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Abstract: Future climate forecasts predict major changes that will have negative impacts on the
distribution, abundance, and dynamics of forest ecosystems. In Mexico, there is evidence of symptoms
of massive forest decline; however, there is no consensus in terms of attributing these symptoms
to climate change. This study aimed to provide evidence of forest decline possibly associated
with climatic change in the highland pine (Pinus hartwegii Lindl.) populations of the Nevado de
Toluca Flora and Fauna Protection Area. Using unmanned aerial vehicles (UAV) equipped with
multispectral sensors, the study applied digital photogrammetry techniques, automated tree crown
detection algorithms, and calculation of the normalized difference vegetation index (NDVI) and
leaf chlorophyll index (LCI) to assess forest health across an altitudinal transect (from 3300 m to
the timberline at 4040 m elevation). Climate analysis was conducted with TerraClimate data using
mean annual temperature (MAT), April temperature, and Palmer Drought Severity Index (PDSI)
from the studied altitudinal transect and its xeric limit. We found that lower altitude populations had
significantly higher stress levels, indicating forest decline phenomena, while intermediate altitude
populations showed greater vigor of the detected trees. Statistically significant differences in the
NDVI and LCI values along the altitudinal gradient provided evidence of forest decline in terms
of forest vigor and productivity, with the greatest disturbance found at the lower altitude of the
examined forest species. The analysis of the climatic data revealed an increase in April temperature
+1.4 ◦C of the xeric limit of the transect (low altitude) when comparing the reference period, 1961–1990
(mean: 12.17 ◦C), with the decade prior to our study (2011–2020; mean: 13.57 ◦C). This would be
equivalent to an upward shift in elevation of 280 m of the xeric limit. In addition, the PDSI analysis
revealed that droughts are becoming increasingly intense at a rate of 0.06 PDSI units per decade,
with greater intensity in the last five years. These findings highlight the negative impacts of climate
change on forest ecosystems and the urgent need for alternative forest management and conservation
practices to increase resilience and adaptation in the temperate forests of Mexico. This study sets a
precedent for further research to improve our understanding of the impacts of climate change on
forest ecosystems and the development of sustainable management practices.
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1. Introduction

Pinus hartwegii Lindl., commonly known as “highland pine”, represents one of the
highest altitudinal limits of arboreal vegetation worldwide [1]. It grows along an altitudinal
gradient primarily ranging from 3000 to 4000 m in elevation in various mountainous areas of
Mexico and Central America [1,2]. One notable characteristic of this species is its tolerance
to the low temperatures typically found in high mountain ecosystems [3,4]. Consequently,
its extreme altitudinal distribution makes it highly vulnerable to climate change [5] because
it does not have available areas at higher altitudes to which it can migrate, as its higher
altitude populations are often close to mountain summits. Similar to forests in other parts
of the world, the P. hartwegii forests have been largely shaped by climatic conditions [6,7].
The climate has now become warmer and is projected to undergo even more changes and
at an unprecedented rate [8]. It is anticipated that the plant species in mountain ecosystems
will undergo changes in their distribution, abundance, and population dynamics [9–11],
which could compromise the region’s high biodiversity and the environmental services
they provide [12].

Climate change scenarios suggest that the combination of increased temperature and
decreased precipitation will lead to a more arid climate in Mexico [13]. Climate change-
related impacts are global and appear to be growing in intensity and frequency [14].
Evidence of this can be seen in the stress symptoms presented by 23% of the world’s forests,
which compromise their resilience to climate change [15]. For example, the forests of the
southwestern USA have experienced the unprecedented death of more than 100 million
trees [16,17]. Furthermore, Allen et al. [18] state that drought and heat events in the
southwestern USA have caused extensive insect outbreaks and mortality in many forest
types, affecting 20 million hectares. Between California and Texas, nearly half a billion trees
have died since 2010 as a result of this phenomenon [14]. These threats are projected to
be more critical at the lower limits of species distribution, such as the xeric boundaries, as
these areas are associated with higher temperatures and arid conditions [19–21].

Given the extensive nature of the ongoing forest decline events [11,22] and the high
cost associated with assessing them through field surveys, the utilization of remotely
sensed information has become necessary [23]. For more than three decades, forest decline
associated with climate change has been studied using satellite platforms [24]. However,
satellite-based information is limited to regional or global scale studies due to its now low
resolution and interference from atmospheric factors (such as cloud cover) that diminish
its quality [25]. The incorporation of new technologies such as unmanned aerial vehicles
(UAV), commonly known as “drones”, presents new opportunities to capture information
with high spatial, spectral, and temporal resolution in forest ecosystems [26], enabling
analysis at the individual tree level of detail [27]. This makes it possible to recognize eco-
logical parameters for the early detection of phytosanitary problems, determination of leaf
phenology conditions, and symptoms of forest decline and mortality that are attributable
to climate change [28–31].

The use of multispectral cameras mounted on UAVs makes it possible to estimate
vegetation indices [32], which are used to monitor variations in the photosynthetic ac-
tivity of forest populations [33]. These variations are key to identifying signs of stress
and defoliation in the crown, which are among the initial symptoms of stress in trees [34].
Spectral indices can analyze physiological changes such as chlorosis, a phenomenon that
often precedes forest mortality processes. Therefore, they are therefore considered in-
strumental in identifying early stages of forest decline [35,36]. The normalized difference
vegetation index (NDVI) is a widely used metric that evaluates photosynthetic activity
by comparing near-infrared and visible light reflectance. It helps assess vegetation health
and monitor changes in plant growth and ecosystem dynamics [37]. Additionally, the leaf
chlorophyll index (LCI) has been developed utilizing the red-edge band. LCI serves as a
proxy for chlorophyll content [38] and is employed to evaluate stress, disease, and decline
in conifers [35].
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In Mexico, a recent analysis by Sáenz-Romero et al. [11] provides evidence of symp-
toms of forest decline attributable to climate change in the Trans-Mexican Volcanic Belt
(TMVB) and northwestern Mexico. However, the authors note that there is no consensus in
the Mexican forest management community in terms of attributing massive forest decline
symptoms to climate change. Given the lack of validated methods in Mexico, the impact of
climate change must be urgently quantified to improve the understanding of how forests
will respond to this phenomenon [7]. In addition, and with special attention to the xeric
boundary, factors such as altitudinal gradient, slope, and aspect must be included in these
assessments [19–21].

The Nevado de Toluca Flora and Fauna Protection Area (NTFFPA) constitutes one
of the main forest resource reserves in central Mexico [39]. This protected natural area is
host to populations of P. hartwegii, a species of high commercial value that is adapted to
the harsh alpine environment of the high-altitude mountains [40]. This species provides
a wide range of ecosystem services to society as recreation opportunities, carbon capture,
and water infiltration. However, it is currently threatened due to global warming, with
models predicting that its populations would need to migrate to higher altitudes to remain
within conditions suitable for growth [41,42]. To achieve this, an upward migration of
approximately 400 m in altitudinal is estimated to be necessary to align with the projected
climate for the decade centered around the year 2060. However, the summits of the highest
mountains in Mexico have limits in altitude and area that, in many cases, preclude such
migration, even without considering the fact that natural migration mechanisms are too
slow [43]. Therefore, the adaptation of this species to these particular environmental
conditions makes it highly vulnerable to the impacts of climate change [44].

To our knowledge, there are no studies that have used vegetation indices calculated
with UAVs along an altitudinal gradient to detect stress levels in high mountain ecosystems
in Mexico [45]. Therefore, this research aims to provide evidence of possible symptoms of
forest decline in the populations of P. hartwegii present in the NTFFPA. The objective of this
study was to detect differences in the vigor of this species by calculating NDVI and LCI
along an altitudinal gradient within the NTFFPA.

The hypothesis was that P. hartwegii would present different levels of vigor along the
altitudinal gradient, where the greatest forest decline would occur at the xeric limit (sensu
Mátyás [19], lower altitudinal limit of the species). In this way, we intended to establish a
precedent with which to improve the understanding of climate change impacts and help
develop forest management alternatives and targeted conservation practices to increase
resilience and adaptation in the temperate forests of Mexico.

2. Materials and Methods
2.1. Study Area

The study site was located on the eastern-facing slope relative to the NTFFPA crater,
specifically in a transect along the altitudinal gradient where P. hartwegii is distributed. The an-
alyzed forests belong to the municipality of Calimaya in Estado de México. The NTFFPA
covers approximately 54,000 hectares [46] and is limited by parallels of 19◦3′36” and 19◦16′55”
N and meridians of 99◦40′37” and 99◦53′56” W (Figure 1). It is delimited by the 3000 m rise in
elevation toward the summit of the Xinantécatl volcano (known as “Nevado de Toluca”) at
4680 m, which ranks fourth among the highest peaks in Mexico [47]. The dominant soils are
andosols [48], and the climate of the region is cold and semi-cold sub-humid, with an average
annual rainfall of 1050 mm and an average annual temperature of between−2 and +7 ◦C [46].
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Figure 1. Study area (transect with eastern aspect) in Pinus hartwegii forests belonging to the municipality
of Calimaya, Estado de México, within the Nevado de Toluca Flora and Fauna Protection Area.

In a regional context, the NTFFPA is part of the TMVB. This region presents high
biodiversity and wide climatic and geological variability [49], which serve as a valuable
source of ecosystem services (e.g., water supply, carbon sequestration, and biodiversity
protection) [50] and confer a strategic value for conservation studies focused on studying
the effects of climate change [11,51,52].

2.2. UAV Platform Equipped with a Multispectral Camera

The UAV used was a Phantom 4 Multispectral (P4M) multirotor from Dà-Jiāng In-
novations (DJI, Shenzhen, Guangdong, China) (Figure 2). The P4M was equipped with
six sensors: one corresponding to visible light spectrum (RGB) and five multispectral
sensors (blue, green, red, red-edge, and near-infrared), all with a 2 MP global shutter
(see Table S1 of the Supplementary Material) [53]. The P4M had higher accuracy, perfor-
mance, and consistent data capture compared to other multispectral sensor models [54].

The P4M functions based on the principle of performing geo-referencing directly on
board. It was fitted with a global positioning satellite receiver that assigned geographical
tags to each captured image using the corresponding coordinates. This indicates that the
captured images were georeferenced directly while the flight mission was ongoing [55].
The use of a real-time kinematic (RTK) system was unnecessary because the P4M had a
georeferencing system with vertical and horizontal location accuracies of ±0.1 and ±0.3 m,
respectively [53].
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Figure 2. DJI Phantom 4 Multispectral quadcopter used to acquire images, together with the remote
control and mobile device (iPad) used to visualize the Ground Station Pro flight application.

2.3. Planning and Execution of Flights along the Altitudinal Gradient

The flight missions were executed on the dates of 7 and 8 April 2022, which coincided
with the driest and hottest month of the year in this region of the country [56]. Thus,
together with the eastern aspect, the conditions were favorable for evaluating possible
symptoms of forest decline. The flight route for capturing images automatically was
set using the DJI Ground Station Pro application [57]. To cover the distribution area of
P. hartwegii in the study site, four connected and consecutive flights were established along
the altitudinal gradient, i.e., from 3300 m (lower limit of the dominant distribution of
P. hartwegii) to 4040 m (upper limit of its dominant distribution). Each of the four flights
consisted of a grid approximately 200 m in width with flightpath lengths of 1110, 928, 1680,
and 625 m, respectively (Figure 3). The flight was conducted with the followed parameters:
70% frontal and lateral overlap, a flight altitude set at 70 m above ground level (although
elevation varied along the flight due to the rough terrain and pronounced slope), and a
camera angle of 90◦. The flights were conducted under sunny and clear sky conditions
(no clouds), as close to noon as possible to avoid shadow interference, and with wind
speeds below 5 km/h (see Table S2 of the Supplementary Material).

2.4. Photogrammetric Processing of UAV Images

Photogrammetric and computer vision techniques were employed using RGB and mul-
tispectral images, utilizing OpenDroneMap (ODM), a free and open-source software [58].
The results obtained from this software were comparable to those of commercial options.
However, ODM offered multiple customization options, shorter processing time, and
available documentation, which made it a favorable option [59].
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Figure 3. Flight missions programmed with DJI Ground Station Pro along the altitudinal gradient
on which Pinus hartwegii is distributed: (a) flight covering 4040 to 3700 m; (b) flight covering 3700 to
3560 m; (c) flight covering 3560 to 3400 m; (d) flight covering 3400 to 3300 m.

This software utilizes Structure from Motion (SfM) and Multi-View Stereo (MVS)
algorithms to build 3D models from sequences of 2D images that exhibit a substantial
level of overlap [60]. Initially, a sparse point cloud is produced using the SfM algorithm,
and a dense point cloud is subsequently produced using the MVS algorithm. The dense
point cloud with spectral information derived from the input images represents the main
output of the UAV photogrammetry workflow [61]. The dense point cloud undergoes
classification, filtering, and interpolation procedures to create a digital surface model (DSM)
and a digital terrain model (DTM) [62]. These models are subsequently employed to
orthorectify individual images and assemble an orthomosaic [63]. This process results in
multispectral orthomosaics, DSM, and DTM for the designated study area.

2.5. Calculation of Vegetation Indices

The multispectral orthomosaic generated using the photographs captured with the
P4M was utilized to calculate NDVI and LCI using the QGIS 3.28 raster calculator [64].
These vegetation indices are sensitive to changes in the spectral response of trees showing
symptoms of forest decline [65]. NDVI is one of the most widely used and implemented
indices, and it is calculated from multispectral information as a normalized ratio between
the red and near-infrared bands [37]. Mathematically, NDVI is expressed as:

NDVI =
NIR− RED
NIR + RED

(1)

The normalized difference vegetation index (NDVI) was represented with Equation (1),
where RED represents the spectral response captured in the red band and NIR corresponds
to the response in the near-infrared range (see Table S1 of the Supplementary Material).
NDVI values range from −1 to 1. Typically, these values are negative for water bodies,
close to zero for rock, sand, or concrete surfaces, and positive for vegetation cover (crops,
shrubs, grasses, and forests) [37,66]. In other words, NDVI values close to 1 represent more
vigorous vegetation and higher photosynthetic activity.



Forests 2023, 14, 1176 7 of 22

The LCI is a sensitive index for monitoring chlorophyll content in plants [38]. It has
been used to assess vegetation growth and productivity [67,68]. It has also been shown to
be an indicator for assessing stress, disease, and decline in conifers [35]. Mathematically,
LCI is expressed as:

LCI =
NIR− RedEdge

NIR + RED
(2)

where LCI is the leaf chlorophyll index, RED is the spectral response recorded with the P4M
in the red (visible) band, and NIR and RedEdge are the responses in the near-infrared and
red-edge, respectively (see Table S1 of the Supplementary Material). As with NDVI, LCI
values range from −1 to 1, where higher values (1 or closer) indicate higher chlorophyll
content, which is related to nitrogen sufficiency in leaves.

2.6. Detection and Extraction of Information at Individual Tree Level

Numerous methods exist for the detection of individual trees in different forest sce-
narios [69–72]. In the present study, the Tree Density Calculator [73], a plugin to QGIS
developed in C++ and PyQGIS, was utilized due to its high efficiency and operational
flexibility. This tool is designed to detect tree crowns as a function of image brightness
using the local maximum of a sliding window method. This method has been successfully
tested in several forestry studies [74,75].

The premise on which the Tree Density Calculator operates is that the tree canopy
appears as the brightest part of the tree in remotely sensed images. The tool uses a sliding
window that moves over the image, and each window position is verified to determine
whether the central pixel is the brightest in the window. If this is the case, the pixel is
marked as a local maximum (i.e., tree crown) [73]. In its most basic form, the Tree Density
Calculator has only one input parameter, the size of the sliding window, which depends
on the resolution of the images and the size of the tree crowns. In the present study, a
window size of 15 × 15 pixels was used. According to Crabbé et al. [73], this method is
recommended in coniferous forests due to the shape of their crowns and the characteristics
of high-resolution images, such as those provided by the UAV.

After detecting the P. hartwegii trees, the respective information was extracted from the
calculated vegetation indices (i.e., NDVI and LCI). For each detected tree, a simple zone of
influence (buffer) of 4 m in diameter was generated, corresponding to the minimum crown
size for dominant trees of this coniferous species [76]. Likewise, using zonal statistics [77],
the average values of the vegetation indices at the individual tree level were extracted
using QGIS 3.28 software. This algorithm calculated the mean value of the pixels of the
vegetation indices for the entities present in the layer of overlapping polygons (i.e., the
buffer that represented the tree crowns).

For NDVI, the criterion with which to identify individual trees with signs of devital-
ization was that of values equal to or less than 0.4 [78]. For LCI, a criterion value of equal
to or less than 0.09 was used to classify trees as stressed [79]. The function generated the
resulting data in tabular form or as a vector layer file. This same process was used to extract
the altitude in which each of the detected trees was located using the DTM layer generated
in the photogrammetric process.

2.7. Climate Change Time-Series Analyses

In order to explore if the studied year (2022) was atypical or not in the context of a
larger time period and to demonstrate the extent of climatic changes that have occurred in
recent decades, we examined the mean annual temperature (MAT) and April temperature
of the altitudinal transect studied. Additionally, we analyzed the April temperature of
the xeric limit (low altitude) for each year from 1960 to 2022. Furthermore, in order to
characterize how much the level of drought had increased in the study area, we analyzed the
Palmer Drought Severity Index (PDSI), which is a well-known meteorological drought index
proposed by Palmer [80] that encompass the balance between temperature and precipitation,
as well as the soil water retention capacity. This index has been used to demonstrate the
association between the occurrence of hotter droughts (induced by climatic change) with
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the ongoing worldwide forest decline [14], as well as the association between the weakness
of Mexican conifer trees due to drought stress and incidence of bark beetle outbreaks [81].
The data for these analyses were obtained from the TerraClimate website [82]. We obtained
MAT, monthly April temperatures, and PDSI values for each year from TerraClimate
pixels, which represent the climate along the altitudinal transect. We used three pixels that
encompassed our examined elevation range: an upper altitudinal pixel covering altitudes
from 4040 to 3900 m of elevation, an intermediate altitude pixel from 3900 to 3550 m,
and a low altitudinal pixel covering elevations from 3550 to 3300 m. These three values
were averaged to represent the whole transect, and the lower elevation pixel was also
examined separately as proxy to represent the xeric limit of the P. hartwegii elevational
range distribution.

2.8. Statistical Analysis

To detect possible differences in the canopy vigor of P. hartwegii trees in terms of the
vegetation indices (NDVI and LCI) along the altitudinal gradient, a one-way analysis of
variance (ANOVA) was performed using the statistical software R (version 4.1.2, Vienna,
Austria) [83]. Subsequently, a post hoc analysis was performed to determine the significant
differences between each altitudinal range (i.e., 3300, 3400, 3500, 3600, 3700, 3800, 3900, and
4000 m). The means were compared using Tukey’s test with a p-value of ≤0.05.

The workflow of the approach proposed in this study is shown in Figure 4.
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difference vegetation index, DSM: digital surface model, DTM: digital terrain model.

3. Results

A total of 16,734 images were acquired using the P4M sensors, which encompassed
blue, green, red, red-edge, and near-infrared bands. Figure 5 shows the multispectral
orthomosaic digital terrain model, as well as maps of slope and aspect variables derived
from the photogrammetric process using ODM and QGIS 3.28. Together with the four
flight missions, it was possible to cover a horizontal distance of 4343 m along the altitudinal
gradient where P. hartwegii is distributed, ranging from 3300 to 4040 m. Consequently, the
overflown coverage area was 90 ha, with a spatial resolution or ground sampling distance
(GSD) of 10 cm [84].
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Figure 5. Multispectral orthomosaic digital terrain model (DTM): maps of slope and aspect variables
derived from the UAV flight.

Using the Tree Density Calculator developed as plugin to QGIS, 4861 P. hartwegii trees
were detected. Figure 6 shows an overview of all the detected trees (yellow dots) along the
altitudinal gradient. It is important to note that, to focus the analysis on forests dominated
by this tree species, a visual interpretation was used to exclude areas with apparent land use
changes and where P. hartwegii occurred at low densities and coexisted with other species.
Likewise, an example of three zones along the altitudinal gradient is shown (Figure 6a–c).
The detected trees were adults (upper stratum) of variable phenotypic formation and open
canopies, which allowed for the efficient detection of trees in this study.

Regarding the estimations of vegetation indices, Figure 7 shows the NDVI and LCI
maps along the altitudinal gradient where P. hartwegii was distributed. The values of the
vegetation indices that referred to the P. hartwegii tree crowns were visually recognizable
in the zones with values close to 1 (i.e., green tones for NDVI and yellow tones for LCI,
Figure 7). The difference was evident between tree canopies and surfaces corresponding to
bare soil or shrub and herbaceous vegetation, with values close to −1 (red tones for NDVI
and violet tones for LCI). However, it was possible to recognize the differences in the values
of both indices in the crowns of P. hartwegii trees along the altitudinal gradient, which was
likely attributable to different stress levels. As a result, Figure 7 demonstrates that each
index displayed a distinct histogram shape. The varying shapes of the histograms indicate
the diverse sensitivity of the indices in distinguishing between categories of disturbance
and/or forest productivity [27].



Forests 2023, 14, 1176 10 of 22Forests 2023, 14, x FOR PEER REVIEW  10  of  23 
 

 

 

Figure 6. Detection and zone of influence (Buffer) of individual tree crowns derived from the Tree 

Density Calculator. (a–c) correspond to approaches at different altitudes along the gradient where 

Pinus hartwegii was distributed. The yellow dots indicate the treetops detected and the red circles 

indicate the zone of influence for each tree crown. 

Regarding the estimations of vegetation indices, Figure 7 shows the NDVI and LCI 

maps along the altitudinal gradient where P. hartwegii was distributed. The values of the 

vegetation indices that referred to the P. hartwegii tree crowns were visually recognizable 

in the zones with values close to 1 (i.e., green tones for NDVI and yellow tones for LCI, 

Figure 7). The difference was evident between tree canopies and surfaces corresponding 

to bare soil or shrub and herbaceous vegetation, with values close  to  −1  (red  tones  for 

NDVI and violet tones for LCI). However, it was possible to recognize the differences in 

the values of both indices in the crowns of P. hartwegii trees along the altitudinal gradient, 

which was likely attributable to different stress levels. As a result, Figure 7 demonstrates 

that each  index displayed a distinct histogram shape. The varying shapes of  the histo-

grams indicate the diverse sensitivity of the indices in distinguishing between categories 

of disturbance and/or forest productivity [27]. 

Figure 6. Detection and zone of influence (Buffer) of individual tree crowns derived from the Tree
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indicate the zone of influence for each tree crown.
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Table 1 provides the descriptive statistics for the indices’ values corresponding to the
crowns of the detected P. hartwegii trees. In terms of the distribution of vegetation indices,
the NDVI exhibited an average of 0.25. Similarly, 25% of the trees displayed values ranging
between 0.7 and 0.4. Conversely, the LCI values were distributed within a narrower range
compared to the NDVI; the maximum value of this index was 0.31, the minimum was
−0.24, and the average was 0.04. This lower range of LCI values could be attributed to the
heightened stress levels experienced by the P. hartwegii trees. Figure 7 visually emphasizes the
photosynthetic activity and varying vitality of the vegetation across the altitudinal gradient.

Table 1. Descriptive statistics of vegetation indices of the detected Pinus hartwegii tree crowns.

Descriptive Measure NDVI LCI

Minimum −0.45 −0.24
First quartile 0.11 0.01

Median 0.28 0.03
Mean 0.26 0.04

Third quartile 0.40 0.07
Maximum 0.70 0.31

Standard deviation 0.18 0.05
NDVI, normalized difference vegetation index; LCI, leaf chlorophyll index.

The above analysis resulted in the formation of a database, which allowed for the
visualization of the behavior of NDVI and LCI along the altitudinal gradient of the 4861 de-
tected P. hartwegii trees (Figure 8). The lower altitude (i.e., 3300 m) populations exhibited
higher stress conditions, represented by lower values of NDVI (mean ± standard error
(SE): 0.048 ± 0.0054) and LCI (mean ± SE: 0.01 ± 0.001). These values increased nine to
ten-fold in the intermediate altitude (i.e., 3600 m) populations, indicating higher tree vigor
detected in terms of NDVI (mean ± SE: 0.44 ± 0.0050) and LCI (mean ± SE: 0.10 ± 0.003).

Subsequently, a one-way ANOVA was performed to analyze the effect of altitude on
the vigor of P. hartwegii trees in terms of the NDVI and LCI vegetation indices. The ANOVA
revealed a statistically significant difference in the mean values of NDVI and LCI between at
least two altitudinal ranges [F (value of a test statistic) = 741.8; degrees of freedom (d.f.): 7,
4853; p <0.0001 and F = 396.4, d.f.: 7, 4853; p < 0.0001, respectively]. A Tukey’s HSD test
was performed for multiple comparisons (28 possible combinations) of the means of the
vegetation indices for each altitudinal range (Figure 8). It was found that the mean values
of NDVI and LCI differed significantly in 27 and 24 combinations, respectively. The NDVI
did not differ in the comparison of the altitudinal ranges: 3700 vs. 3800 m. The LCI did not
differ in the comparisons of 3300 vs. 3400, 3500 vs. 3900, 3300 vs. 4000, and 3400 vs. 4000 m.
The NDVI values presented their greatest difference between 3300 and 3600, followed by
3300 and 3700 m, while the altitudinal ranges with the greatest differences in LCI values
were 3300 vs. 3600 and 3400 vs. 3600 m (see Figure S1 of the Supplementary Material).

Significantly devitalized trees were observed in all altitudinal gradients; however,
the highest proportion of stressed trees was found at the xeric limit (from 3300 to 3400 m)
of P. hartwegii (99% of devitalized trees; Figure 9). For NDVI, the stressed trees were
considered to be those with values equal to or less than 0.4 [78]. For LCI, values equal to or
less than 0.09 were used as the criterion for classifying trees as stressed [79]. It is important
to note that, despite considering different criteria to define trees as devitalized in the NDVI
and LCI, the percentage of devitalized trees in Figure 9 showed a high degree of similarity
for both vegetation indices.
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Figure 8. Pinus hartwegii crown vegetation index behavior along the altitudinal gradient. (a,b) indicate
trend along altitudinal gradient for NDVI and LCI respectively (lines were smoothed using the
‘stat_smooth’ function of the ggplot2 package; method Z ‘gam’ in R). (c,d) correspond the boxplot
summarizing the NDVI and LCI values in each of the eight altitudinal ranges. The line across the box
corresponds to the median and the rectangle corresponds to the interquartile range. Boxes with the
same letter do not differ significantly (multiple comparisons of means Tukey’s post hoc test, p ≤ 0.05).
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Figure 9. Density and percentage of significantly devitalized Pinus hartwegii trees (NDVI ≤ 0.4;
LCI ≤ 0.09) along the altitudinal gradient.

The analysis of MAT and April temperature from the studied altitudinal transect and
xeric limit for the period 1960–2022 revealed that the studied year (2022) was not atypical;
it was in line with the longer-term trend of a steady increase in temperatures evident after
1980 (Figure 10a). Furthermore, the analysis of the climatic data of the average of three sites at
contrasting altitudes (low, medium, and high altitude) (see Figure S2 of the Supplementary
Material) revealed that the altitudinal transect has experienced in average a temperature
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increase of 1.03 ◦C when comparing the reference period 1961–1990 (average MAT: 8.95
◦C) against the decade preceding to our study (2011–2020; average MAT: 9.98 ◦C). This
phenomenon was experienced with greater intensity at the xeric limit of the transect (low
altitude; increase of 1.4 ◦C) when comparing the April temperature in the reference period
1961–1990 (mean: 12.17 ◦C) with the decade prior to our study (2011–2020; mean: 13.57 ◦C).
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Figure 10. (a) Trend of the mean annual temperature (MAT, black line) and April temperature along
the studied altitudinal transect (blue line) and April temperature only of the xeric limit (low altitude,
yellow line) for the period 1960–2022. For MAT and April (blue line) temperature, each symbol
represents the average across the upper, medium, and low elevation part of the studied transect
for each year; however, for April, the temperature of the xeric limit only showed the temperature
from the extreme lower altitude of the transect. (b) Annual values of the Palmer Drought Severity
Index (PDSI) of the altitudinal transect (also averaged across upper, medium, and low altitudes of the
transect) for the same period as above panel. The black line represents a five-year rolling-average,
and blue line shows a linear regression to indicate the overall trend.
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Figure 10b shows the PDSI trend along the altitudinal transect. Positive values rep-
resent wetter conditions, while negative values represent drier conditions. A value be-
tween −2 and −3 indicates moderate drought, while −3 to −4 represents severe drought.
The trend from 1960 to 2020 indicates that drought in the study area has increased at a rate
of 0.05 PDSI units per decade, with greater intensity in the last five years (solid lines in
Figure 10b). This trend is slightly higher for the xeric limit of the transect (low altitude), at
a rate of 0.06 PDSI units per decade (see Figure S3 of the Supplementary Material).

4. Discussion

The methodology used allowed for the detection, estimation, and analysis of two
multispectral indices (NDVI and LCI) of P. hartwegii tree crowns at the individual level. The
most notable aspect of this research was to determine that the lower limit of the altitudinal
distribution of P. hartwegii presents higher levels of stress, evidenced by lower NDVI and
LCI values (Figure 8). Likewise, the highest proportion of devitalized individuals (>90%)
was observed between 3300 and 3400 m (Figure 9). The average increase in MAT and
April temperature along the studied altitudinal transect and xeric limit compared to the
reference period of 1961–1990 was 1.03 and 1.4 ◦C, respectively (Figure 10a). These tem-
perature increases seem to be causing a devitalization effect on P. hartwegii populations,
particularly pronounced at the lower distribution limit. This weakening effect was inves-
tigated by analyzing tree-ring variables of this species in the same region of the country,
revealing a decrease in growth rate (less annual ring width) at the low altitudinal limit of
P. hartwegii [85]. In addition, the PDSI analysis revealed an intensification of droughts in
the study area. This index has proven instrumental in understanding how droughts are
triggering amplified outbreaks of bark beetles in temperate forests in central Mexico [81].
Although stress conditions are characteristic of the distribution limits of each species [86],
there was a notable difference between the responses of the species at the lower and upper
limits. Mátyás et al. [87] stated that the most threatened forest communities are those found
at the limits with lower moisture availability and a higher increase in temperatures, i.e.,
the lower altitudinal or xeric limit. The term xeric limit has been introduced to emphasize
the role of the rapidly changing climate in shaping the altitudinally lower limits of species
distribution [19–21,88].

If we consider that April is the warmest and driest month of the year in the studied
region, it is reasonable to assume that the xeric limit was defined by the April climate
to a large extent. Thus, an increase of +1.4 ◦C in April temperature in the last decade is
equivalent to a shifting upwards in altitude by 280 m of this xeric limit (considering a
temperature lapse rate of approximately 0.5 ◦C per each 100 m of altitudinal difference [13]).
This likely indicates that the P. hartwegii populations present occupying elevations close to
3300 m altitude at Nevado de Toluca (notice the low NDVI values between 3300 and 3500 m
in Figure 8) are the ones that will suffer the most due to increasing drought stress and will
likely experience greater risks of bark beetle outbreak occurrences and tree dieback.

Our results are consistent with recent findings regarding the decrease in growth rates
and loss of vigor in temperate forest tree species, especially at their xeric limit. For example,
Ricker et al. [89] developed models that predicted a 10.6% decrease in the relative growth
of P. hartwegii as a result of a 0.6 ◦C temperature increase. Carrillo-Arizmendi et al. [85]
analyzed the dendrochronological series of P. hartwegii and concluded that global warming
appears to be the main driver of variation in the radial growth of this tree species, with
warning signs were observed at the lower extreme of its distribution gradient. Low NDVI
and LCI values at lower altitudes suggest a process of forest devitalization expressed as a
decrease in photosynthetic activity. Increasingly intense and hotter droughts associated
with the xeric limit [14] are causing physiological weakness in trees, promoting damage by
pests and diseases and the eventual appearance of forest decline phenomena [90].

In this regard, Gómez-Pineda et al. [81] reported that 54% of the bark beetle outbreaks
that attack Pinus pseudostrobus were found at the xeric limit of this important conifer species
present in the TMVB. In a description of the recent altitudinal distribution pattern of
Dendroctonus adjuctus (a species strongly associated with P. hartwegii) in forests of central
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Mexico, it was observed that the area with the highest abundance of this insect was between
3400 and 3500 m, with a significant decrease towards the intermediate limit of distribution
of P. hartwegii. Likewise, it was observed that the abundance of Dendoctronus spp. was
variable and related to extreme drought events [91].

The distribution patterns of the devitalized trees found in the present study may also
be related to the decline in the reproductive performance of this species with respect to
an altitudinal gradient. For example, Tejeda-Landero et al. [92] evaluated the viability of
P. hartwegii seeds at four altitudes (3400, 3600, 3800, and 4000 m) within the Cofre de Perote
National Park, Veracruz, Mexico. The main results of this study showed that the highest values
of seed viability occurred at the upper limits, in contrast to those of the lower altitude site.
However, variations in these types of indicators have been found among different mountains.
Alba-Landa et al. [93] compared the seed potential and efficiency of P. hartwegii populations in
La Malinche National Park and Cofre de Perote National Park in Mexico, reporting higher
efficiency percentages for La Malinche (75%) compared to Cofre de Perote (68%) and detecting
development problems for the latter site. This suggests that the dynamics of forest decline
have particular characteristics for each mountain system. Therefore, it is suggested that future
research should conduct more flights in altitudinal transects and different orientations in
various high mountain ecosystems throughout the country.

In contrast, the higher NDVI values and the lower proportion of devitalized trees at the
upper limit of P. hartwegii distribution compared to those at the xeric limit suggest that the
individuals were under conditions of lower stress. This supports Astudillo-Sanchez et al. [94]
who reported that in the upper zones of altitudinal distribution, increased temperature in
shaded and humid conditions may act to increase the number of individuals of P. hartwegii.
Although P. hartwegii is a vulnerable species due to its extreme altitudinal distribution, the
individuals present at the lower limit appear to suffer greater alterations due to climate
change.

The results of the present study suggest that the studied P. hartwegii populations are
already suffering the impacts of climate change. Castellanos-Acuña et al. [95] warned that
by the 2050s, the mean temperature of the coldest month (a variable related to the genetic
adaptation of tree species) will increase by 1.7 ◦C, and a shift towards drier conditions
overall is predicted throughout Mexico. In support of this projection, Manzanilla-Quiñones
et al. [96] reported an increase in mean annual temperature of between 0.7 and 2.1 ◦C and
reductions of between 11.7 and 26.9% in the subalpine niche of P. hartwegii, with Nevado de
Toluca and Pico de Orizaba reported as the sites most susceptible to climate change. Alfaro-
Ramírez et al. [6] emphasized that the area of environmental suitability for P. hartwegii will
be reduced by up to 70% as a result of the increase in temperature.

The above findings seem to coincide with Millar and Stephenson [97], who provided
evidence that the increasingly frequent extreme droughts have been accompanied by
records of decreasing NDVI values, an increase in the area affected by bark beetles, and a
greater forest mortality in temperate forests worldwide. A clear example of this process is
the loss of climatically favorable habitats for conifers in the Sierra Nevada in California,
which has caused massive tree mortality followed by catastrophic wildfires due to a 1.2 ◦C
increase in mean annual temperature since the 1930s [98].

The ranges in which the NDVI and LCI of P. hartwegii reported in the present study
are distributed support that found in other studies. Among those studies that utilized
the NDVI, Dash et al. [28] simulated a disease outbreak and treated trees selected from
a Pinus radiata plantation with herbicide. The NDVI proved to be the most sensitive
vegetation index to physiological changes in leaf pigments, even during the early stages of
tree stress. These findings are consistent with our results, as the NDVI was more sensitive
than LCI in terms of detecting differences between stress levels of the P. hartwegii trees
(Figure 8). Figure 7 displays distinct histogram shapes for each index, indicating the varying
sensitivity of these indices in distinguishing between different categories of disturbance
forest productivity. According to Minařík and Langhammer [99], this underscores the
superior capability of NDVI as the most effective index in this regard. This is based on the
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assumption that high NDVI values in healthy foliage are associated with photosynthetic
activity [100,101] due to the contrast in low leaf reflectance in the red band that occurs with
increased chlorophyll absorption and high infrared reflection within the spongy mesophyll
layer [102]. NDVI values decrease with foliage senescence, which is associated with higher
reflectance in the red band [103,104]. On the other hand, Datt [38] demonstrated that
the LCI presents a higher sensitivity to chlorophyll content, concluded that it was the
best-performing vegetation index, and proposed its use as a new index for the remote
estimation of chlorophyll content in trees of the genus Eucalyptus. Likewise, Eitel et al. [35]
documented that red-edge information improved early detection of stress (changes in
chlorophyll content) in a stone pine–juniper forest in central New Mexico. The authors
concluded that red-edge information has the potential to significantly improve forest stress
monitoring, warranting further research with this technology in forested ecosystems with
symptoms of forest decline possibly associated with climate change [34].

Although the NDVI and LCI vegetation indices employed in our study have demon-
strated ample sensitivity for distinguishing tree devitalization levels along the altitudinal
gradient, we acknowledge the limitations of our research due to the absence of ground estima-
tions of tree vigor or chlorophyll content (or so) data to compare our findings. For example,
we believe that measuring the chlorophyll content of coniferous needles would provide
additional insights into the influence of climatic factors on plant growth and phenological
status. Additionally, for further researches the possibility of conducting phenology and xylo-
genetic studies to enhance the precision of dendroclimatic proxies and its relationship with
the vegetation indices computed with UAV multispectral images should not be dismissed.

The techniques and UAV used in this study made it possible to generate multispectral
orthomosaic and maps of microtopographic variables (i.e., digital terrain model, slope
map, and aspect map) of the study area. A total of 90 ha was covered along the altitudinal
gradient where P. hartwegii was distributed (Figure 1). Although recent literature has
reported an exponential interest in UAV applications in forestry studies [105], the flight
area reported in previous research has not exceeded 30 ha [45]. In addition, the flights
tended to be concentrated on flat areas with regular shapes (most frequently in commercial
forestry plantations). In the present study, the high degree of technical difficulty involved
in overflying 4.3 km longitudinally along an altitudinal gradient in a high mountain
ecosystem is notable (Figure 5). This indicates that short-range remote sensing performed
using UAV represents a promising alternative to complement the information gathered in
the field [61,106].

The methodology used in this study allowed for the detection of 4861 P. hartwegii
trees along the studied altitudinal gradient. Although it was beyond the scope of this
research to evaluate the detection capacity of the applied algorithms by validating them
with field sampling, there is previous knowledge of the high efficiency of tree detection
using information derived from UAV and specialized algorithms. For example, Gallardo-
Salazar and Pompa-García [71] reported 95% detection effectiveness in a clonal orchard of
Pinus arizonica. Mohan et al. [70] documented the entire public-focused workflow, starting
in the area of UAV photogrammetry and achieving detection of 80% of the trees in a Pinus
elliottii plantation. Gonroudobou et al. [107] achieved a maximum tree detection rate of
90.8% in a mountain ecosystem dominated by Abies mariesiesii. The methods used to
detect and geolocate trees from information provided by UAV and photogrammetry are
therefore considered suitable and can be recommended for coniferous forests, especially
due to the shape of the dominant tree crowns, which can facilitate their detection [73].
However, it is important to highlight that tree detection using these technologies may lead
to an underestimation of the actual density of trees present in stands, as only the upper
stratum (dominant trees) can be reliably detected. Combining multispectral information
with airborne LiDAR technology (active sensor) could be of great importance for detailed
monitoring across multiple strata of the ecosystem to better understand the forest decline
related to climate change [108].
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5. Conclusions

Symptoms of forest decline were detected in Pinus hartwegii populations in the form
of low values of the normalized difference vegetation index (NDVI) and leaf chlorophyll
index (LCI). The research hypothesis was therefore confirmed: NDVI and LCI data ex-
hibited heterogeneous behavior along the altitudinal gradient, with a higher proportion
of devitalized individuals found at the xeric limit (lower altitudinal distribution range).
Individuals located in the intermediate part of the altitudinal distribution showed spectral
characteristics associated with conditions of higher plant vigor, which was consistent with
the values reported in the literature for P. hartwegii and other conifer species.

This study conducted along the altitudinal gradient allowed us to demonstrate that
UAV are capable of providing high-quality information, with an adequate spatial and spec-
tral resolution to analyze the stress/vigor conditions of P. hartwegii populations distributed
within the Nevado de Toluca Flora and Fauna Protection Area and a single-tree resolution.
This contributes to knowledge, furthers our understanding of how this species responds
to global warming, and highlights a clear threat to the persistence of these forests and the
ecosystem services they provide. The results of the present study elucidated the factors that
influence the vigor of P. hartwegii populations, which are expected to provide a theoretical
basis for decision-making that will contribute to the development of forest management
alternatives and targeted conservation practices to increase resilience and adaptation in the
high mountain ecosystems.
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Beech (Fagus Sylvatica L.) Xeric Limit Using a Regional Climate Model: An Example from Southeast Europe. Agric. For. Meteorol.
2013, 176, 94–103. [CrossRef]

22. Allen, C.D.; Breshears, D.D.; McDowell, N.G. On Underestimation of Global Vulnerability to Tree Mortality and Forest Die-off
from Hotter Drought in the Anthropocene. Ecosphere 2015, 6, 1–55. [CrossRef]

23. Huang, C.; Anderegg, W.R.L.; Asner, G.P. Remote Sensing of Forest Die-off in the Anthropocene: From Plant Ecophysiology to
Canopy Structure. Remote Sens. Environ. 2019, 231, 111233. [CrossRef]

24. Gallardo-Salazar, J.L.; Sáenz-Romero, C.; Lindig-Cisneros, R.; López-Toledo, L.; Blanco-García, J.A.; Endara-Agramont, Á.R. Three
Decades of Remote Sensing Analysis of Forest Decline Related to Climate Change: A Bibliometric Study. Cuad. Investig. Geográfica
2023. [CrossRef]

25. Paneque-Gálvez, J.; McCall, M.; Napoletano, B.; Wich, S.; Koh, L. Small Drones for Community-Based Forest Monitoring:
An Assessment of Their Feasibility and Potential in Tropical Areas. Forests 2014, 5, 1481–1507. [CrossRef]

26. Torresan, C.; Berton, A.; Carotenuto, F.; Di Gennaro, S.F.; Gioli, B.; Matese, A.; Miglietta, F.; Vagnoli, C.; Zaldei, A.; Wallace, L.
Forestry Applications of UAVs in Europe: A Review. Int. J. Remote Sens. 2017, 38, 2427–2447. [CrossRef]

https://doi.org/10.1080/00040851.1973.12003723
https://doi.org/10.1080/00040851.1975.12003843
https://doi.org/10.1016/j.foreco.2008.10.021
https://doi.org/10.1016/j.foreco.2007.07.005
https://doi.org/10.1371/journal.pone.0229178
https://doi.org/10.1098/rstb.2019.0104
https://doi.org/10.1093/biosci/biz088
https://doi.org/10.1023/A:1024458411589
https://doi.org/10.4000/rga.2877
https://doi.org/10.1139/cjfr-2019-0329
https://doi.org/10.1016/j.ecolind.2019.03.034
https://doi.org/10.1007/s10584-009-9753-5
https://doi.org/10.1038/s41467-022-29289-2
https://doi.org/10.1038/s41586-022-04959-9
https://www.latimes.com/local/lanow/la-me-dead-trees-20161118-story.html
https://doi.org/10.1061/(ASCE)WR.1943-5452.0000984
https://doi.org/10.1016/j.foreco.2009.09.001
https://doi.org/10.1038/4641271a
https://doi.org/10.1007/s13595-011-0011-4
https://doi.org/10.1016/j.agrformet.2013.03.009
https://doi.org/10.1890/ES15-00203.1
https://doi.org/10.1016/j.rse.2019.111233
https://doi.org/10.18172/cig.5639
https://doi.org/10.3390/f5061481
https://doi.org/10.1080/01431161.2016.1252477


Forests 2023, 14, 1176 19 of 22

27. Gallardo-Salazar, J.L.; Carrillo-Aguilar, D.M.; Pompa-García, M.; Aguirre-Salado, C.A. Multispectral Indices and Individual-Tree
Level Attributes Explain Forest Productivity in a Pine Clonal Orchard of Northern Mexico. Geocarto Int. 2021, 37, 4441–4453.
[CrossRef]

28. Dash, J.P.; Watt, M.S.; Pearse, G.D.; Heaphy, M.; Dungey, H.S. Assessing Very High Resolution UAV Imagery for Monitoring
Forest Health during a Simulated Disease Outbreak. ISPRS J. Photogramm. Remote Sens. 2017, 131, 1–14. [CrossRef]

29. Näsi, R.; Honkavaara, E.; Lyytikäinen-Saarenmaa, P.; Blomqvist, M.; Litkey, P.; Hakala, T.; Viljanen, N.; Kantola, T.; Tanhuanpää, T.;
Holopainen, M. Using UAV-Based Photogrammetry and Hyperspectral Imaging for Mapping Bark Beetle Damage at Tree-Level.
Remote Sens. 2015, 7, 15467–15493. [CrossRef]

30. Brovkina, O.; Cienciala, E.; Surový, P.; Janata, P. Unmanned Aerial Vehicles (UAV) for Assessment of Qualitative Classification of
Norway Spruce in Temperate Forest Stands. Geo-Spat. Inf. Sci. 2018, 21, 12–20. [CrossRef]

31. Lin, Q.; Huang, H.; Wang, J.; Huang, K.; Liu, Y. Detection of Pine Shoot Beetle (PSB) Stress on Pine Forests at Individual Tree
Level Using UAV-Based Hyperspectral Imagery and Lidar. Remote Sens. 2019, 11, 2540. [CrossRef]

32. De Castro, A.I.; Shi, Y.; Maja, J.M.; Peña, J.M. UAVs for Vegetation Monitoring: Overview and Recent Scientific Contributions.
Remote Sens. 2021, 13, 2139. [CrossRef]
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