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Abstract: The study of above-ground biomass (AGB) is important for monitoring the dynamics of the
carbon cycle in forest ecosystems. The emergence of remote sensing has made it possible to analyze
vegetation using land surface temperature (LST), Vegetation Temperature Condition Index (VTCI)
and evapotranspiration (ET) information. However, relatively few studies have evaluated the ability
of these variables to estimate AGB in temperate forests. The aim of the present study was to evaluate
the relationship of LST, VTCI and ET with AGB in temperate forests of Durango, Mexico, regarding
each season of the year and to develop a AGB estimation model using as predictors LST, VCTI and
ET, together with topographic, reflectance and Gray-Level Co-Occurrence Matrix (GLCM) texture
variables. A semi-parametric model was generated to analyze the linear and non-linear responses of
the predictive variables of AGB using a generalized linear model (GAM). The results show that the
best predictors of AGB were longitude, latitude, spring LST, ET, elevation VTCI, NDVI (Normalized
Difference Vegetation Index), slope and GLCM mean (R2 = 0.61; RMSE = 28.33 Mgha−1). The devel-
oped GAM model was evaluated with an independent dataset (R2 = 0.58; RMSE = 31.21 Mgha−1),
suggesting the potential of this modeling approach to predict AGB for the analyzed temperate
forest ecosystems.

Keywords: AGB; surface temperature; Vegetation Temperature Condition Index; evapotranspiration

1. Introduction

The study of forest biomass is crucial for monitoring the carbon dynamics of terrestrial
ecosystems, which are relevant data in the climate change context [1]. Biomass estimation
and monitoring allow the reserves and carbon capture rates of forest ecosystems to be
quantified [2]. According to the Intergovernmental Panel on Climate Change (IPCC) United
Nation Programme, carbon reserves in forest ecosystems are mainly found in the following
places: above-ground biomass (AGB), below ground biomass, forest litter layer, woody
debris and organic matter in soil [3,4].

AGB accounts for about 70% of the forest biomass and constitutes 30% of the carbon
reserves in terrestrial ecosystems [5]. AGB is a central criterion for programs seeking
climate change solutions, such as Reducing Emissions from Reforestation and Forest Degra-
dation (REDD+) United Nations Programme, and carbon trading [5–7]. Direct methods to
estimate AGB are based on field measurements, sometimes requiring destructive methods
to determine the biomass of each subject, as well as the amount of carbon in a sample of
trees, and lastly, generating mathematical models or allometric equations, which allow
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indirect estimation, i.e., from dasometric measurements [8]. These data are fundamental
for monitoring forest resources; however, they are highly expensive and require significant
human effort.

Given this problem, the use of satellite technologies has been proposed, specifically
remote sensors for AGB’s indirect estimation. These have several benefits, including:
(1) cost reduction, (2) data generation in difficult access areas, (3) data capture on a regional
scale, (4) availability of historical data with consistent characteristics (i.e., periodic sampling,
same schedule, same area) and (5) data capture from spectral bands beyond the visible
spectrum [9]. Combining in situ measurement data with satellite data allows spatial and
temporal expansion of AGB in forest ecosystems [10].

Multispectral data allow for the estimation of vegetation indices, important variables
for analyzing photosynthetic activity and forest canopy structure [11,12]. Several studies
have tried to estimate AGB from this type of data [6,9,10,13–15]. For example, López-
Serrano et al. [10] used Normalized difference vegetation index (NDVI), Soil-adjusted
vegetation index (SAVI), texture metrics of Gray-Level Co-Occurrence Matrix (GLCM) and
topographic and climatic data to estimate AGB with SVM in temperate forests.

In addition, the land surface temperature (LST) is a variable that can be estimated from
satellite images, with thermal infrared band data, which provides spectral information
on the energy exchange between solar radiation and the surface [16,17]. For example,
Leeuwen et al. [17] evaluated the use of LST data to monitor deforestation processes in
tropical forests in Brazil and concluded that LST data allow distinguishing between wooded
and deforested areas, as well as quantifying deforestation.

One of the most important aspects of the LST-vegetation relationship are the seasonal
changes [17]. Pongratz et al. [18] observed that the LST increases in areas with less forest
cover, especially in dry seasons, compared to denser forests. A few studies have evaluated
the use of LST for estimating AGB [19]. For example, Jiang et al. [1] evaluated the LST
potential to improve AGB predictions in Chinese coniferous forests. They concluded that
incorporating LST data into nonlinear models improves the AGB estimation efficiency.
These studies are, nevertheless, still relatively scarce. For example, in the literature review of
landsat LST applications for forest resources monitoring by Rosas-Chavoya et al. [19], only
one out the 155 reviewed studies in the period 1995–2020 used LST to map forest biomass.

On the other hand, evapotranspiration (ET) is deemed as a variable closely related
to carbon fluxes and biomass incorporation into forest ecosystems [20–22]. The Moderate
Resolution Imaging Spectroradiometer (MODIS) instrument delivers the ET-8 day product,
which provides data on 8-day accumulated evapotranspiration (kg m−2). In addition, one
factor faced by forest ecosystems is drought stress, which occurs when potential evapo-
transpiration is greater than actual evapotranspiration [23]. The Vegetation Temperature
Condition Index (VTCI) has been used as an indicator of drought and vegetation wa-
ter stress [24]. Although these environmental factors are determining criteria for forest
ecosystems, an evaluation of their efficiency for AGB estimation is required.

The relationship between environmental variables and AGB is usually complex, so
an algorithm that captures these non-linear relationships between the dependent variable
(AGB) and the predictor variables is required. Generalized Additive Models (GAMs) can
describe complex relationships between AGB and environmental predictor variables. That
is why they are deemed suitable for research in forest areas [25,26].

The aim of this paper herein was to evaluate the relationship of satellite information
(LST, VTCI and ET, at different seasons) with AGB in temperate forests of Durango, Mexico.
It is also aimed at generating a model in which LST and some associated variables, such
as LST, VCTI and ET, together with topographic, reflectance and texture variables, for the
estimation of observed AGB from field data from Permanent Forest and Soil Research
Sites (SPIFyS) in temperate forests of Durango, Mexico. This was based on the following
hypotheses: (1) The AGB relationship is different according to climatic conditions of each
season of the year: (2) LST, VCTI and ET, together with topographic, reflectance and texture
variables, could potentially be used as AGB predictors.
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2. Materials and Methods

This study was conducted in temperate forests of the state of Durango, Mexico
(Figure 1), which covers approximately 4.9 million hectares. These forests grow in the
region named Sierra Madre Occidental; they show a wide tree diversity, predominating
the Pinus and Quercus. Their elevation gradient goes from 363 and 3190 m. The climate
is temperate humid with summer rains; average annual temperature ranges from 8.2 to
26.2 ◦C, while the average annual precipitation ranges from 443 to 1452 mm [27].
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Figure 1. Study area. (a) Permanent forest and soil research sites (SPIFyS in Spanish). Temperate
forest polygon taken from Land-Used Map Series VI, which was developed by the Instituto Nacional
de Estadística y Geografía (INEGI). (b) Location of study area.

2.1. Field Data

The AGB field data correspond to 318 SPIFyS, which were settled in 2011 and have
been sampled periodically (every 5 years). These are part of one of the most consistent
databases on growth, production and evolution of forest stands in Mexico [28]. SPIFyS
have a dimension of 50 × 50 m. At each plot, direct dasometric measurements were made,
i.e., diameter at breast height, height and wood density. AGB (Mg ha−1) was subsequently
calculated using allometric formulas previously developed by Vargas-Larreta et al. [29].
Data used in this study resulted from a sampling in winter 2017 (Table 1).

Table 1. Descriptive statistics of AGB field data from Durango temperate forests.

Plot
Number

Range
(Mg ha−1)

Mean
(Mg ha−1)

Standard
Deviation
(Mg ha−1)

Coefficient of
Variation (%)

318 2.05–92.34 31.03 18.14 0.58



Forests 2023, 14, 299 4 of 17

2.2. Image Acquisition

Landsat 8 satellite (OLI-TIRS) data were downloaded from the USGS Earth Resources
Observation and Science (EROS) Center Science Processing Architecture (ESPA) platform,
which allows requests for satellite products with different characteristics (i.e., radiometric
correction, reference system, pixel size, file format) [30]. Bands 5 and 4 with SR correction
were requested, and band 10 with brightness temperature data. Images from scenes 30/43,
30/44, 31/42, 31/43, 31/44, 32/42, 32/43 were selected for the four seasons of the year
(Table 2). The selection criterion was the presence of less than 20% cloud cover.

Table 2. Path/Row and acquisition dates of utilized images for Landsat 8.

Row/Path
Acquisition Date

Winter Spring Summer Autumn

30/43 4 February 2017 27 May 2017 30 July 2017 19 November 2017
30/44 4 February 2017 11 May 2017 30 July 2017 19 November 2017
31/42 11 February 2017 2 May 2017 22 August 2017 26 November 2017
31/43 11 February 2017 2 May 2017 22 August 2017 26 November 2017
31/44 11 February 2017 2 May 2017 6 August 2017 26 November 2017
32/42 2 February 2017 9 May 2017 29 August 2017 17 November 2017
32/43 2 February 2017 9 May 2017 29 August 2017 17 November 2017

Similarly, evapotranspiration data was obtained from the MODIS product “MODIS/Terra
Net Evapotranspiration 8-Day V.6” [30], which has a resolution of 500 m and provides data
on 8-day accumulated evapotranspiration (kg m−2) (Table 3).

Table 3. Path/Row and acquisition dates of utilized images for Evapotranspiration of MODIS.

Acquisition Start and End Dates

Row/Path Winter Spring Summer Autumn

MYD16A2 8/6 10 February 2017–17
February 2017 2017 May 17–2017 May 24 21 August 2017–28

August 2017
17 November 2017–24

November 2017

Lastly, a cloud and cloud shadow masking approach with Landsat and MODIS quality
bands was used in order to remove pixels that could be affected by weather conditions.
This is a necessary process to ensure reliability of satellite products [31,32].

2.3. Estimation of Land Surface Temperature (LST)

LST was estimated using Planck’s formula (Equation (1)), where TB is the brightness
temperature of Landsat 8 TIRS band 10; λ is the wavelength of radiance values, ρ is a
constant value of 14,380 for this sensor and ε is the surface emissivity of each pixel. Lastly,
LST values obtained in the Kelvin scale were converted to Celsius, subtracting 273.15. The
process was conducted in the QGIS 3.16.15 raster calculator [33,34].

TS =

 TB

1 +
(

λ× TB
ρ

)
lnε
− 273.15

 (1)

Surface emissivity (ε) was calculated with the equation developed by Sobrino et al. [35]
(Equation (2)), which uses the predefined constants for the sensor of 0.986 and 0.0004, as
well as the NDVI per pixel, NDVImin and NDVImax (maximum and minimum NDVI
present within the study area).

ε = 0.986 + 0.0004×
(

NDVI − NDVImin
NDVImax− NDVImin

)2
(2)
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2.4. Spectral Indices

The Soil-Adjusted Vegetation Index (SAVI) is used to identify areas where vegetation
cover is low. The SAVI is calculated as a ratio between the red band (R), near-infrared
band (NIR) values with a soil brightness correction factor (L). For the Landsat 8, this factor
is a constant value of 0.5 (Equation (3)).

SAVI =
(

NIR− R
NIR + R + L

)
∗ (1 + L) (3)

The Normalized Difference Vegetation Index (NDVI) developed by Rouse et al. [36]
is a measure of photosynthetic activity and vegetation vigor. It was estimated using the red
band (R) and near-infrared band (NIR) of the Landsat 8 OLI sensor (Equation (4)).

NDVI =
R− NIR
R + NIR

(4)

The Vegetation Temperature Condition Index (VTCI) was subsequently estimated.
This index has been used to monitor the spatial distribution of drought conditions. It
was developed by Wang et al. [24]. VTCI is calculated based on Equations (5)–(7), where
LSTmax and LSTmin are the maximum and minimum LST values for pixels with the same
NDVI value; a, b, a′ and b′ are the coefficients of a linear regression between the maximum
and minimum NDVI values with respect to LST.

VTCI =
LSTmax(NDVIi)− LST(NDVIi)

LSTmax(NDVIi)− LSTmin(NDVIi)
(5)

LSTmax(NDVIi) = a + b(NDVIi) (6)

LSTmin(NDVIi) = a′ + b′(NDVIi) (7)

2.5. Topographic Variables

Topographic variables were derived from the Digital Elevation Model (DEM) with
a 30 m spatial resolution by the Shuttle Radar Topography Mission (SRTM), which was
downloaded from the US Geological Service website (https://earthexplorer.usgs.gov,
accessed on 28 April 2022). Those variables were calculated from the DEM using the QGIS
3.16.15 software [33] (Table 4).

Table 4. Topographic variables.

Topographic
Variable Equation Description

Elevation Elv = Z(x, y) Vertical distance of a point on the earth’s surface
above sea level. Oliver et al. [37].

Aspect Tθ = arctan
(
−H
−G

)
North-facing tilt angle of the area. Horn [38].

Slope s = arctan
(√

p2 + q2
)

Inclination to the horizontal. Oliver et al. [37].

Plane curvature CW = 2 DH2+EG2−FGH
G2+H2

Direction of the slope with the highest angle.
Zevenbergen and Thorne [39].

Wind
Exposition

Index

HL =
∑n

i=1
1

ln(dLHi) · tan−1( dLZi
dWHi )

∑n
i=1

1
n(dLHi)

Calculates the wind effect in all directions.
Böhner [40]

Where: Z, elevation; p and q are the components of the gradient vector of slope; D, F, G and H were derived
according to the equation of Zevenbergen and Thorne [39]; dWHi and dLHi horizontal distance in windward and
leeward, dLZi vertical distance to raster cell [40].

2.6. Texture Metrics

Texture variables of the LST layer (Table 5) were calculated from a gray level co-
occurrence matrix (GLCM). This method results in different variables based on the same
raster layer. Each of these variables allows contrasting specific texture properties to high-

https://earthexplorer.usgs.gov
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light the image’s heterogeneity [41]. Texture variables were generated for a 3 × 3 kernel,
using Rstudio’s “glcm” package [42].

Table 5. Texture variables derived from GLCM.

Texture Variables Equation Description

Mean ME =
Ng
∑

i,j=1
i ∗ P(i, j)

Mean of the probability values from
GLCM. It is directly related to the

spectral heterogeneity.

Variance SD

√
Ng
∑

i,j=1
(i− u)2 P(i, j)

Measure of the global variation in the
image. The increase in the values,

meaning higher levels of
spectral heterogeneity.

Homogeneity HO =
N−1
∑

i,j=0
i Pi,j

1+i−j2

Measure of the uniformity of grey-tones
in the image.

Contrast CO =
N−1
∑

i,j=0
i Pi,j(i, j)2

Quadratic measure of the local variation
in the images.

Dissimilarity DI =
N−1
∑

i,j=0
i Pi,j[i− j]

Linear measure of the local variation in
the image.

Entropy EN =
N−1
∑

i,j=0
i Pi,j

[
−lni − Pi,j

] Measure of the disorder in the image.
This measure is inversely related to the

second moment.

Second moment SM =
N−1
∑

i,j=0
i

2
P
I,J

Measure of the order in the image. It is
related to the energy required for

arranging the elements in the system.

Correlation CC =
∑i,j ijP(i,j)−µxµy

σxσy

Measure of the linear dependency
between neighboring pixels.

Where: P(i,j) = Entries in a normalized gray-tone spatial-dependence matrix; Ng = Number of distinct gray levels
in the quantized image.

2.7. Statistical Analysis

Alignment of the raster layers was conducted to standardize the spatial resolution and
pixel size. This process was the starting point for the statistical analysis. With the zonal
statistics plugin of the QGIS 3.16.15 software [33], the SPIFYS data were extracted with a
50-m buffer to obtain information linked to each of the predictor variables (Table 6).

Table 6. Predictor variables.

Variable Equation Resolution (m) Units

NDVI (4) 30 × 30 −1 to 1
VTCI (5) 30 × 30 0 to 1
SAVI (3) 30 × 30 −1 to 1
LST (1) 30 × 30 ◦C

Evapotranspiration [35] 500 × 500 kg m−2

Longitude 30 × 30 DD
Latitude 30 × 30 DD

Mean Table 5 30 × 30 -
Variance Table 5 30 × 30 -

Homogeneity Table 5 30 × 30 -
Contrast Table 5 30 × 30 -

Dissimilarity Table 5 30 × 30 -
Entropy Table 5 30 × 30 -

Second moment Table 5 30 × 30 -
Correlation Table 5 30 × 30 -
Elevation 30 × 30 meters

Aspect Table 4 30 × 30 grades
Slope Table 4 30 × 30 grades

Plane curvature Table 4 30 × 30 1/100 of z
WEI Table 4 30 × 30 5 to −5

Where: NDVI = Normalized Difference Vegetation Index; VTCI = Vegetation Temperature Condition Index;
LST = Land Surface Temperature; WEI = Wind Exposition Index.
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A Pearson’s correlation analysis (r) was used to identify variables most linked to AGB.
Lastly, a multicollinearity analysis between variables was conducted using the variance
inflation factor (VIF). Variables with a VIF value above 10 were removed, as this means that
there is collinearity with some other variable [1,43].

Once variables were selected, a GAM was performed, i.e., a semi-parametric model
that allows linear and non-linear responses of the predictor variables based on a dependent
variable to be analyzed. GAM models have been successfully used to analyze AGB values
and forest structure with data from remote sensing [25,26]. GAM regression was conducted
in RStudio with the “mgcv” package [44,45].

The deviance explained values and the Akaike information criterion (AIC) were
obtained, which analyzes the relevance and fit of a model based on complexity; a lower
AIC value means a better fit in the model [46]. In addition, a prediction map was made
using the layerstack of the previously selected predictor variables as input.

The coefficient of determination (R2) and the root-mean-square error (RMSE) were
estimated using Equations (8) and (9), where yi is the AGB value observed in the field, ŷi

is the value estimated by the model,
−
y i the average AGB, n the number of observations

and p the number of model parameters. R2 and RMSE data allowed the goodness of fit of
evaluation models to be quantified:

R2 = 1− ∑n
i=1(yi ŷi)

2

∑n
i=1

(
yi
−
y i

)2 (8)

RMSE =

√
∑n

i=1(yi ŷi)
2

n− p
(9)

Likewise, a verification of the model was carried out, using an independent field
dataset (n = 50), in order to evaluate the AGB predicted from the model values.

3. Results

Pearson’s correlation analysis showed that AGB had a negative relationship with LST,
which was stronger in spring (r =−0.58). As for NDVI and VTCI, a positive relationship was
observed, which was also stronger in spring (r = 0.63 and r = 0.32) (Figure 2). ET showed
a weak positive relationship, although it becomes slightly stronger in winter (r = 0.43).
Regarding the texture variables, the mean and variance variables showed the highest
positive correlation. Lastly, the topographic variables with the highest AGB correlation
(Figure 3) were altitude (r = −0.12), slope (r = 0.10) and curvature (r = 0.10). The GAM
model was built with the highest AGB correlation (positive or negative) variables.

Most predictor variables and AGB showed a non-linear relationship. The variables
GLCM_mean, longitude, latitude, LST, VTCI, NDVI, ET, were significant (p < 0.001), and
explained between 10.6% and 48.1% of the total variance (Table 7). In addition, four
interactions between two variables were tested. All tested interactions were significant
(p < 0.001), with percentages of deviance explained ranging from 33% to 36.6% (Table 8).
Three out of these interactions were considered as potential GAM components.
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Table 7. Individual effects of variables on AGB in GAM models.

Variable edf Residual_df Deviance
Explained Adjusted R2 p-Value

NDVI 3.08 3.99 48.1% 0.469 <0.001
LST 6.32 8.04 38.9% 0.384 <0.001

GLCM_mean 2.73 3.46 34.9% 0.342 <0.001
SAVI 1.38 1.67 34.0% 0.336 <0.001

GLCM_variance 1.86 2.36 34.0% 0.335 <0.001
Lon 6.50 7.62 24.3% 0.223 <0.001
Lat 8.13 8.77 21.8% 0.192 <0.001
ET 1.00 1.00 12.5% 0.113 <0.001

VTCI 9.29 11.05 10.6% 0.101 <0.001
Curvature 1.95 2.52 3.30% 0.021 0.125
Elevation 1.93 2.45 2.78% 0.020 0.057

Where: edf = effective degrees of freedom; Lon = longitude (DD); Lat = latitude (DD); LST = Land Surface Tempera-
ture (◦C); ET = evapotranspiration (kg·m−2); Slope (◦); Elevation (m); GLCM = Grey-Level Co-Occurrence Matrix.

Table 8. Interactions of significant variables on AGB in GAMs.

Interaction
Terms edf Residual_df Deviance

Explained R2 p-Value

LST-Elevation 2.87 3.52 36.6% 0.39 <0.001
LST-ET 9.85 13.21 36% 0.35 <0.001
Lon-Lat 11.94 15.58 33% 0.30 <0.001

LST-Slope 4.27 5.83 30.5% 0.27 <0.001
Where: edf = effective degrees of freedom; Lon = longitude (DD); Lat = latitude (DD); LST = Land Surface
Temperature (◦C); ET = evapotranspiration (kg·m−2); Slope (◦); Elevation (m).

Model Optimization

Variables and interactions were added to the model, and the deviance explained;
RMSE and AIC value were evaluated to determine whether adding a variable improved a
model’s performance. From the six models tested, model six showed a higher explanatory
rate (61.0%) with lower RMSE and AIC (28.33 Mgha−1 and 1994.34) (Table 9).

Table 9. Analysis of deviation in a forward selection regression process in six above-ground biomass
(AGB) models.

No Model Structure Deviance
Explained AIC RMSE

1 AGB = s(lon,lat) + s(LST) + s(VTCI) + s(ET) +
s(Elevation) + s(slope) + s(GLCM_mean) 53.7% 2005.72 30.88

2 AGB = s(lon,lat) + s(NDVI) + s(Elevation) +
s(slope) + s(GLCM_mean) 56.8% 2005.72 30.01

3 AGB = s(lon,lat) + s(VTCI) + s(NDVI) + s(ET) +
s(Elevation) + s(slope) + s(GLCM_mean) 56.8% 1998.27 29.81

4 AGB = s(lon,lat) + s(NDVI)) + s(ET) + s(Elevation)
+ s(slope) + s(GLCM_mean) 56.3% 1995.56 29.80

5
AGB = s(lon,lat) + s(LST) + s(VTCI) + s(NDVI) +

s(ET+ s(Elevation) + s(slope)
+ s(GLCM_mean)

60.2% 1996.01 29.41

6 AGB = s(lon,lat) + s(LST,ET) + s(LST, Elevation) +
s(VTCI) + s(NDVI) + s(slope) + s(GLCM_mean) 61.0% 1994.34 28.33

Where: Lon = longitude (DD); Lat = latitude (DD); LST = Land Surface Temperature (◦C); VTCI = Vegetation Tem-
perature Condition Index; NDVI = Normalized Difference Vegetation Index; ET = evapotranspiration (kg·m−2);
GLCM = Grey-Level Co-Occurrence Matrix; Slope (◦); Elevation (m).

The graphs of each variable against AGB show that VTCI has an increasing linear
relationship. On the other hand, GLCM_mean had a decreasing linear relationship, while
NDVI and Slope showed an initially increasing relationship and tended to decrease as
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AGB increased (Figure 4a–d). The “Longitude, Latitude” interaction showed that areas
with increased ABG are linked to western and southern Durango’s forests. Meanwhile,
the amount of AGB increases in areas with lower LST and ET. Finally, the “LST, DEM”
interaction showed a positive relationship with AGB in areas with lower temperature and
lower elevation (Figure 5).
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Model diagnostic plots (Figure 6) generally help to understand the model performance.
The QQ plot (Figure 6a) shows a normal distribution slightly skewed to the right with long
tails, while the residual plot (Figure 6b) confirms independence of the residuals with a slight
increase in error variability as the AGB amount increases. The residual distribution plot
shows a marked tendency to a normal distribution (Figure 6c), and the overlay plot of the
model’s response data and fitted values indicate a moderate model efficiency (Figure 6d).
Lastly, an AGB prediction map was generated by applying the selected model (Figure 7).
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Finally, Table 10 shows the descriptive statistics and adjustment statistics of the verifi-
cation of the GAM model through the application of the model to 50 AGB data derived
from SPIFyS independent of the dataset used to generate the GAM model.

Table 10. Independent verification of the general model to estimate AGB (Mg ha−1).

Estimated AGB Num. of
Observations Min Max Mean SD R2 RMSE

GAM
calibration 318 2.05 92.33 30.82 18.00 0.61 28.33

Independent
verification 50 4.79 83.25 27.23 18.15 0.58 31.21

Where: Min = minimum value; Max = maximum value; Mean = mean value; SD = Standard deviation.

4. Discussion

Interactions between biological and environmental aspects often have complex behav-
iors (i.e., different from linear), so a model’s predictive capacity depends largely on the
flexibility to identify non-linear relationships [47]. GAM models are capable of identifying
linear and non-linear relationships. Smoothing terms allow for the adjusting of unusual
variance patterns that a linear model would not detect, making it possible to visualize and
add the contribution of each variable to the plugins [48]. For this paper, GAM modeling
was useful to estimate the AGB amount in the temperate forests of Durango, Mexico.

A correlation analysis allowed selecting predictive variables that were subsequently
entered into the GAM model. One of the main challenges faced by spatial models is
parsimony, [49,50] i.e., models with the least number of predictors, which in turn achieve
reasonable estimates. In this paper, a model with moderate precision was developed;
however, the number of variables (nine) allows the estimation process to be simpler.

Our observed negative relationship with LST seems to support previous observations
that LST tends to increase in degraded forest ecosystems or ecosystems with forest loss [51].
For example, Özkan et al. [52], in a study conducted in forests in Turkey, found that
areas with tree cover showed a decrease of 1.14 ◦C compared to surfaces with herbaceous
vegetation. Because forest structure parameters, such as canopy density, are closely related
to the AGB amount [53], so an LST–AGB relationship could be expected.

Teofano et al. [54] analyzed the relation of AGB with indexes vegetation of a forest
plantation; they figured out that this relation changes through the year and it is related with
the phenostage, the growth stage that shows the weakest relation. Likewise, our results
showed that the AGB–LST relationship had variations from the phenological changes of
the plant community throughout the year. The AGB–LST relationship becomes stronger
in spring, which could be explained by higher temperatures and less precipitation this
season, resulting in a more marked contrast between the temperature of the bare soil or
with herbaceous vegetation and areas with high forest density [51].

NDVI is the most widely used spectral index for vegetation analysis. It is a plant
vigor proxy that measures photosynthetic activity [55]. Our results support the AGB–NDVI
relationship described in different studies [9,13,56]. Although the variable with the highest
deviance explained percentage was NDVI, the addition of variables such as LST and VTCI
improved the model efficiency, so they could be considered as potential variables to be
included in AGB models [17].

While VTCI describes regional drought conditions, this index was created consid-
ering LST changes that occur in vegetation, due to stomatal closure caused by drought
stress [24,57]. Forest ecosystems with lower density or under fragmentation processes are
more susceptible to drought stress [58]. The water stress is highly correlated with AGB
due to less water availability and is related with populations with lower rates of ABG
increase [59]. Furthermore, drought stress events have a negative impact on biomass, as
they usually cause massive tree mortality, and favor conditions that can result in forest
fires [60].
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Several studies have used GLCM features as variables of parametric and non-parametric
models [10,61–63]. Iqbal et al. [62] assess GLCM variables to classify different types of crops;
they concluded that GLCM features improved by 13.65% the accuracy of the analysis. In the
present study, of the GLCM texture variables of the temperature layer, only GLCM-mean
was selected, as this variable managed to highlight the heterogeneity in the raster layer and
in turn improved the predictive capacity of the dependent variable (AGB).

The Longitude–Latitude interaction was deemed as an influential variable for the
productivity of an ecosystem. These spatial variables greatly favor the site’s climatic
characteristics (e.g., solar incidence, wind currents, humidity) that determine the photosyn-
thetic and plant respiration processes [21,64–66]. Our observed lower biomass in northern
latitudes agrees with the findings of Gillman et al. [65], who observed that a negative
relationship of latitude with Net Primary Productivity on a global scale. In addition, a
higher biomass concentration is observed in the extreme west of Durango state, near the
Pacific Ocean, a transition zone with tropical deciduous forest [67,68].

The ET–LST interaction showed that, in areas with lower evapotranspiration and tem-
perature, a greater AGB amount is found. Forest cover largely regulates local temperature
through the release of water vapor (transpiration), energy and energy exchange between
the canopy surface and the atmosphere [69]. ET is deemed as one of the most important
LST-shaping mechanisms [70]. Although higher ET rates would be expected in more pro-
ductive ecosystems, some papers mention that this relationship changes throughout the
year; for example, Strilesky et al. [71] analyzed the relationship between biomass and ET in
a forest ecosystem, finding that a greater biomass amount does not lead to higher ET levels
throughout the year, since forest ecosystems with higher biomass show lower ET in dry
months. Our observed stronger relationship with spring water stress indicators seem to
support those seasonal variations in the relationships between ET and AGB.

The elevation and LST relationship allowed identifying a greater amount of AGB in
areas with medium elevation (1500–2000 m). The middle zone of mountainous ecosystems
has a greater amount of precipitation and therefore a higher environmental humidity [72],
which results in a temperature decrease. For example, Liu et al. [72] observed that the
middle zone of a mountainous ecosystem in China had a forest structure with a denser
canopy and a higher carbon sequestration capacity. In addition, the increase in elevation
has a negative relationship with the amount of biomass, as the increase in altitude is
related to the decrease in soil water content [64,73]. The decrease in biomass at the upper
altitude threshold is explained by the species-energy theory, which indicates that, in more
extreme conditions, species tend to reduce their growing seasons length and have slower
metabolic processes, as observed in stands with lower AGB [66,74]. This research focused
on temperate forest; however, in future research it would be interesting to analyze these
relationships for other types of vegetation with a model such as the one developed in this
document. This would allow more potential uses of LST and ET to be identified in the
monitoring of forest resources.

5. Conclusions

The results of the current study showed that the use of GAM models could be adequate
for AGB estimation from remote sensed temperature, water stress and other variables in
temperate forests of Durango, Mexico. Variables such as LST, ET and VTCI combined
with topographic and texture parameters were shown to be useful to understand change
processes in terms of ABG productivity and quantity in temperate forests. AGB and LST
showed a negative and variable correlation throughout the year. This relationship was
clearer in spring (r = −0.58). This seems to indicate that the LST data has greater predictive
potential for AGB in seasons when there is less precipitation and higher temperature,
resulting in a greater contrast between higher and lower AGB plots.

In future studies, it would be useful to analyze the potential of satellite data available
from previous decades to understand AGB dynamics across space and time in temperate
forests such as the ones at the state of Durango, Mexico.
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