counted. Furthermore, the planting
distance was listed by the land manager and checked on the study sites. The measured number of
stump shoots per sample plot was divided by the number of established/planted black locust trees to
calculate the average number of shoots per stump, per site, and per age class. Moreover, we calculated
SD, SE, confidence interval (CI) with a default of 95% for each age class and performed an ANOVA [83].
Stump shoot data were (1) variance homogeneous and (2) normally distributed. Hence, we applied an
ANOVA as global test and Tukey test for pairwise comparisons [83,84].
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2.5. Root Suckering (Spreading)

Two quadrocopters were used as a UAS platform: Microdrones MD4-1000 [82] and dji Mavic
Pro [85]. The Microdrones MD4-1000 was equipped with two camera systems synchronously for
the image collection: a multispectral MAPIR Survey 3 (red, green, NIR) camera [86] with an image
size of 4000 × 3000 and a red-green-blue (RGB) SONY-ILCE-5100 [87] camera with a picture size of
6000 × 4000. Furthermore, the dji Mavic Pro took images with the aid of the RGB camera DJI FC220
(picture size of 4000 × 3000) [85]. Weather conditions were calm, and the lighting conditions varied
between sunny and cloudy.

2.5.1. Object-Based Analysis (OBIA)

The analyzed total length was 2124 m, whereby the neighboring areas were comprised of meadow
(726 m), farmland (565 m), dirt road (293 m), and pine forest (540 m). For georeferencing purposes,
13 white ground control points were randomly placed. In addition, planting lines were calibrated
by using a mobile differential global positioning system [88]. The altitude above ground level was
set at 30 m. To create 3D point cloud surface models, the image side and forward overlap were
set to 80% [89]. RGB and NIR image data were orthorectified and mosaicked using Pix4D mapper
software [90] to create a high-resolution orthoimagery. An SfM approach was used to calculate the
digital surface models.

In eCognition Developer software [91], the classification procedure via OBIA consisted of two
major steps: (A) segmentation and (B) classification. The multiresolution segmentation was used
to aggregate neighboring pixels into segments based on homogeneity criteria (shape, texture, color,
compactness, smoothness) and a scale factor (scale parameter) [92]. For the R. pseudoacacia classification,
the subsequent OBIA was performed using class-specific features. This involved spectral information
such as the mean green value, as black locust leaves have a specific light green. Furthermore,
the vegetation height (digital surface model–digital terrain model) has the advantage of classifying
distinctions of vegetation height for grass as well as trees in plantations and pine forests. To capture
black locust trees in the shade neighbor-related pixel values as a contrast to neighboring pixels are
important. The resulting classification of R. pseudoacacia were exported as shape files into Quantum
GIS (QGIS) [93]. Furthermore, during the field survey, marked points of the last planting lines were
connected. Starting from this last planting line, five zones from 0 to 10 m were generated with the
QGIS software. For each zone, we intercepted and measured the R. pseudoacacia cover. To calculate
the average distance of spreading (b), the covered area of black locust 0–10 m (A) was divided by the
length of the last planting line (a), as shown in Equation (1).

b =
A
a

(1)

The accuracy of classification was evaluated by selecting random samples. These randomly
selected samples were then manually classified via a visual on-screen interpretation of the available
image information together with additional field data. Therefore, 150–200 points were randomly
distributed. The object classification was verified among R. pseudoacacia and non-R. pseudoacacia. Based
on the samples, a confusion matrix was produced to evaluate the accuracy of the final classifications,
including overall, user’s, and producer’s classification accuracies and the Kappa Index of Agreement
(KIA) [94,95].

2.5.2. Classification via Deep Learning–CNN

A deep learning algorithm on single UAS images was applied to classify black locust and
non-black locust. Therefore, 1000 RGB images were selected. Black locust was detected with varying
light conditions (sunny and cloudy), flying altitudes (15 m, 30 m, and 100 m), UAS, and cameras (listed
in Section 2.5), and thus different structures and colors. In Python [96] via Jupyter Notebook [97] the
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tensorflow [98] and keras [99], as well as matplotlib [100], numpy [101], pandas [102], and sklearn [103]
libraries were applied for the construction and calculation of the CNN [104,105]. The images were
therefore split into train (80%) and test data (20%). The applied CNN structure is presented in Figure 3.
In each block, there are convolutional layers and a sub-sampling by max-pooling. In the convolutional
layer in the first block, 64 filters with a size of 3 × 3 were used. In the second block 128 feature
channels were integrated, and in the third block 256 feature channels were integrated. The activation
function was the rectified linear unit (relu)-function [106]. As an optimization algorithm, we used
“Adam” (adaptive moment estimation) [107]. Adam integrates moment and the adaptive learning
rate. Furthermore, to avoid overfitting and to allow generalization, we integrated dropouts [106] after
each max-pooling and fully connected-layer. The total number of trainable parameters is 4,787,330 per
image. We tested our CNN architecture without and with dropout layers: (A) including 6 convolutional
layers, 3 max-pooling layers, 1 flatten layer, and 2 fully connected layers; (B) including 6 convolutional
layers, 3 max-pooling layers, 1 flatten layer, 2 fully connected layers, and 4 dropout layers (Figure 3).
To evaluate the applied CNNs, the loss and the accuracy of the train and test data were computed.
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3. Results

3.1. Seed Germination

Black locust seed germination after seeding on sandy mineral soils is presented in Figure 4. Seed
germination increased with increasing scarification. Hence, seeds directly sown and watered reached
6% germination. By soaking the seeds for 24 h, 8% of the seeds sprouted. By warming the seeds
for two hours at 45 ◦C/60 ◦C (113 ◦F/140 ◦F) and for two hours at −20 ◦C (−4 ◦F) as warm-cold
variation, the germination reached 23%/69%. Scalding with hot water attained germination of 72%
and mechanical scarification resulted in 90% of the seeds sprouting. Moreover, scalding of seeds
achieved the highest standard error of the mean (Figure 4). The variance differs significantly (p-value
< 0.05) by comparing all applied seed treatments. Nevertheless, the differences were non-significant
(p-value > 0.05) between treatments I and II, IV and V, as well as V and VI (Table 2).

Table 2. Pairwise t-tests of the black locust seed germination by (I) directly sowing, (II) 24 h soaking,
(III) warm-cold treatment for two hours at 45 ◦C and two hours at −20 ◦C, (IV) warm-cold treatment of
two hours at 60 ◦C and two hours at −20 ◦C, (V) hot water scalding, and (VI) mechanical scarification.

Treatment I II III IV V

II 0.3365
III <0.001 <0.001
IV <0.001 <0.001 <0.001
V 0.0086 0.009 0.015 0.750
VI <0.001 <0.001 <0.001 0.011 0.274
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3.2. Stump Shoot

The average number of shoots per stump decreases with increasing age (Table 3 and Figure 5).
Thereby, the average number of shoots per stump is 4.17 one year after the last harvest, shoots
aged 1 year. Two years after the last harvest, an average of 3.61 shoots per stump are alive. In the
third year after harvest, the value decreased to 2.18 shoots per stump. The values of the SD, SE,
and CI are largest in the 3-year age class and smallest in the 2-year age class. Furthermore, there
was a statistically significant difference between age classes as determined by ANOVA (Table 3).
Nevertheless, the differences were non-significant between age classes 1 and 2 (p-value 0.313), but
significant between age classes 1 and 3 (p-value <0.001) and between age classes 2 and 3 (p-value 0.008).

Table 3. Average number of shoots per stump and per age class as well as the plot and shoot database.

Site
Abbreviation

Shoot
Age Plots Data Average

Shoots
Shoots
Per Age SD SE CI p-Value

WA
1

4 680 2.87
4.17 1.12 0.32 0.71

<0.001

WZ 8 1331 4.82

BH
2

6 1000 3.98
3.61 0.61 0.16 0.35GU 8 1314 3.34

BG
3

3 441 1.56
2.18 1.19 0.45 1.10KL 3 478 3.38

PA 1 167 0.44

SD: standard deviation; SE: standard error of the mean; CI: confidence interval (default 95%).

3.3. Root Suckering (Spreading) via OBIA

In Table 4 and Figure 6, the proportion of black locust classified by OBIA in the five zones is
shown in percentage depending on the surrounding area: meadow, farmland, dirt road, and pine
forest. Furthermore, the average distance is presented in the last row. The further away from the
last planting line, the lower the proportion of black locust. Average spreading is highest to dirt road
and meadow.
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Table 4. Zones 0–2 m, 2–4 m, 4–6 m, 6–8 m, 8–10 m and the average distance as spreading of black
locust depending on the surrounding area: meadow, farmland, dirt road, and forest.

Zone 0–2 m (%) 2–4 m (%) 4–6 m (%) 6–8 m (%) 8–10 m (%) Average Distance (m)

Meadow 43.99 32.37 14.86 3.00 0.33 1.89
Farmland 27.45 19.60 9.78 0.91 0.07 1.16
Dirt road 41.96 37.81 26.07 6.38 0.58 2.26

Forest 40.23 25.42 7.79 1.14 0.002 1.49
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Figure 6. Spreading: outline average values of the areas; 0–2 m, 2–4 m, 4–6 m, 6–8 m, 8–10 m depending
on the surrounding areas: meadow, farmland, dirt road, and pine forest. The spreading depends on
the proportion of black locust; dark green stands for 40%–50%, light green indicates 30%–40%, yellow
is 20%–30%, orange 10%–20% and red 0%–10%. The arrows show the average spreading distance of
black locust. For an overview of the results, see Table 4. Database = 2124 m [82].
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At 43.99%, the highest value in the 0–2 m zone is reached if the surrounding area is meadow, and
the smallest, 27.45%, if the surrounding area is farmland. In the following four zones 2–10 m, the highest
black locust quantity is measured if the surrounding area is a dirt road. Generally, the spreading in the
first 2 m from the last planting line to the neighboring area is between 40%–50% if the neighboring
area is meadow, dirt road, and forest. In the zone from 4–10 m, the proportion is around 0%–10% if the
neighboring area is forest or farmland, and in the zone from 6–10 m, the proportion is 0%–10% if the
neighboring area is meadow or dirt road. Furthermore, the highest average distance, 2.26 m, is reached
if the surrounding area is a dirt road (arrow in Figure 6). At 1.89 m, the second highest average distance
is measured if the surrounding area is meadow. In the case of the forest as the surrounding area,
the average distance is 1.49 m. The smallest average distance, 1.16 m, is reached if the surrounding
area is farmland. The overall accuracy of the OBIA analysis is 0.97 and the overall KIA is 0.93 (Table 5).
The producer and user accuracy ranged between 0.96 and 0.98.

Table 5. Confusion matrix of the classification R. pseudoacacia and non-R. pseudoacacia via object-based
image analysis (OBIA). KIA stands for Kappa Index of Agreement.

Actual

R. pseudoacacia Non-R. pseudoacacia

Pr
ed

ic
te

d

R
.p
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ud

oa
ca

ci
a

177 7

N
on

-R
.p

se
ud

oa
ca

ci
a

5 174

Producer Accuracy 0.975 0.962

User Accuracy 0.963 0.972

KIA Class 0.942 0.928

Overall Accuracy 0.966

KIA Overall 0.932

3.4. Classification via CNN

The CNN architecture without dropout layers (A) reached a 90% test accuracy and a 99.7% train
accuracy. The test loss was 0.395 and the train loss achieved 0.009. The model of the CNN (B) used for
classifying R. pseudoacacia and Non-R. pseudoacacia is presented in Table 6. On the left-hand side are
image examples of test data of R. pseudoacacia (1) classifications with varying flying altitudes, light
conditions, UAS, and cameras. On the right-hand side are examples of test data of Non-R. pseudoacacia
(0) category. The CNN’s (B) accuracy (Figure 7) in classifying R. pseudoacacia (1) and Non-R. pseudoacacia
(0) increased quickly. After a small number of iterations, the accuracy of the training and validation
dataset increased by over 90%, ranging between 90 and 100% from iteration 5 to 50. The training
accuracy reached 99.7% and the test accuracy 99.5%. The training and validation loss reduced from 0.7
to a range between 0 and 0.2. Finally, the training loss was 0.009 and the test loss 0.027. The time for
fitting the model was 24.2 min, with 3.83 billion training parameters included.
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Table 6. Classification examples of the test data set; R. pseudoacacia ((a), category 1) and Non-R.
pseudoacacia ((b) category 0): meadow, dirt road, pine forest, and farmland. Pred is the abbreviation for
Prediction. True and the green color of the labels show that the prediction (output in Figure 3) and the
class (input in Figure 3) are equal.

(a) Robinia pseudoacacia L. (b) Non Robinia pseudoacacia L.
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4. Discussion

Reproduction strategies of tree species are an important basis for the survival in spatially
and temporally varied ecosystems. However, the reproduction and spreading of black locust in
short rotation coppices in Germany have not been analyzed until now. In this study, by applying
seed experiments, stump shoot analysis, and spreading measurements, we create an overview
of the invasiveness potential of black locust in short rotation coppices in a temperate climate
zone. Black locust reproduces generatively via seeds and vegetatively via stump shoots and root
suckers. These three reproduction strategies improve the survival of black locust in many ecosystems
globally [6,17,108–114]. Thereby, the reproduction and spreading increases with greater damage to the
seed coat and the harvest of black locust trees. Further favorable conditions are sandy soil and high
light availability.

Reproduction via seeds is a successful strategy for plants globally. Black locust seeds have a hard
and impermeable seed coat [20,21]. In the present study, we observed that seed germination increased
with increasing mechanical scarification. This is in line with Vines [22] and Redei et al. [23]. Moreover,
the seed experiment shows that germination increases when the warm-cold variation is increased.
It might be possible that when the warm-cold variation increases, micro-cracks appear, water enters,
and light stimuli facilitates the growth processes. During mechanical scarification, the seed’s coat is
directly damaged and the seedling’s development can start. Tompa and Szent-Istvany [115] conclude
that hot water treatment was less effective for black locust seed germination. In our study, seeds soaked
for 24 h had a 2% higher germination compared to the directly seeded category, with a 6% germination.
However, there was no statistically significant difference between seed treatments I) directly seeded
and II) soaked in water (18 ◦C/64.4 ◦F) for 24 h. However, scalding with hot water yielded the second
highest average germination value, with germination above 70%, as well as the highest standard
error of the mean. The reason could be the appearance of microcracks in some seed coats and for
others the scalding stimulus might be too weak, as the seed coat permeability varied. The applicability
of scalding for increasing germination is in line with Velkov [25], as well as with Bogoroditskii and
Sholokhov [24]. All in all, it is important to crack and open the seed coat for successful germination.
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We have to stress that seeds were collected in winter 2016 and only from two former mining areas, as
the black locust trees were non-harvested, aged 8 years, and abundant seeds were collectable. It might
be possible that the seed quality and germination from different former types of utilization, sites, stand
ages, and years vary, as it is described by Redei et al. [17]. Therefore, depending on the seed samples,
the absolute results may differ. However, the relative results might be similar. It is important to note,
that flowering and reproduction via seed usually starts at the age of six years [17]. For younger short
rotation coppices, the reproduction via seeds might be neglectable. Further research could focus on
additional seeds selected at different sites, such as urban sites, pure and mixed forests, and on varying
age, years, etc. The seed experiments could be planned as field experiments to analyze the influence of
fire [31], landscape destruction [31,49], dryness, insects, diseases [116], storms, landslides [32], etc.

Building stump shoots after being damaged or harvested is a survival strategy of many broad-leafing
tree species. As black locust is able to build stump shoots, grows fast, and can grow on nutrient-poor
sites, this species was planted in short rotation coppices in Germany [33]. In this study, we estimate
that the number of shoots per stump decreases with increasing shoot age, which differs significantly
by comparing shoot age classes 1 and 3 as well as 2 and 3. This age–shoot relationship has already
been observed for black locust stump shoots in forest stands [47,48]. Zeckel [47] counted 13 shoots
on average, and Ertle et al. [48] observed seven shoots per stump one year after harvest, six stump
shoots in the second year after harvest [47,48], and four shoots per stump in the third and fourth
years after harvest [48]. Those values are higher compared with the stump shoot analysis of the
present study. In short rotation coppices, we observed on average 4.2 shoots per stump one year
after harvest, 3.6 shoots per stump two years after harvest, and 2.2 shoots per stump three years
after harvest. One reason for the difference in the number of shoots per stump in forests compared
with short rotation coppices might be the planting distance and the number of trees per hectare.
Forests were planted with 2000–3000 trees per hectare, and short rotation coppices typically with
8000–10,000 trees per hectare [9]. This fact corresponds with further observations that black locust
mortality increases in plantation and reclamation projects with higher density planting [117,118].
Furthermore, the range in number of shoots per stump widens as stump age and dieback of stumps
increases [47,48]. Additionally, significant differences were recorded among black locust biomass
production of trees (non-harvested) and stump shoots (harvested) [33] in short rotation coppices.
This study is a further step in understanding the relationships of the average shoot sprout and dieback
with increasing shoot age. The intensity of dieback and growth partitioning might also depend on the
aboveground and belowground resources. As belowground resources, water and phosphorus were
described as key drivers for competition among black locust trees and stump shoots [119]. Accordingly,
by increasing water and phosphorus availability, the competition among stump shoots and the dieback
of shoots increases. Additionally, the fact that the increasing shoot age correlates with a decrease in
the number of shoots per stump is important for managers of short rotation coppices, as the wood
biomass (quality) increases, but the shoots per stump (quantity) decreases. It could be interpreted that
it might be effective to plant black locust at greater planting distances, as more shoots will survive in
the first years after harvest. However, this feature could be also interpreted as a risk-minimizing and
quality-improving aspect. The slenderness is reduced and the risk of breaking due to wind or weight
(for example, abundant seeds) is decreased. The wood quality of the surviving shoots increases as the
relative bark proportion decreases and the relative wood proportion per shoot increases. Furthermore,
black locust wood differs among juvenile and adult wood [120–123]. Hence, as the black locust tree or
shoot becomes older, the wood quality could improve for energy use and construction timber. Further
studies might focus on the best planting distances for black locust to improve the target biomass and
wood production.

As a third reproduction strategy, black locust is able to spread via root suckering. We observed
that the spreading increases with increasing light availability and reduced tillage. The proportion and
average spreading distance are highest if the surrounding area is a dirt road or meadow. The proportion
and distance were lower if the neighboring area is a forest or farmland. The lower spreading distance
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to the farmland could be due to tillage by the land owner and the resulting destruction of the spreading
black locust roots. The reason for lesser spreading in the neighboring area if it is a forest could be the
light limitation due to the higher pine trees. As a light-demanding tree species, black locust growth is
reduced if the light availability is low [124]. This is in line with previous findings discussed in Crosti
et al. [50], who found that the density of black locust regeneration in Mediterranean ecosystems is
strongly affected by the land cover. Accordingly, abandoned agricultural land is most prone to black
locust colonization. The spread was lowest in a zone with orchards. This zone was described as very
effective for controlling black locust invasion [50]. Moreover, our study shows that independent of the
neighboring area, the proportion of black locust cover and spreading decreases, the longer the distance
is to the plantation. Therefore, it seems that the spreading is a step-by step-process. Nevertheless,
it has been found that black locust is able to spread locally up to 1 m per year [125]. Huntley [2] and
Grese [126] describe that root sprouting usually begins when plants are 4 years old and increases
rapidly in full sun, open areas, and particularly in sandy soil [126]. As with stump shoots, sprouting is
a response to disturbance, and sprouts need sufficient light to survive [32]. Moreover, as black locust
belongs to the family Fabaceae, it is able to fix atmospheric nitrogen via rhizobia [15,16], which results
in an increasing nitrogen concentration and a change in the chemical compositions in the soil [127–129].
In Europe, particularly in Germany, nature conservation areas are often open areas, such as dry and
semi-dry grasslands, which belongs to the most species-rich and endangered types of habitats [130].
To protect such areas and avoid a black locust spreading, it is important to avoid planting black locust
close or next to protected areas. Long-term investigations might provide answers regarding further
ecosystem modifications of black locust. Moreover, on a global scale, the spreading of atmospheric
nitrogen fixing tree species is increasing [6,70,131]. This might be due to anthropogenic influences such
as an increased CO2 and nitrogen concentration in the atmosphere [132,133]. Additionally, the nitrogen
concentration often increases locally due to the usage of fertilizer on farmlands [134]. The increasing
spreading of atmospheric nitrogen fixing tree and shrub species that results in ecosystem-changing
processes by enriching the soil with nitrogen, seems to be a manmade issue. Moreover, increasing
temperature, reduced frost [2,135,136], and the dieback of tree species, such as European ash [13,14],
could result in a further increase in black locust and additional non-native tree species. It is important
to stress that the analyzed length to the neighboring areas varies and that mother stumps are missing
in a few planting lines, which might influence the results. Therefore, to validate the results further,
black locust stands with other neighboring ecosystems could be investigated.

The approach of combining UAS images with OBIA, as described in the present study, could
be the foundation to create a database to appraise the spreading and ecosystem changes caused
by R. pseudoacacia and could be further applied to non-native and native tree species. To this end,
UAS allows monitoring with a higher spatial resolution of small, specific, and detailed vegetation
structures [18,69,137] and avoids environmental damage. Another advantage of UAS images is the
possibility to generate 3D surface models [69]. The 3D surface models in this study were important for
the classification of the vegetation height of R. pseudoacacia, grass, and forest pine trees. The height of
the black locust trees in the analyzed plantation ranged between 0.2 and 3.0 m. This height classification
approach is common for tree analysis [53–55,57,58,60]. However, a limitation of current UAS images is
that depending on stand density only the top of the tree or stump shoot is detectable [138]. Solutions
could be the integration of high-resolution light detection and ranging (LiDAR) systems to an UAS [139]
or UAS flying below the canopy as a possibility for future technology. Both could detect the deeper
canopy and stand layers [139]. Along with the vegetation height, the neighbor-related pixel values
and contrast were important for detecting black locust trees in shade caused by higher vegetation or
cloud cover. Furthermore, the mean green values were considerable, as R. pseudoacacia leaves have
a specific light green. The advantage of OBIA compared to pixel-based analysis is the avoidance of
misclassification of single pixels [140,141]. OBIA includes geometric properties such as dimension
and texture of the target tree species and creates additional options as compared to pixel-based
analysis [92,142]. Nevertheless, the OBIA approach as applied in the present study relies on a labor-
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intensive survey, which needs expertise in image converting. This is generally time consuming and
expensive [143,144]. Furthermore, mistakes due to human operation are possible [145].

In addition, machine learning algorithms are increasingly being used for data and image
analysis [52,62,72–79]. The CNN applied in the current study was tested to classify single black locust
images under varying conditions and attained a high test accuracy of 99.5%. However, disadvantages
of CNN algorithms are that a high number of labeled training images should be available [146], as well
as the difficult traceability of the used classification features [105]. Nevertheless, studies [73,145,146]
have shown that when the training sample size was high, CNN tended to show better results and
accuracies compared to random forest, support vector machine, and fully convolutional networks.
Therefore, Liu and Abd-Elrahman [146] used 400 UAS images per object, Diegues et al. [147] applied
about 700 underwater images, Abrams et al. [148] operated with 700 canopy and 800 understory
images per habitat class as well as Li et al. [73] used 5,000 satellite images per category. In the present
study 1000 UAS images were selected to classify black locust and non-black locust. Moreover, varying
CNN architectures are existing and being further developed. We evaluate the classification accuracy
of two widely used CNN architectures: (A) including 6 convolutional layers, 3 max-pooling layers,
1 flatten layer, and 2 fully connected layers as simplified VGG architecture [104]; (B) including 6
convolutional layers, 3 max-pooling layers, 1 flatten layer, 2 fully connected layers, and 4 dropout
layers, which is similar to AlexNet architecture [106]. Our proposed approach (B), which includes
dropout layers, achieved a higher test accuracy at 99.5% compared with the applied VGG architecture
without dropout layers, which achieved a 90% test accuracy. Both CNN architectures achieved a 99.7%
training accuracy. Therefore, the applied VGG architecture tend to overfit the model. Nevertheless,
the applied dropout layers [106] in the applied AlexNet architecture avoided overfitting and allowed
generalization with a 99.5% accuracy by modelling 1,000 images. This is in line with previous
findings discussed in Li et al. [73], who found that the AlexNet architecture achieved the highest
accuracy in oil palm tree detection (satellite images) compared to LeNet [149] and VGG-19 architecture.
Single image classification of black locust, as applied in the present study, could be advanced
in further studies by applying CNN architectures for segmentation (e.g., semantic or pedestrian
segmentation) [62,145,150–152]. It is important to stress that the described CNN architectures were
tested on images of black locust in a short-rotation coppice at one site in a variation of flying altitudes
(15 m, 30 m, and 100 m), light conditions (sunny and cloudy), UAS (Microdrones MD4-1000 [82] and
dji Mavic Pro [85]), and cameras (SONY-ILCE-5100 [87] and DJI FC220 [85]). For a comprehensive
training and the applicability to different sites, further images of black locust from different age classes,
health conditions, seasonal change of leaf colors (e.g., spring and autumn in Central Europe), tree
heights, stand densities, competition [119], multiple mixed stands, environments, drones, etc., are
needed, but this methodology offers a new possibility for faster and automatic detection of black locust
and other tree species.

This study focuses on the reproduction of black locust in short rotation coppices in Germany in
order to improve the estimation of the spreading and survival potential. The analysis of generative
and vegetative reproduction shows that scarification increases germination, the numbers of shoots
per stump decrease with time, and sprouting is influenced by light availability. Our research study
gives an overview of the invasiveness potential and reproduction strategies of black locust in short
rotation coppices, which is important for managing black locust effectively, for example for biomass
production and nature conservation.

5. Conclusions

This study provides an overview of the reproduction strategies of black locust by analyzing
the reproduction and spreading in ten short rotation coppices in Germany. The seed experiments
focus on six different treatments in five iterations and show that seed germination increases with
increasing warm-cold variation (23%–69%), hot water scalding (72%), and mechanical scarification
(90%) of the hard and impermeable seed coat. Furthermore, after scalding with hot water, the seed
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germination reached the highest standard error of the mean. Moreover, the findings showed that the
seed germination is less than 10% when seeds were directly seeded or soaked in water (18 ◦C/64.4 ◦F)
for 24 h. Stump shoots were counted in sample plots in varying age classes (1–3 years). The numbers of
shoots per stump decrease as shoot age increases, which differs significantly by comparing age classes
1 and 3, as well as 2 and 3. Spreading of root suckers was analyzed with the aid of UAS platforms
and image analysis via OBIA. The spreading distance increases with increasing light availability and
is decreases with tillage. Thereby, the proportion and average spreading distance are highest if the
surrounding area is a dirt road or meadow. The proportion and distance were lower if the neighboring
area is a forest or farmland. Furthermore, we tested a CNN model to classify black locust under
varying conditions in single images (1000 images) and achieved a high accuracy of 99.5% by including
6 convolutional layers, 3 max-pooling layers, 1 flatten layer, 2 fully connected layers, and 4 dropout
layers. The methodology and results presented herein provide local managers, foresters, and scientists
with the opportunity to estimate reproduction and spreading of black locust and other tree species.
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