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Abstract. Several remote sensing proxies, such as image texture, have been used to describe the
spatial variation of different tropical forest’s attributes at medium scales. Fourier transformed
ordination (FOTO) and gray level co-occurrence matrix (GLCM) are two texture methods frequently used in these studies but seldom compared. Therefore, the objective of this study was to
compare the potential of these metrics to describe and predict structural and diversity attributes of
a tropical swamp forest located in southeast Mexico. FOTO and GLCM textures were extracted
from the panchromatic (Pan) band, the near-infrared (NIR) and red (R), of a very high spatial
resolution (VHSR) image. Six different types of models that incorporated between one and three
texture variables were constructed to describe each forest attribute. Simpson (R2 ¼ 0.71) and
Shannon (R2 ¼ 0.67) diversity indices followed by the aboveground biomass (R2 ¼ 0.65)
were the attributes that obtained models with a higher goodness-of-fit values. In terms of its
modeling potential, GLCM greatly surpassed FOTO textures. Our results show that VHSR
textures (especially R- and NIR-derived GLCM metrics) allow for a reliable estimation of important tropical swamp forest attributes associated with its diversity and structure. © 2018 Society of
Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1.JRS.12.036006]
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1 Introduction
The term “tropical swamp forest” refers to woodlands found in areas with a seasonal flooding
regime that can be considered equivalent to other terminologies, such as seasonally flooded
forests, forested wetlands, or even certain mangroves.1–3 Tropical swamp forests’ structural
and diversity attributes are strongly related to its salinity and water-logging temporal
variations.3–5 Furthermore, only few species have developed morphological adaptations that
enable them to cope with these conditions.1,6 Most studies on forested wetlands have been
strongly biased toward mangroves, leaving other types of woody plant communities relatively
understudied.7–9 Nevertheless, in recent years, tropical swamp forests have attracted global
attention due to the large carbon reservoirs found in some of them (i.e., tropical peat swamp
forests10–12). However, other tropical swamp forests where no peat is found are still
*Address all correspondence to: José Alberto Gallardo-Cruz, E-mail: alberto.gallardo@gmail.com
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understudied.4,13 The ecosystem services provided by these forests include: large carbon reserves
in soil,14,15 habitat for diverse animal diversity,16–18 and protection from floods or storms.19,20
Unfortunately, these forests are strongly threatened by climate change and sea-level rise.21
Remote sensing has proved to be an effective tool for studying different wetland ecosystems
over large portions of land (e.g., Refs. 3, 7, and 22). However, most of these studies have focused
either on the creation of thematic maps23–31 or on the evaluation of temporal and spatial
changes.32,33 However, in the search for quantitative tools to properly manage and monitor different plant communities, it is necessary to develop new methodologies that enable the quantification of the spatial variation of their attributes (i.e., basal area, biomass, species distribution,
density, height, and canopy cover) over a wide span of land.
The emergence of very high spatial resolution (VHSR) imagery has opened new possibilities
to study tropical swamp forests and other forested wetland ecosystems at much greater detail
with the potential of relating community attributes with remotely sensed information. Among
these possibilities, spectral and spatial (i.e., texture) approaches are among the most commonly
used.25,26 The latter are considered more attractive because they do not saturate with high levels
of productivity.25 Among the existent texture-related methodologies, two of them stand out for
their results and applicability, namely, the gray level co-occurrence matrix (GLCM)34 and the
Fourier transformed ordination (FOTO).35 Both methods have provided successful and unsuccessful results for modeling forest attributes (e.g., Refs. 36–47) but have seldom been compared
(but see Ref. 48).
For instance, the FOTO method has produced remarkable results to model the aboveground
biomass of mangrove and rain forests.39,46,47 However, in other studies using the exact same
procedure (i.e., using only FOTO textures to describe the forest aboveground biomass), the models did not obtain a fit similar to those reported previously.36,48 On the other hand, the GLCM
method has been applied to different vegetation systems with good to excellent results for structural attributes,40,49 but also poor.38,50 The lack of consistency between and within methods is
misguiding, particularly, when someone has to choose the best procedure to undertake management or conservation decisions in a territory. Furthermore, some conservation relevant forest
attributes, such as diversity attributes, are often ignored in such texture-based studies, so hardly
any information is available.
This study had the purpose of comparing the capabilities of FOTO and GLCM for describing
the spatial variation of a tropical swamp forest structural and diversity attributes. The intention of
this study was to compare both methods as they have been originally stated, thus, no new processes or more remote variables were added for the model construction. Our study intends to
contribute with information that will help in clarifying if these texture metrics are somewhat
interchangeable (similar modeling capabilities), if one approach has certain advantages in
comparison with the other, or if the possible advantages of each texture approach depend on
other study characteristics such as type of image used or vegetation studied.

2 Materials and Methods
2.1 Study Site
The study was focused on a highly conserved tropical swamp forest in the surroundings of
El Cometa lagoon inside the Pantanos de Centla National Protected Area, Tabasco, Mexico
(18° 28′ 5″ N, 92° 27′ 15″ W, Fig. 1). This area is a Ramsar site and one of the largest wetlands
conservation reserves in the country and Mesoamerica, it consists of 302,706 ha and includes
several types of vegetation, among which tropical swamp forest comprises ∼6.4% of its
extension.19,51 This forest is found in an area subjected to seasonal floods and changes in salinity
conditions. In the area, the annual mean temperature is 27°C and the annual mean precipitation is
1693 mm (the majority falling between June and October52). The dominant woody species in
the study site are Rhizophora mangle L. (Rhizophoraceae), Bucida buceras (L.) C. Wright
(Combretaceae), and Pachira aquatica Aubl. (Malvaceae). R. mangle dominates in the areas
close to the lagoon or secondary channels; however, B. buceras is the predominant species
in the locations far from these two water bodies.
Journal of Applied Remote Sensing
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Fig. 1 Study site and sampling plots location.

2.2 Tropical Swamp Forest Attributes
2.2.1 Sampling method
To guarantee a representative sample of the most preserved area of the forest (3.37 ha), located at
the southwestern part of the lagoon, twenty seven 1250-m2 (25 × 50 m) plots were sampled
(Fig. 1). In order to capture the variation caused by the two largest gradients associated to
water-logging conditions, plots were distributed on the vertices of a grid formed by four parallel
lines placed in an increasing distance to the center of the lagoon (∼400 m of separation) and six
parallel lines, perpendicular to the latter, placed in an increasing distance to the widest secondary
channel (separated by 150 to 350 m; see Fig. 1). A fifth line of three plots was placed south of
the lagoon in an increasing distance to the center of the lagoon to cover an additional region.
At least 150 m separated each plot center to guarantee the independence of the image metrics
summarizing each plot. The data were registered between November 2016 and March 2017.
For each plot, the geographic coordinates of its center were registered and differentially corrected
to increase accuracy. Inside each plot, all woody plants with a diameter at breast height
(DBH, at 1.3 m) ≥10 cm were registered. For every woody individual, the following data were
collected: species identity, DBH (cm), crown area (modeled as an ellipse with two orthogonal
measures in m), and height (H, measured in m). In the particular case of R. mangle individuals,
DBH was measured at 10 cm above the highest root.
Using the recorded data, the following community attributes were calculated for each plot:
aboveground biomass, basal area, crown area, plant individual density, mean height, standard
deviation of height, species richness, ln-transformed Shannon index, and ln-transform Simpson
index. Aboveground biomass, basal area, crown area, and plant individual density were extrapolated to 1 ha to make data comparable with other studies. Aboveground biomass was calculated
using the following equation, developed for tropical forests:53
Aboveground biomass ¼ 0.0673ðρDBH2 HÞ0.976 ;

(1)

EQ-TARGET;temp:intralink-;e001;116;153

where ρ is the species mean wood density, which was extracted from the global wood density
database,54,55 DBH stands for DBH and H for individual height. The wood density of Zygia
recordii Britton & Rose (Fabaceae) was not found in the database; therefore, it was obtained
by averaging the genus wood density. Finally, the wood density of the remaining seven morphospecies (n ≤ 2 each) was assumed to be the average of the wood densities of the other species
Journal of Applied Remote Sensing
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found in the samples, following recommendations by Refs. 56 and 57. All the aboveground
biomass and ρ calculations were done using BIOMASS package58 in R 3.4.0.59

2.2.2 Description of the field data
Within all plots, 12 species were registered. Eight species were identified to species level:
R. mangle, B. buceras, P. aquatica, Z. recordii, Lonchocarpus hondurensis Kunth. (Fabaceae),
Chrysobalanus icaco L. (Chrysobalanaceae), Laguncularia racemosa (L.) Gaertn. (Combretaceae),
and Coccoloba barbadensis Jacq. (Polygonaceae). The remaining four species (each one with less
than five individuals) were not identified and were considered as morphospecies. Aboveground
biomass was the most spatially heterogeneous attribute, whereas diversity attributes were the
most spatially homogeneous (Table 1; see Table 3, Appendix, for a description of each plot in
terms of its attributes). Species richness per plot ranged between 3 and 6 species.

2.3 Image Analysis
A Kompsat-3 image, obtained on March 8, 2014, was used to extract the image textures. The
image had four multispectral bands with a pixel resolution of 4.12 m [blue: 450 to 520 nm, green:
520 to 600 nm, red: 630 to 690 nm, near-infrared (NIR): 760 to 900 nm] and a panchromatic
band with a pixel size of 1.03 m (450 to 900 nm). A mask was applied to all the bands to eliminate water bodies and nonwoody plant communities. No correction was applied to the image;
thus, metrics were calculated using the digital numbers of the image.
Two types of texture metrics were calculated from the NIR, red (R), and panchromatic (Pan)
bands: GLCM34 and FOTO.35 Although GLCM metrics can be calculated using a rectangular
window of analysis, FOTO textures require a square window to calculate them correctly.
Therefore, the window size for the calculation of the texture metrics was set as the closest
in size to the field plot largest axis (horizontal axis ¼ 50 m), and, due to resolution differences,
it was different for NIR and R (collectively referred to as multispectral, abbreviated by MS), and
Pan bands. For the MS bands, a 13-pixel window was used to extract the metrics, whereas for
Pan a 49-pixel window was used. All image processing was performed in R 3.4.059 using the
raster60 and glcm61 packages and the FOTO toolbox.62 Using both type of metrics, the pixel
located at the center of the field plot was used as the value summarizing each plot in the image.

2.3.1 GLCM calculation
GLCM metrics are based on the probability of finding two tones in contiguous pixels and summarize three texture aspects: contrast, energy, and specific statistical properties. The calculation
Table 1 Statistics of the vegetation attributes per plot used for characterizing the tropical swamp
forest (n ¼ 27). SD stands for standard deviation, CV for coefficient of variation.
Vegetation attribute

Mean

SD

CV (%)

Aboveground biomass (Mg/ha)

138.27

51.27

37.08

Basal area (m2 ∕ha)

16.17

5.15

31.87

Crown area (m2 ∕ha)

14,407.95

4264.58

29.69

Plant individual density (individuals/ha)

314.07

107.39

34.19

Mean height (m)

11.81

2.25

19.07

Standard deviation of height (m)

5.17

1.01

19.56

Species richness

4.25

0.80

16.86

Simpson’s diversity index

0.64

0.10

15.57

Shannon’s diversity index

1.20

0.20

16.51
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of GLCM metrics involved three steps:40 (1) the transformation of pixel values to 64 levels of
gray; (2) the calculation of the texture metrics in the four possible directions (0 deg, 45 deg,
90 deg, and 135 deg) using an offset of one pixel (so that the heterogeneity of immediate contiguous pixels is characterized); and (3) the metrics calculated in the four possible directions
were averaged to obtain a directionless metric. Eight GLCM metrics were calculated: mean
(mean), variance (Var), correlation (Cor), entropy (Ent), angular second moment (ASM),
dissimilarity (Diss), contrast (Con), and homogeneity (Hom).

2.3.2 FOTO calculation
FOTO metrics were calculated following three main steps:35 (1) a fast Fourier transformation was
applied to the image, decomposing the texture patterns for each window of analysis in the form
of sine and cosine waves traveling in all directions. These waves were summarized as a group of
wavenumbers that expressed the frequency of a determined texture pattern inside the window,
called the r-spectrum. (2) The r-spectrum wavenumbers were averaged in all directions and
a directionless wavenumber was obtained. (3) A principal component ordination (PCA) was
applied to the averaged wavenumbers of the entire image. The only difference between the original FOTO method and the one used in this study is that our FOTO scores were restricted to the
0 to 1 interval, while the original method did not establish scores limits. In addition, the two
largest frequencies were discarded following recommendations by Ref. 46. Three FOTO metrics
were extracted from each band, FOTO1, FOTO2, and FOTO3, corresponding to the score on
the first three PCA axes (first, second, and third).

2.4 Modeling Procedure
In order to distinguish between the two types of texture metrics and the two spatial available
resolutions, four different data sets were constructed: MS-FOTO, MS-GLCM, Pan-FOTO, and
Pan-GLCM metrics. Each of these datasets was used to evaluate their potential to describe
the vegetation attributes. All attributes were ln-transformed to normalize residuals. For each
image metric dataset and vegetation attribute (i.e., 4 × 9 combinations), six types of models
that incorporated between one and three texture metrics, with a maximum of four parameters,
were constructed. Four of these models were linear [Eqs. (2), (4), (5), and (7)], whereas the
remainder considered a nonlinear relation [Eqs. (3) and (6)]
Model 1∶ y ¼ β0 þ β1 · x1 ;

(2)

Model 2∶ y ¼ β0 þ β1 · x1 þ β2 · x21 ;

(3)

Model 3∶ y ¼ β0 þ β1 · x1 þ β2 · x2 ;

(4)

Model 4∶ y ¼ β0 þ β1 · x1 þ β2 · x2 þ β3 · x1 · x2 ;

(5)

Model 5∶ y ¼ β0 þ β1 · x1 þ β2 · x21 þ β2 · x2 ;

(6)

Model 6∶ y ¼ β0 þ β1 · x1 þ β2 · x2 þ β3 · x3 ;

(7)

EQ-TARGET;temp:intralink-;e002;116;344

EQ-TARGET;temp:intralink-;e003;116;315

EQ-TARGET;temp:intralink-;e004;116;290

EQ-TARGET;temp:intralink-;e005;116;266

EQ-TARGET;temp:intralink-;e006;116;242

EQ-TARGET;temp:intralink-;e007;116;217

where y stands for each forest attribute, xi is an image metric incorporated in the model, and
βi is its associated coefficient.
For each group of models constructed for the same forest attribute and dataset, the best
model, regardless of the model type, corresponded to the one with the lowest corrected
Akaike information criterion (AIC) value. Whenever two or more models had a difference in
AIC ≤ 2, they were treated as equally good; however, the simplest one (in terms of the number of
parameters it involved) was chosen as the best.63 Afterward, if two or more models of the same
model type were equally good according to their AIC values, the best one was chosen as the one
with highest R2 . The distribution of the R2 values expected at random was also estimated to
contrast it with the goodness-of-fit of the models. To estimate this distribution, 1000 data randomizations were performed, models were fitted, and for each of these, the highest R2 value was
Journal of Applied Remote Sensing
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extracted. Afterward, the significance of each model was calculated by locating the best model
R2 in this null distribution; a model was considered significant if its R2 > 95% of the accumulated null distribution. Finally, the best model for each forest attribute, regardless of the dataset
used, was chosen based on two criteria: significance of the model and highest R2 value.
Finally, to explore the predictive capability of the best models, a leave-two-out cross
validation was performed and a cross-validated R2 was calculated (R2 CV 40,64). All models were
constructed in R 3.4.0.59

3 Results
3.1 Models
Almost all of the vegetation attributes were better described by GLCM metrics in comparison
with FOTO ones (Fig. 2). The only exceptions to this pattern were observed in some models

Fig. 2 Goodness-of-fit values of the best models per model type constructed for each forest attribute using the two different texture metrics (FOTO and GLCM) extracted from the panchromatic and
multispectral bands (NIR and red bands). The overall best model for each forest attribute is indicated by an * symbol, while the letters N.S. indicate the forest attributes for which every model
had an R 2 value significantly higher than the expected at random distribution (i.e., crown area and
species richness). The six types of models consist of linear regressions based on one (model
types 1, 2), two (model types 3, 4, 5), or three (model type 6) independent variables, and some
consider an interaction between the terms (model type 4) or a quadratic term (model types 2 and
5). Equations for each type of model can be found in Sec. 2.
Journal of Applied Remote Sensing
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Table 2 For each forest attribute the best significant model using NIR and red bands (R), or panchromatic (Pan)-derived textures as independent variables are shown. All GLCM models had higher
goodness-of-fit than their correspondent FOTO models, thus, no FOTO model is shown. The descriptive (R 2 ) and predictive (R 2 CV ) goodness-of-fit values are shown for each model, as well as its RMSE
(values without ln-transformation). For each model, the sign of the coefficient of each texture metric is
showed between parentheses, next to it. GLCM textures abbreviations are the following: Hom, homogeneity; Diss, dissimilarity; Var, variance; Con, contrast; ASM, asymptotic second moment; Cor, correlation; and Ent, entropy. The symbol × stands for the interaction between the indicated textures.
Forest attribute

Model Textures
type incorporated Texture 1

Texture 2

Texture 3

R2

R 2 CV RMSE

Aboveground biomass

4

GLCM

R Hom (+)

NIRMean (+)

× (−)

0.65 0.52 26.62

Basal area

4

GLCM

R Hom (+)

NIRMean (+)

× (−)

0.60 0.46

Plant individual density

6

GLCM

R Mean (+)

Mean height

6

GLCM

R ASM (+)

Standard deviation of height

4

GLCM

Simpson’s diversity index

6

GLCM

Shannon’s diversity index

6

GLCM

R Diss (−)

3.48

NIRHom (+) 0.62 0.46 70.17

NIRMean (−) NIRVar (+) 0.56 0.40

1.41

× (−)

0.62 0.50

0.61

R ASM (−)

NIRMean (−) NIRCor (−) 0.71 0.60

0.05

R Ent (+)

NIRMean (−) NIRCor (−) 0.67 0.56

0.11

PanHom (+) PanCon (+)

Fig. 3 Observed versus modeled values and its corresponding linear fit (dashed line) of the best
model for each vegetation attribute (ln-transformed). The black line indicates a perfect fit
(1:1 correspondence).
Journal of Applied Remote Sensing
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constructed for mean height and species richness, where some FOTO models had higher goodness-of-fit values (Fig. 2). However, these FOTO models were not chosen as the best ones. In
terms of the model’s significance in comparison with the R2 random distribution, GLCM models
obtained significant R2 values for all vegetation attributes, except for species richness and crown
area (Table 2 and Fig. 3). On the contrary, for the FOTO models (both MS and Pan), only those
made for mean height with MS metrics showed a goodness-of-fit higher than its corresponding
R2 random distribution (Table 2).
The best modeled attributes were those describing diversity, i.e., Simpson’s diversity index
and Shannon’s diversity index, followed by aboveground biomass. For nearly all quantified vegetation attributes, a significant model was identified with a medium to high degree of goodnessof-fit (0.56 ≤ R2 ≤ 0.71 and 0.40 ≤ R2 CV ≤ 0.56); exceptions to this were crown area and
species richness (i.e., where no significant model was obtained). The vegetation attributes that
were best modeled using texture metrics were (in decreasing order of R2 value): Simpson’s
diversity index, Shannon’s diversity index, aboveground biomass, plant individual density, standard deviation of height, basal area, and mean height (see Table 4, Appendix, for the complete
models, and Figs. 4 and 5 for a map of the estimated Simpson’s index and aboveground biomass
values).
The best models for every forest attribute favored complex and lineal models, as all of them
included two or three texture metrics (two and their interaction or three) and only linear relationships (see Table 2). In terms of which bands were more informative, the metrics derived from the
MS bands performed as better descriptors of the vegetation attributes when compared with those
derived from Pan. In the GLCM models, the most frequently incorporated metrics were statistical
(mean, Var, or Cor), followed by the contrast (Hom, Diss, and Con) and energy (Ent and ASM)
ones. On the other hand, in the FOTO models, the third and second PCA axis scores of the NIR
and R bands, respectively, were selected as the most informative.

Fig. 4 Simpson’s diversity index (SI) values modeled for the study site by the best descriptive
model based on MS (red and infrared bands) GLCM metrics (R 2 ¼ 0.72). The lower and
higher categories correspond to unobserved SI values; therefore, these estimations are
not to be taken with the same confidence as the categories that encompass the field data
(0.4 to 0.75).
Journal of Applied Remote Sensing
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Fig. 5 Aboveground biomass (AGB, Mg/ha) values modeled for the study site by the best descriptive model based on MS (red and infrared bands) GLCM metrics (R 2 ¼ 0.65). The lower and higher
categories correspond to unobserved AGB values; therefore, these estimations are not to be taken
with the same confidence as the categories that encompass the field data (40 to 280 Mg∕ha).

4 Discussion
Three main patterns were evident from our results. The first one was that GLCM greatly outperformed FOTO metrics in their ability to model the tropical swamp forest’s structural and
diversity attributes. In fact, the significant models with the highest R2 values for each forest
attribute were always those constructed with GLCM metrics (Fig. 2). In addition, most
FOTO models did not obtain a goodness-of-fit higher than the expected at random; therefore,
a modeling potential could not be attributed to FOTO metrics (except for models for mean height
using MS-FOTO metrics). The second important pattern was that regardless of the texture
method implemented, MS textures were always the most informative. In the GLCM models,
MS-derived textures were always chosen as the best, except for the standard deviation of height.
The same pattern was observable in FOTO-derived textures as MS textures were the only ones
that obtained significant models for mean height. The third pattern was that complex (two to
three textures) and linear models were always chosen as the best. Therefore, the potential of
textures to model the forest attributes relied in the combination of at least two metrics; meanwhile, linear relations were the most capable of modeling the forest attributes.
Regardless of the texture metric used (i.e., FOTO or GLCM), contrasting capabilities to
model mainly forest structure and occasionally diversity can be found in the
literature.36,39,40,46,47,49,50 We consider there are three main factors that could help explain the
contrasting capabilities of both FOTO and GLCM metrics in different studies and our own:
(1) the difference in their own calculation procedure, (2) relations between certain bands
and forest attributes, and (3) the particular characteristics of each case of study.

4.1 Methodological Differences between GLCM and FOTO
Although both texture metrics (FOTO and GLCM) summarize interpixel spatial tone-variations
at a fixed scale (i.e., window size), there are three main differences in the way each one of them is
calculated.
The first one is the spatial resolution of the resulting texture image obtained by each method.
GLCM images retain the original pixel resolution; therefore, every pixel of the image summarizes the tonal-spatial variations of its neighborhood in the original image.65 On the other hand,
Journal of Applied Remote Sensing

036006-9

Downloaded From: https://www.spiedigitallibrary.org/journals/Journal-of-Applied-Remote-Sensing on 8/28/2018
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use

Jul–Sep 2018

•

Vol. 12(3)

Solórzano et al.: Contrasting the potential of Fourier transformed ordination. . .

using the FOTO method, the original image is divided in areas equal to the size of the window of
analysis and a PCA score is assigned to each of these.35 Thus, the final FOTO texture image has a
lower pixel resolution, which is equal to the size of the window. This means that FOTO textures
instead of summarizing the exact pixels that correspond to the field sampling plot (such as
GLCM does), they summarize the pixel neighborhood where the window size splits the original
image. For the same reason, the FOTO method requires less time for its calculation than GLCM,
but at the cost of losing information. Consequently, GLCM metrics should produce better results
for studies where the exact tie between the spatial position of the sampling plots and the image
window is necessary. This would be the case for studies that use relatively small window sizes
and where texture patterns may vary in short distances, as in our study.
The second difference between the two texture methods is that FOTO metrics are not limited
to a certain offset, such as GLCM are. Thus, FOTO metrics have the ability to reflect the dominant texture in the neighborhood of a pixel, regardless of the distance to the other pixels in the
window. On the contrary, GLCM metrics only quantify tonal-spatial variations in contiguous
pixels at defined distances (offset). Accordingly, FOTO metrics should produce better results
for summarizing important tonal-spatial variations at different distances between pixels than
GLCM metrics. Nevertheless, in our study, this was not the case.
The third difference between FOTO and GLCM lies in the way the directionless texture is
obtained in both methods. In GLCM, the same texture variable is calculated in the four possible
directions of contiguous pixels and afterward averaged. An advantage of the GLCM method is
that both squared and rectangular windows can be used to obtain the directionless metric in order
to guarantee a spatial tie between the field plot and image window of analysis. On the other hand,
in the FOTO method, the directionless metric (i.e., the r-spectrum) is calculated by evaluating the
texture pattern of all the pixels found between the central pixel and a distance in pixels equal to
the radius of the window (windows size/2). Therefore, squared windows must be inevitably used
in order to obtain a directionless metric without a bias in any direction. While this difference
might just play a minor role in determining the modeling potential of both textures, it is a methodological aspect that is worth taken into consideration for future studies.
An additional important aspect to consider in the case of FOTO metrics is that previous
studies have suggested that the two largest frequencies in the r-spectrum should be ignored,
because they are more related to macroscale patterns rather than canopy texture.46 Therefore,
after ignoring the first two frequencies, very small window sizes might have problems obtaining
at least three PCA axis scores for each sampling plot. Although this effect should be naïve in
textures calculated with large window sizes, in those calculated with a very small window sizes
its effect might be significant.

4.2 Band–Texture Interaction for Different Attributes
4.2.1 Texture–structure relation
A tropical forest structure is best modeled by textures extracted from different bands, depending
on the texture method used (GLCM or FOTO). The main potential of GLCM metrics to model a
tropical forest structure lies in the information contained in the lower pixel resolution but higher
spectral resolution, i.e., the NIR and R bands.38,40,49,50 Conversely, the main potential of FOTO
metrics to model a forest structure has been typically related to the higher spatial resolution band
but with lower spectral resolution, i.e., the panchromatic band. In our study, exactly the opposite
was marginally observed, as the most valuable FOTO metrics were those extracted from MS.
Nonetheless, this pattern might not be substantial, as the FOTO modeling capabilities were far
from their normally reported potential.37,46,47,66 Thus, an interesting relatively understudied pattern would be to prove if Pan-extracted FOTO textures are always the most informative metrics,
whereas, MS-extracted ones are always the most informative when using the GLCM approach.
These findings would help define if the modeling potential of each type of texture is strictly
related to certain bands or it can change depending on certain characteristics of a study.
Models that incorporated Pan-GLCM textures were the only ones that obtained significant
models (in contrast with Pan-FOTO ones). However, another question relied in whether the
different modeling potential of Pan- and MS-GLCM was explained by the difference in spatial
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or spectral resolution between both datasets. An additional analysis (analysis not shown,
but see Table 5) showed that the modeling potential of Pan-GLCM textures relied mainly
on its higher spatial resolution; as GLCM metrics that quantified texture patterns in every
pixel (GLCM using an offset = 1) had a higher modeling potential than the ones that quantified
texture patterns with a canopy-gap distance similar to MS bands (Pan-GLCM using an offset =
4). These results suggest that Pan-GLCM metrics sense a forest’s structural variation at a different scale than MS-GLCM metrics. Therefore, when using Pan-GLCM textures, an offset of
one pixel is encouraged to be used in future studies.
In our study, the most informative texture aspects to describe the forest’s structural attributes
were related to the mean of pixel values (NIRMean ) and the magnitude of the difference between
pixel values (RHom , NIRHom , RDiss , and PanCon ; see Table 2). High NIRMean values were obtained
in windows where contiguous pairs with high (reflectance) values in the NIR spectrum were
frequent. In the case of contrast metrics (Diss, Hom, and Con), windows where contiguous pixels
with very different values in certain band were frequent, high Diss, or Con values were obtained,
but low Hom (as Hom is negatively related to Con or Diss). Previous studies have reported that
the main relationship between image texture and a forest structural attributes depends on the
spatial distribution of trees and size of their crowns, which ultimately define canopy
characteristics.37,66 Considering this relationship, we can aim at interpreting some of the models,
at least in a very general way. For example, both aboveground biomass and basal area were
positively related to spatial homogeneity in the R band (RHom ) and dominance of high pixel
values in the NIR spectrum (NIRMean ), but not both (negative coefficient for their interaction;
see Table 2). This meant that plots with high aboveground biomass and basal area corresponded
to areas where a more homogeneous canopy was present or high NIR values were frequent
(associated to the heavy presence of plant cell walls that reflect the NIR spectrum67).
Similar interpretations can be applied to other models where canopy homogeneity was also positively related to plant individual density (RDiss and NIRHom ; see Table 2). In other cases, such as
the best model obtained for standard deviation of height, the interpretation seems, at first hand,
contradictory, as plots with high variation in height were related to both spatial homogeneity and
heterogeneity of the Pan band (PanHom and PanCon ), but not both (interaction with negative coefficient: see Table 2). However, this might be explained by the fact that the first metric in the
model usually explains most of the variation of the forest attribute; therefore, the remaining
variability is best described by the second texture and finally, the third metric incorporated in
the model. Thus, plots with high standard deviation of height values corresponded first to areas
dominated by a homogeneous canopy (higher coefficient, Table 5), and second to plots where
a heterogeneous canopy was detectable (lower coefficient, Table 5).

4.2.2 Texture–diversity relation
In the case of diversity attributes, a relation between spectral variation and diversity has been
stated as the spectral heterogeneity hypothesis.68 This hypothesis postulates that the spectral
heterogeneity can be used as a proxy for habitat heterogeneity; therefore, a higher heterogeneity
of microhabitats can be an indicator of higher biodiversity.69,70 In our study, this relationship
seems to be present in the models constructed with GLCM metrics, as the heterogeneity of contiguous pixels, measured by RASM, REnt , and NIRCor was positively related to the forest’s diversity attributes (pixel heterogeneity is positively related to Ent, but negatively related to ASM and
Cor; see Table 3). Finally, diversity indices were also negatively correlated with areas dominated
by high-NIR values (NIRMean ; see Table 2). This relation could be explained by the fact that
diversity indices and aboveground biomass were negatively correlated (analysis not shown,
but see Figs. 4 and 5). Therefore, a texture that was capable of modeling the aboveground biomass variation (NIRMean ) was also capable of indirectly sensing the diversity indices variation.
Our study was the first attempt we know of where an evaluation of the potential of FOTO
metrics to model diversity attributes has been made. Due to the unsuccessful results shown by the
better supported relation between Pan-FOTO textures and structural attributes in our study, we
are unconvinced to drive further conclusions of the potential of FOTO textures to model diversity
attributes. Therefore, more evidence is required in order to support or not the use of FOTO
textures as spectral heterogeneity in indicators.
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4.3 Study Characteristics that Affect Texture Modeling Capabilities
Several characteristics of the study have been proposed as important factors to determine the
potential of texture metrics for modeling different forest attributes. Among these aspects, characteristics of the forest attributes, image acquisition, and window size chosen are mentioned.

4.3.1 Variability of forest attributes
The presence of high spatial variability has long been proposed as an essential requirement
of vegetation attributes to be modeled successfully by texture or other types of remotes
sensing metrics.41,47 However, other characteristics are not only related to the magnitude of
variation but also to the own nature of the forest characteristic. Therefore, complex relations
between the magnitude of variation and capabilities of textures to model every forest attribute
occur.
For example, in our study, the extremely low variation detected in species richness (this
attribute could only take four possible values in our sampling, 3, 4, 5, or 6 species per plot)
could explain why no model was able to properly describe its data using any texture method.
Nevertheless, the minimum variation of a forest attribute required to be detected by any texture
metric seems blurry. For example, in our study, although our diversity variation was relatively
low, they were the best modeled attributes. Similar results have been reported in previous studies
using GLCM metrics;38,40 although, very high variation in species turnover also seems to hinder
the capabilities of GLCM textures to model diversity attributes.50
In the case of structural attributes, higher spatial variation seems like a desirable characteristic
for a texture metric to model it with high confidence.41,47 For example, although in our study,
almost all of the structural attributes had lower variation than previous studies,37,40,46 GLCM
models obtained successful examples for almost all of them, while FOTO did not. However,
the goodness-of-fit values of GLCM models were lower than other previously reported.40,49
These findings suggest that both textures might perform exceptionally with highly variable
structural attributes. Conversely, when lower variation is present in structural attributes, FOTO
textures seem to perform slightly worse at modeling the forest characteristics, than GLCM ones.
This is an interesting pattern regarding the modeling potential of both textures that needs further
research.

4.3.2 Image acquisition
Image acquisition characteristics is another aspect that can affect the modeling capabilities of
texture metrics. Several studies discuss the negative potential effects of illumination on texture
patterns.37,44,66,71,72 In our study, the sun and satellite positions (sun elevation angle of 64.33, and
azimuth angle of 227, satellite incidence angle of 30.61, and azimuth angle of 80.37) were
almost opposite (close to the forward configuration sensu);72 therefore, shadows surely were
an important component of the textures. This could explain the observed low FOTO potential
for modeling the vegetation attributes. However, we could not analyze the variation of textures
with different acquisition geometries, as we had only one image (see Ref. 72, for a multi-image
method to evaluate this aspect).
Gaps in the canopy have also been cited as an important source of noise that could difficult
the capabilities of texture metrics to model aboveground biomass and possibly other forest
attributes.71,72 In our study site, canopy gaps were common; thus, texture metrics, and in particular FOTO-metrics, could have been incapable of summarizing canopy patterns associated to
aboveground biomass variation. We believe this is the most probable cause for our unsuccessful
modeling results using FOTO metrics.

4.3.3 Scale and window size
Although, window size may affect the capabilities of texture metrics to model the different vegetation attributes, its effect appears to be minimal among similar window sizes when modeling
structural attributes.47 In our case, we chose a straightforward approach to make the selection of
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the window size as that being closer to the larger side of the sampling plots. Therefore, we do not
expect to have exceptionally different results with another window size.
A different case might be obtained using a very different window size to extract the textures
and model diversity attributes. The spectral variation hypothesis states that the relationship
between spectral heterogeneity and diversity attributes is scale-dependent;73–75 therefore, an
extremely different window size could obtain very different results.

5 Conclusion
Image texture is positioning itself as an important feature for estimating tropical forests diversity
and structural attributes using VHSR remote sensing images. However, few studies have focused
on comparing the different textures methods and analyze their advantages and disadvantages.
Our results propose GLCM-derived metrics as better metrics for modeling tropical swamp forest
attributes, in comparison with FOTO ones. However, this result is not expected to be the same in
other studies focused on different types of vegetation, using other imagery and with different
acquisition characteristics. Therefore, an interesting question for future studies lies in determining under which circumstances, a particular texture method (GLCM or FOTO) possesses higher
modeling capabilities for describing and predicting vegetation attributes. We also encourage
future studies to include diversity measures among the quantified vegetation attributes, in order
to create a more complete depiction of the vegetation. This information will be useful in determining if diversity and structure attributes relate differently to determined image textures in
diverse studies, ways, and scales.

Appendix
The appendix contains three tables with complementary results for each sampling plot (Table 3)
as well as the best model coefficients (Table 4) and a comparison of best Pan-derived GLCM
models using 1 and 4 offset values (Table 5).

Table 3 Vegetation attributes values of each sampling plot used for characterizing the tropical
swamp forest.

Aboveground Basal
biomass
area
Site
(Mg/ha)
(m2 ∕ha)

Crown
area
(m2 ∕ha)

Plant
individual Mean Standard
Simpson’s Shannon’s
density height deviation of Species diversity
diversity
(ind/ha)
(m)
height (m) richness
index
index

1

121.47

13.05

13,111.44

344

12.06

6.36

5

0.74

1.43

2

172.30

20.46

21,867.28

408

12.67

4.78

5

0.71

1.38

3

135.42

15.61

15,202.48

200

12.44

4.47

3

0.66

1.09

4

180.73

22.10

20,072.48

392

12.90

4.45

4

0.43

0.85

5

199.54

21.38

20,368.88

552

13.26

5.20

4

0.55

1.01

6

110.07

12.42

9761.84

336

12.69

5.88

5

0.59

1.13

7

128.60

20.92

15,880.16

440

9.54

3.61

4

0.54

0.95

8

194.59

19.64

15,943.28

552

14.41

4.85

4

0.43

0.86

9

103.85

10.94

9090.56

272

11.74

6.50

4

0.70

1.29

10

93.30

12.89

13,045.52

296

8.84

4.73

6

0.53

1.06

11

103.84

12.71

11,812.96

248

12.35

4.98

4

0.74

1.36

12

136.28

17.52

15,304.64

264

12.81

3.76

4

0.59

1.03
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Table 3 (Continued).

Aboveground Basal
biomass
area
Site
(Mg/ha)
(m2 ∕ha)

Plant
individual Mean Standard
Simpson’s Shannon’s
density height deviation of Species diversity
diversity
(ind/ha)
(m)
height (m) richness
index
index

Crown
area
(m2 ∕ha)

13

193.49

21.13

15,941.12

328

13.18

5.58

4

0.69

1.26

14

198.75

18.15

13,828.00

392

15.16

6.44

4

0.63

1.17

15

152.21

18.99

15,131.28

336

11.62

5.34

4

0.73

1.35

16

153.01

14.36

11,894.96

256

12.97

7.11

5

0.72

1.39

17

42.03

6.66

6268.96

176

8.19

4.28

4

0.73

1.35

18

262.17

21.94

14,452.32

240

16.60

6.43

3

0.42

0.73

19

153.70

15.21

11,726.40

208

13.04

6.16

5

0.64

1.21

20

73.89

10.79

7409.36

224

9.32

4.79

4

0.66

1.22

21

114.97

12.49

14,304.18

208

9.94

6.56

4

0.74

1.37

22

65.65

10.62

15,722.05

280

8.30

3.52

5

0.75

1.47

23

88.44

10.78

12,210.69

200

11.29

5.54

4

0.67

1.22

24

217.74

30.58

25,347.85

424

10.01

4.49

6

0.71

1.43

25

105.42

18.56

17,668.29

464

7.07

3.62

6

0.67

1.34

26

121.32

14.88

15,021.79

240

12.80

5.35

5

0.64

1.19

27

110.48

11.92

10,625.84

200

13.64

4.73

4

0.72

1.32

Table 4 Complete coefficients of the best descriptive models constructed for each quantified
vegetation attribute. The best models only incorporated GLCM textures; therefore, no FOTO texture is shown. The letters N.S. indicate nonsignificant models. The two GLCM datasets for constructing the models were the NIR and red-derived (R) ones, and the panchromatic-derived (Pan)
dataset. AGB stands for aboveground biomass, BA, basal area; CA, crown area; D, individual
density; MH, mean height; SDH, standard deviation of height; S, richness; SI, Simpson’s diversity
index; H’, Shannon’s diversity index. N.S. indicates nonsignificant models (i.e., CA and S). GLCM
textures abbreviations are the following: Hom, homogeneity; Diss, dissimilarity; Var, variance;
Con, contrast; ASM, asymptotic second moment; Cor, correlation; Ent, entropy.
Model

Texture 1

Texture 2

Texture 3

β0

β1

β2

β3

R2

AGB

4

R Hom

NIRMean

×

−13.43

51.40

30.63

−84.65

0.65

BA

4

R Hom

NIRMean

×

−12.93

42.92

27.17

−73.55

0.60

CAN.S.

6

R Cor

NIRMean

NIRHom

6.79

1.03

2.43

6.00

0.36

D

6

R Mean

R Diss

NIRHom

4.06

9.94

−0.49

6.79

0.62

MH

6

R ASM

NIRMean

NIRVar

6.30

33.66

−19.09

0.005

0.56

SDH

4

PanHom

PanCon

×

−9.44

42.87

0.24

−0.89

0.62

SN.S.

6

R ASM

NIRCon

NIRDiss

3.97

−29.27

0.03

−0.60

0.35

SI

6

R ASM

NIRMean

NIRCor

1.25

−6.30

−0.95

−0.35

0.71

H’

6

R Ent

NIRMean

NIRCor

0.91

0.19

−1.36

−0.54

0.67

Forest attribute
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Table 5 Comparison of the best panchromatic-derived (Pan) GLCM models constructed for each
forest attribute using offset values of 1 and 4. AGB, aboveground biomass; BA, basal area; CA,
crown area; D, individual density; MH, mean height; SDH, standard deviation of height; S, richness; SI, Simpson’s diversity index; H’, Shannon’s diversity index. N.S. indicates nonsignificant
models (i.e., CA and S). GLCM textures abbreviations are the following: Hom, homogeneity;
Diss, dissimilarity; Var, variance; Con, contrast; ASM, asymptotic second moment; Ent, entropy.
Forest attribute

Offset

Model

Texture 1

Texture 2

R2

1N.S.

3

PanVar

PanASM

0.33

4N.S.

1

PanASM

1N.S.

3

PanMean

PanASM

0.41

4N.S.

3

PanMean

PanHom

0.34

1N.S.

3

PanVar

PanASM

0.35

N.S.

3

PanMean

PanVar

0.31

1

3

PanMean

PanASM

0.61

4

3

PanMean

PanASM

0.55

1N.S.

3

PanHom

PanEnt

0.24

4N.S.

1

PanCon

1

4

PanHom

PanCon

0.62

4N.S.

2

PanVar

PanVar 2

0.31

N.S.

1

PanMean

0.04

4N.S.

1

PanHom

0.03

N.S.

3

PanMean

PanEnt

0.34

4N.S.

3

PanVar

PanCon

0.30

N.S.

1

PanHom

0.21

4N.S.

1

PanCon

0.11

AGB

BA

CA

4
D

MH

SDH

S

SI

H’

1

1

1

0.22

0.17
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