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Abstract: At present, there is a high demand for carbon (C) sequestration alternatives; thus, un-
derstanding tree growth and the efficacy of remote sensing techniques to capture forest plantation
ecophysiology is crucial. This study evaluated the effect of contrasting stockings of Gmelina arborea
on its initial growth and aboveground Carbon stock, and the efficacy of aerial images obtained using
drones to capture the crown cover at different stockings. The results indicated that denser stockings
showed greater tree heights and stem diameter increments, contrary to traditional measurements.
The C storage capacity of Gmelina arborea was promising, with an aboveground estimated C stock of
about 13 Mg ha−1 in 9 months, making it a valuable and promising species for CO2 sequestration
under the context of climate change. The use of simple Red-Green-Blue (RGB) cameras and drones
to detect and estimate crown areas in young plantations was mainly viable within the commercial
range of stockings (500–2000 trees ha−1), and can be used as a powerful tool to better understand
tree initial growth. The results showed effective discrimination without weeds independently of
the stocking level; however, when weeds were present, the effectiveness decreased. This research
provides valuable insights into forest management and improves the understanding of the silviculture
behavior of a potential native species for reforestation in the tropics.

Keywords: vegetation detection; canopy identification; remotely manned aircraft (RPA); planting
spacing; gmelina arborea growth

1. Introduction

Forests house staggering amounts of carbon (C)—roughly 662 billion tons—accounting
for over half of the global C stock in soils and in vegetations. Therefore, forests represent a
cost-effective solution to tackling the issue of climate change as the photosynthesis process
remains the most efficient method for sequestering C from the atmosphere, thus mitigating
the greenhouse effect worldwide [1].

Forest plantations have become increasingly important for C sequestration and for
the supply of forest products. While they account only for 7% of the world’s forest areas,
with approximately 300 million ha, forest plantations supply roughly 50% of the wood
demands of the entire world [2]. In Mexico, surveys estimate nearly 100,000 ha of forest
plantations [3]; however, 70% of forest products are imported [4], thus presenting a great
opportunity to expand forest plantation in the country, as there are many regions with a
high potential to grow highly productive forest plantations. Commercial forest plantations
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are booming in Mexico, not only with native species, but also with fast-growing exotic
species, such as the Gmelina arborea species [3].

Forest managers require a great deal of information to implement a forest project,
such as information on species adaptation and on the number of trees per hectare, which
is defined in forestry studies as stocking [5]. Stocking choice is one of the most crucial in
silvicultural planning as the stocking influences the tree growth, amount of Carbon stocked
in stand biomass, silvicultural practices, water consumption at planting, and cutting age [6].
The choice depends on the purpose of the plantation, on the availability of water, light,
and nutrients, and on the genetic material being planted. It is important to understand the
interaction of the stocking with the site and genotype, as the same combination of stocking
and genotype in a different region can lead to a high mortality or to low growth as climate
variables such as the water deficit control this interaction [7].

The monitoring of silvicultural aspects, such as the rhythm of tree growth and canopy
development, is essential to understanding species adaptation, as well as the ideal stocking
for a region. The photosynthetic processes are key to forest plantation yields and are directly
influenced by the canopy architecture. Canopies with a central trunk and multiple layers
of foliage are more productive and efficient than wide, flat, or hemispherical canopies [8].
The crown diameter is also highly correlated with the stem diameter [9], which influences
the plantation yield. In addition, crown development is connected with the sanity and
nutritional status of the tree [10], and reveals an interaction with climate variables such as
the wind and temperature [11].

The images used to detect and classify vegetations are typically multi-spectral, as
spectral bands outside the visible range (RGB) help to distinguish between similar objects
under visible radiation [12]. Common cameras are usually used in Remotely Manned
Aircrafts (RPAs) due to their low cost; however, they are not effective for identifying and
measuring canopies. Some studies have added or removed filters from these cameras
to capture near-infrared frequencies [13,14]. However, post-factory altered cameras are
preferable for simple RGB images and are inferior in quality to the appropriate multispectral
sensors [15].

Tests comparing RBG and multispectral sensors have detected differences in the
accuracy of up to 6.9% in native conifer forests with significant surface vegetation [15].
Studies assessing canopy coverage in denser crops also found difficulties when using RGB
images, especially in plantations subject to seasonal effects. Ashapure et al. (2019) evaluated
cotton plantations and found differences in the 25% canopy coverage estimation between
conventional and multispectral cameras [16]. These differences are mainly due to the high
contrast provided by near-infrared images, and the fact that they are highly reflected by
vegetation and visible red and absorbed by photosynthetically active surfaces [17–19].

Despite these limitations, RGB images have shown a promising performance in studies
carried out in forest plantations [20] to detect necrotic crowns in eucalyptus using aerial im-
ages, and have provided accuracies above 95%. Dendrometric measurements using aerial
images obtained accuracies between 0.74 and 0.93 in hybrid eucalyptus plantations [21].
Failure detections in eucalyptus reached results near 95% [22] and 93% in gene identifi-
cation in mixed cultures [23,24]. A quantitative inventory in a 1.5-year-old Eucalyptus sp.
Plantation also obtained a 95% accuracy in the identification of crowns. However, estimates
of the tree height underestimated the true values by 6.7%, with an RMSE of 10.9%.

RPAs with high quality image acquisition systems provide high definition images
at low costs and at high speed [25]. Pourreza et al. (2021) compared the performance of
RPAs in measuring crown height and diameter and obtained results that were comparable
to those obtained in the field by flights below 100 m, with differences of less than 5%
and an R2 above 0.99 for the correlation equations of linear regression between both
measurements [26]. Pre- and post-grazing measurements in intercropped willow and
pasture showed similar results [27]. Tests in spruce plantations also validated the use
of drones for measuring crown height and diameter, with an R2 of 0.2 in the correlation
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equations [28]. As the canopy and bole diameters are correlated, RPA images allow field
measurements of forest inventory to be complimented or replaced.

These difficulties are augmented in denser areas with low vegetation. Shin (2018)
evaluated the methodology of using RPA images in pine forests with dense undergrowth
and accurately detected 74% of the trees mapped in the field, with 16% false positives [29].
Iizuka et al. (2017) chose not to map shorter trees due to the difficulties caused by the
density of the study site and obtained an RMSE of 1.71 m for measurements of heights
between 16 m and 24 m [28].

The Gmelina arborea is an important timber species used in plantations and reforestation
in Mexico due to its rapid growth. Although it is an introduced species in Mexico, G. arborea
has easily adapted to the humid tropical conditions in the states of Campeche, Tabasco,
Veracruz, Quintana Roo, Chiapas, and Oaxaca. Also, it has adapted to the drier tropical
conditions in the states of Colima, Guerrero, and Yucatan [3,30]. Therefore, it is necessary
to understand the G. arborea characteristics from the first growth stages with the use of
drones and RGB images and to assess the efficacy and practicality of this monitoring system.
This study aimed to evaluate the effect of stockings of Gmelina arborea on its initial growth
and aboveground carbon stock and the efficacy of RGB images to capture crown cover at
different stocking rates.

2. Materials and Methods
2.1. Study Site

The study was carried out in a highly productive clone plantation of Gmelina arborea,
implemented in August 2022. The experiment was carried out in Las Choapas in the state
of Veracruz, Mexico, at the geographic coordinates 17◦52′N and 94◦7′W, with an altitude
of 22 m (Figure 1). According to the data from the National Institute of Statistics and
Geography [31], the region has a tropical monsoon climate (Am according to Koppen
classification). The annual average temperature varies between 29 ◦C and 32 ◦C, while the
average annual rainfall is 2200 mm. The site was used for livestock activities for 25 years
prior to the experiment installation.
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The soil analysis was carried out from the surface to 60 cm deep and showed a textural
distribution of 47% sand, 33% of clay, and 20% of lime. The soil is uniform in this area
and the slope is less than 1%. The soil hydraulic conductivity is 3.50 cm hr−1 and its
apparent density is 1.08 g cm−3. The soil pH is acidic, at 5.12 (ratio 1:2 water), with a
soil organic matter content of 1.68%, determined using the Walkley-Black method [32].
The P, K, and Ca levels are 1.37, 50, and 500 ppm, respectively. Soil preparation was
conducted using a motor manual pitting method, which prepared holes of 80 cm depth
by 30 cm large, creating a volume of prepared soil of about 72 L per seedling. Initial
fertilization consisted of the application of a commercial formula (12% N, 11% P2O5, 18%
K2O, 8% S, 2.7% MgO), applied 15 cm from the base of the tree. Pest attacks were managed
with the application of abamectin-based ant killer. Topical pest control was carried out
through applications of contact insecticide based on ethyl chlorpyrifos. Initial irrigations
were necessary and were carried out manually every 3 days, at a dosage of 10L per plant.
Pruning was carried out in November 2022, January 2023, and May 2023 to eliminate forks
and remove branches broken by the wind and by storms, respectively. Weed control was
carried out manually in a 50 cm radius of the stem, every 3 months or whenever necessary,
with the purpose of keeping the area competition free without using inputs that could
influence crop development. All these practices are common ones in forest plantation to
keep a high growth rate.

2.2. Nelder Experiment Plantation of Gmelina Arborea

The experiment was deployed in circular Nelder (Figure 2), as conducted by many
other researchers with forest cultures [33,34]. Circles of different radii were drawn, starting
from a circular point defined in GIS. The culture was implemented at densities detailed in
Table 1, where circle 1 is the closest and 9 is the farthest from the center.
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Figure 2. Drone image: (a) Red circles splitting the stocking treatments contained in the Table 1 from
300 to 7141 trees ha−1; (b) General view of the experiment.

Table 1. Planting spacing (m2 tree−1) with each corresponding stocking (tree ha−1).

Circle Spacing (m2 tree−1) Stocking (tree ha−1)

1 6.4 7141
2 8.0 4877
3 9.5 3321
4 11.3 2265
5 13.7 1544
6 16.8 1052
7 20.4 716
8 25.0 489
9 30.0 300
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The circles were drawn every 10◦ from the center, generating a total of 36 repetitions
per density (Figure 2a). Each of the 324 trees was geologically referenced for a more accurate
control. The grid of points was inserted into a high-precision GPS (Emlid Reach RS2+),
ensuring the accuracy of the planting points. To evaluate the impact of surface vegetation
on the detection of canopies in the images, weed control was suspended by half of the
repetitions one month before the collection of the aerial images. One month is sufficient in
this tropical wet region to grow some weeds, but tree growth was not affected, captured by
the absence of differences between the two areas with and without weeds.

2.3. Tree Measurements in the Field

Measurements of the base diameter (D) and tree height (H)—dendrometric variables
normally used to estimate tree growth [35]—were carried out manually in the field every
month from 1- to 9-months-old. A team of three people was used: one to measure the
diameter with a 0.2 mm precision digital vernier (Adaskala®, Sao Paulo, Brazil), one to
measure height with a traditional flexometer (Starrett® KTS 5 m, Saltillo, Mexico), and
one to take notes of the D and H values. A biomass equation based on the D and H was
applied individually according to Equation (1) with an R2 = 0.99 and an error of 0.087. This
equation was built for planted Gmelina arborea in Colombia, and was chosen because of the
similar range of diameter compared to the present study [36].

Individual aboveground biomass =
{

86.2− (47.1 ∗ lnD) +
(
15.2 ∗ lnD2 )− [19.2 ∗ (lnD ∗ H)] +

(
19.1 ∗ (H ∗ D2 ))} (1)

The average diameter, height, and individual aboveground biomass measurements
considered each one of the 36 trees as a repetition. The stand level biomass (Mg ha−1) was
estimated using the simple sums of the individual biomass of the 36 trees in each stocking
level (Equation (2)).

Total aboveground biomass
(

Mg ha−1
)
=

∑ individual aboveground biomass
10000

(2)

The aboveground Carbon stocking was estimated by multiplying the aboveground
biomass to 0.5 or 50%, which is a mean value of Carbon content in tree biomass used in
many studies for tropical species [37].

At 6 months of age, the leaf area was measured directly and indirectly. The direct
measurements consisted of measuring the crown height and its diameter in the north–south
and east–west directions. In this work, the crown area is defined as the area occupied in a
horizontal plane by the tree crown [38]. The crown area was calculated by multiplying the
values obtained in both measurements by 25% using parsimony as the crown of this species
does not have a circular nor a diamond shape, but rather branches emitted randomly.
An orthomosaic of the area was created for the indirect method, where a supervised
classification based on the spectral index was applied.

2.4. Red-Green-Blue (RGB) Image Capture

Images of the Nelder experiment plantation of Gmelina arborea were taken using a
DJI Mavic Pro drone (DJI, Shenzhen, China) to create the orthomosaic. The drone had a
12-megapixel Sony camera and a half-inch CMS sensor with an electronic shutter. The
flight was performed at a height of 30 m, with 90% frontal and lateral overlap, at a speed of
30 km h−1, and with a normal flight pattern. The drone images resulted in a high-resolution
RGB orthomosaic with 0.5 cm per pixel. All 1641 photos were loaded into the Agisoft
Metashape software (https://www.agisoft.com/, accessed on 28 September 2023), after
which we converted the coordinate system of the images from decimal degrees to UTM
Zone 15N. Next, we lined up the photos, taking the pixels into account. The quality of this
geoprocessing was high for better georeferencing, which allowed us to obtain a dispersed
point cloud of our area of study. Next, we created a high-quality dense point cloud, from
which a Digital Elevation Model (DEM) was created. Finally, after this process, we created
an orthomosaic that allowed us to indirectly measure the canopy area of the trees.

https://www.agisoft.com/
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Image processing was performed using the QGIS 3.28.4 software, with the aid of
the SCP plugin—Semi-Automatic Classification Plugin [39]. The supervised classification
used 92 samples, distributed into 4 classes (soil, tree shade, grass, and canopy). After the
classification attempts using the Minimum Distance, Spectral Angle Mapping (SAM), and
Maximum Likelihood (MLI) algorithms, the results obtained from algorithms SAM were
found to be visually more appropriate for this study, as was found by Ruwaimana et al.
(2018) [40]. After training the samples, the classification was performed using the spectral
angle mapping algorithm, which calculates the spectral angle between values of a given
pixel and the spectral angle of the samples used in the training (RGB in this case). The
spectral angle θ is determined using Equation (3) [41].

θ(x,y) = cos−1

 ∑n
i=1 xiyi(

∑n
i=1 x2

i
) 1

2 ∗
((

∑n
i=1 y2

i
) 1

2

)
 (3)

where: X = pixel spectral signature vector, y = training area spectral signature vector,
n = number of spectral bands.

2.5. Statistical Analysis

The Curve Expert® Program [42] was used to identify the best model to correlate the
variables. Linear regression was applied to correlate the diameter with the height for the
nine measurements. To correlate the stocking rates with the diameter, height, biomass at
individual and total area, and aboveground C, logarithm models were selected. We also
compared the field measurements of the canopy with the ones estimated by the drone and
analyzed them using linear regression. Finally, error by stocking was also analyzed by
regression using a logarithm regression. Analysis and figures were made in the Microsoft
Excel® (https://www.microsoft.com/en-in/microsoft-365/excel, accessed on 28 September
2023) and R software (https://www.r-project.org/, accessed on 28 September 2023).

3. Results

The stem base diameter (D) keeps a linear relationship with the tree height (H), with
no influence between both variables (Figure 3). The difference in the distribution between
the D (discrete) and H (continuous), shown in Figure 3, is due to the accuracy of the
measurements taken.
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https://www.microsoft.com/en-in/microsoft-365/excel
https://www.r-project.org/
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The canopy diameters are clearly influenced by the density (Figure 4). The maximum
diameters at the end of the measurement were around 5.5 cm for denser densities and
4.2 cm for more sparse densities. The influence of the planting density on the diameter
at breast height (DBH), which was non-existent at the time of planting, becomes more
expressed as the population grows. Similar relationships are found for the tree height,
which showed greater variation than the stem diameter, with final values varying between
1.8 cm and 2.4 cm in different densities.
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Figure 4. Visual illustration of the difference between stockings from 498 to 7144 tree ha−1 (A),
average stem base diameter (B) and tree height (C) increased with increasing stocking rates from 1 to
9 months in Gmelina arborea in Veracruz, Mexico.

The biomass per tree and per ha showed similar patterns, with final values per tree
varying between 4 and 6.5 for less and more dense plantations. The biomass variations
per ha were the highest observed, with values slightly above zero in lower densities and
approaching 30 Mg ha−1 in denser plots (Figure 5).
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The results of the aboveground C stock showed a curve similar to that of the biomass
per ha, with maximum values around 12.5 Mg ha−1; the value increased according to the
increasing tree stocking (Figure 6). The initial aboveground C stock estimated through
Equation (1) is strongly related to the stocking for all ages.
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Figure 6. Aboveground carbon stock increased with the increasing of tree stocking and age. Equation
is presented to the age of 9 months.

Figure 7 shows the RGP image taken by the drone. The classification algorithm
generated four classes: soil, shade, grass, and canopy. The initial observation showed the
expressive presence of pixels classified as trees among the planting rows, which result
from the inability of classifier algorithms to differentiate between weeds and crops using
RGB images.
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In Figure 8, we can see the relationship between the canopy area estimated by the
aerial images and field measurements. In weedy areas, the estimated canopy area remains
within a constant range of between 2000 m2 ha−1 and 3000 m2 ha−1, regardless of its real
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value, and is therefore not usable. In weed-free areas, the estimated values keep a relatively
constant relationship with those measured in the field, at approximately one-third. The
regression equations for areas without weeds showed high R2 values and a p value close
to zero.
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Figure 8. Relationship between canopy area estimated by drone and field measurements, with no
relationship in the area with weeds and a strong relationship in the area without weeds.

The influence of stocking and weeds on the relative error found between the estimates
from the drone images and field measurements was also observed (Figure 9). In the weed-
free area, the error remained constant, with its absolute value increasing as the measured
areas (larger in denser stocking) increased. In weedy areas, however, the error decreases
as the stocking thickens, which can be attributed to the lower presence of weeds, which
induce errors in denser treatments.
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4. Discussion

The aerial drone images successfully discerned the tree canopy in distinct stockings,
which renders the RGB images a powerful tool for forest managers. The definition of the
most adequate stocking for each site and species is one of the most important decisions in
the silviculture of planted forests [5]. The canopy development, which occurs as a function
of tree stockings [7], is directly connected with tree growth [43] and with intraspecific
competition—i.e., the competition among trees in a stand. Thus, having a cheaper option
to capture this tree feature is relevant for forest science.

A lower error percentage was observed for wider stocking treatments, increasing
from 4 to 8% error between the widest and tightest stockings. Iizuka et al. (2017) found
similar results when evaluating high-density plantings. The highest error rates in denser
stockings are caused by the difficulty in distinguishing soil, shade, and canopy in smaller
stockings [28].

The results showed effective discrimination without weeds, independently of the
stocking level; however, when weeds were present, the effectiveness decreased. On one
hand, this reveals that in the absence of weeds, RGB images are a reliable tool for capturing
canopy development. From a practical point of view, this result limits the potential of RGB
images in evaluating canopy areas immediately after weed control. On the other hand, it
presented a limitation of using the technique in a “real world” scenario, where weeds are
often present in the area.

Other researchers have also observed this difficulty when working in similar situ-
ations [29], and an option to deal with this issue is the use of images captured with a
greater number of spectral bands, which show a better performance. Previous studies
have shown that the use of at least four spectral bands generates more accurate results,
especially in terms of near-infrared (NIR) information [44,45]. Thus, a first stage is carried
out, in which vegetation in the image is detected by calculating a vegetation index and
generating a vegetation mask through thresholding. For instance, to separate vegetation
images from soil images, the Normalized Difference Vegetation Index (NDVI) is used when
near-infrared (NIR) information is available [46]. Another possibility would be the use of
hyperspectral images as they provide fine details on the spectral reflectance of each image
pixel [15]. This is especially useful for identifying materials with distinctive spectral signa-
tures, such as different vegetation types, including weeds, which sometimes exhibit visual
similarities in visible spectrum images [47–49]. In addition, the high spectral resolution
helps to reduce misclassification and minimizes false positives, increasing the accuracy
in weed identification [50]. However, it is important to take into account that acquiring
hyperspectral images also presents challenges as specialized sensors and equipment with
high economic costs are required [51,52]. Thus, considering that we successfully achieved
our goal of accurately detecting canopy areas within distinct stockings with an average
error of 5%, alongside the cost-effectiveness of using RGB images, our work draws focus
onto a critical aspect, which is the influence of weed presence as a pivotal factor in ensuring
the attainment of high-quality assessments.

Regarding tree growth, contrary to expectations, the individual height and diameter
increments were greater in denser stockings. The majority of the previous studies on
the effect of stocking in tree growth have shown bigger trees in wider stockings [7,53],
determined by a lower intraspecific competition—i.e., the competition between trees [33].
The total stand biomass presented the same trend as that in other studies, with higher
growth occurring in denser stockings [54]. This distinct result of the individual biomass is
possibly due to some environmental stresses presenting a greater impact on the tree growth
than competition between individuals, whilst the wind and soil characteristics were the
most likely factors to cause this type of response.

High-intensity winds can negatively affect plant growth in forest plantations. By
disturbing the transition zone between the leaves and the atmosphere, winds increase
the transpiration cost of photosynthesis [55]. Winds can also cause branch breakage and
other damage to trees, resulting in biomass loss, a reduced leaf area, and greater exposure
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to pathogens. [56]. In the present study, as an example of the negative effect of wind on
tree growth, two pruning events were carried out due to damage caused by windstorms,
mainly at low densities, which could contribute to the observed pattern of the individual
biomass increasing according to the increasing stocking. The other physical aspect that
could influence tree growth to a greater extent than competition is the density of clayey soil
imposing greater resistance to rooting in young plants [57], mainly because of the previous
soil-use with cattle livestock, which could have generated high soil compaction [58]. A
higher planting density implies a greater volume of prepared soil. For example, comparing
the tightest (7141 tree ha−1) with the widest stocking (300 tree ha−1), the soil preparation
was 514 vs. 22 m3 per hectare, considering an individual soil preparation volume of 72 L,
which could have facilitated root development, and consequently initial growth, in denser
stocking [59]. It will be fundamental to follow the experiment growth to see whether this
unique behavior of higher individual growth in denser stockings will continue with age.

The aboveground C stock reached values of 13 Mg ha−1 in 9 months in the densest
stocking. By converting the Carbon stock in biomass to the CO2 equivalent (conversion
rate of 3.66 based on the relative mass of C compared to CO2 mass), the Gmelina plantation
would capture about 47 t CO2e ha−1 in the denser stocking. As a comparison of the high
potential of the culture in the region to mitigate the negative effects of climate change,
our trial showed two-to-three-times higher productivity when compared to other studies
evaluating Gmelina arborea [60,61].

5. Conclusions

In this study, the use of simple RGB cameras and drones to detect and estimate crown
areas during the initial growth of Gmelina arborea plantations was mainly viable within the
commercial range of stockings (500–2000 trees ha−1) and should be investigated for other
crops in order to improve forest management and provide a better understanding of the
ecophysiological behavior of forests. This methodology of using RGB images improved the
management, and it could help to monitor other natural resources like forests, rivers, lakes,
and other landscape features.

The C storage capacity of Gmelina arborea was promising, with an aboveground es-
timated C stock of approximately 13 Mg ha−1 or 47 Mg CO2e ha−1 in 9 months, making
it a valuable and promising species for CO2 sequestration under the context of climate
change. This research provides valuable insights into forest management and improves
the understanding of the silviculture behavior of a potential native species for reforesta-
tion in the tropics. The validation of the methodologies for crop remote monitoring in
its first month is important as these measurements generate critical recommendations for
silvicultural management.
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