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A B S T R A C T   

Land use changes generate a mosaic of forest patches with different ages of abandonment (i.e. succession) 
intermingled with other land uses. Mapping the successional age of vegetation is crucial to understand carbon 
accumulation patterns and the recovery of vegetation structure, diversity, and composition of forests over time. 
The overall objective of this research was to produce maps portraying secondary vegetation age classes and to 
assess how successional age classes can be related to vegetation structure, diversity and composition in two types 
of tropical dry forests (TDF) in the Yucatan Peninsula. We used a two-stage image classification process. First, 
SPOT-5 imagery were segmented and then classified using a Random Forests method. Second, the classified 
images were post-processed to rectify any classification errors. Additionally, we evaluated the association be-
tween the different forest age classes and vegetation structure, species richness and composition using a separate 
Random Forests classification of field plot data. Post-processing improved the accuracy of the Random Forests 
classifications by 14.19% and 16.28% for the tropical semi-deciduous and semi-evergreen forests, to attain final 
accuracy values of 91% and 88.37%, respectively. Vegetation structure, richness and composition were all 
strongly associated with successional age, accounting for 77.7% and 84.7% of the total variation among forest 
age classes for the tropical semi-deciduous and semi-evergreen forests respectively. Therefore, the forest age 
maps obtained can be related to attributes of vegetation structure, diversity and composition that are useful for 
biodiversity conservation, forest management and climate change mitigation.   

1. Introduction 

Tropical dry forests (TDF) are the least protected yet most threatened 
terrestrial ecosystem in the tropics due to anthropic activities that cause 
widespread deforestation and forest degradation (Portillo-Quintero and 
Sanchez-Azofeifa, 2010; Portillo-Quintero et al., 2015; Coelho et al., 
2016: Powers et al., 2018; Stan and Sanchez-Azofeifa, 2019). Moreover, 
TDF are affected by natural disturbances such as wildfires and extreme 
weather events such as hurricanes and long droughts (De la Barreda- 
Bautista et al., 2011; Balvanera et al., 2012). At the same time, these 
forests supply many products including raw materials for construction, 
food, medicines, etc., and they provide several environmental services 
such as climate regulation, and harbour many plant and animal species 
(Portillo-Quintero et al., 2015; Powers et al., 2018). The conversion of 
forested areas to agricultural/pasture lands or human settlements is one 
of the major processes affecting these forests as well as the second largest 

source of CO2 emissions to the atmosphere (Le Quéré et al., 2015). 
Tropical dry forests are one of the ecosystems most extensively used by 
society, as they grow on fertile soils, are generally located in flat, low- 
elevation areas, and are easy to clear due to their simpler vegetation 
structure compared to their humid and wet counterparts (Portillo- 
Quintero et al., 2015; Powers et al., 2018). Forest cover change leads to 
biodiversity loss and the modification of the structure, functioning and 
dynamics of these ecosystems. Deforestation has also converted many 
TDF landscapes into mosaics of secondary vegetation growing from 
previously used and subsequently abandoned lands, remnants of pri-
mary forests, together with numerous areas dedicated to agriculture, 
livestock activities, and human settlements (De la Barreda-Bautista 
et al., 2011; Torres et al., 2012). 

The largest extension of TDF in Mexico is located in the Yucatan 
Peninsula. These forests have been used for slash-and-burn agriculture 
by the Mayan people for over two millennia (González-Cruz et al., 
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2015). Slash-and-burn agriculture, one of the oldest and most exten-
sively used land-use practices in the tropics, involves clearing forest 
areas that are used for growing crops during two or three years, followed 
by abandonment for approximately 15 to 40 years. The fallow period 
allows the forest to regenerate through secondary succession. The 
vegetation structure, species richness and composition of these sec-
ondary forests differ from those of primary or mature forests (Dupuy 
et al., 2012; Stan and Sanchez-Azofeifa, 2019). Estimating and mapping 
vegetation age is therefore important for biodiversity conservation and 
management, land use planning and climate change mitigation. How-
ever, few accurate maps of vegetation age are currently available in the 
tropics (Garcia Millan and Sanchez-Azofeifa, 2018; Sun et al., 2019). 

Analysing secondary forest succession is essential to understand 
carbon accumulation and the recovery of vegetation structure, species 
richness, and species composition of forests over time (Chazdon, 2014; 
Stan and Sanchez-Azofeifa, 2019). Secondary forests can provide key 
ecosystem services, however their capacity to provide those services 
varies with successional age (Chazdon, 2014; Poorter et al., 2016). 
Secondary forest succession is most commonly studied through the 
chronosequence or space for time substitution method, in which forest 
stands of different ages since abandonment are characterized and 
compared to infer successional dynamics, without having to monitor 
permanent plots for many decades. Forest age data can be obtained from 
local landowners and can be grouped into successional age classes to 
allow comparisons of vegetation structure and composition among 
different studies (Arroyo-Mora et al., 2005; Cao et al., 2015; Martínez- 
Ramos et al., 2018). Having information about the distribution of forest 
age categories at landscape or regional scales helps formulating policies 
and strategies for forest conservation, restoration, and/or sustainable 
forest management (Stan and Sanchez-Azofeifa, 2019). However, 
chronosequences can only provide information for a limited number of 
forest stands within a landscape. 

On the other hand, remote sensing provides spatially continuous data 
at regular time intervals and it is one of the most widely used tools for 
monitoring vegetation and its spatial and temporal dynamics (Lillesand 
et al., 2004). Numerous studies have sought to estimate the age of 
tropical forests using satellite imagery. Some studies have used time 
series of satellite imagery to evaluate changes in forest fragments over 
the course of several years (Helmer et al., 2010; Fujiki et al., 2016; 
Chazdon et al., 2016; Sun et al., 2019), whereas others have used clas-
sification algorithms for analysing the spectral data from satellite images 
acquired in a single year (Fiorella and Ripple, 1995; Lucas et al., 2000; 
Vieira et al., 2003). Both types of studies use field information to vali-
date the obtained forest age maps (Vieira et al., 2003; Baccini et al., 
2012; Frate et al., 2015; Song et al., 2015; Chazdon et al., 2016; Car-
reiras et al., 2017). Although both methods produce adequate classifi-
cations of forest age, the approach based on time series of satellite 
imagery generally uses medium spatial resolution imagery and only 
rarely uses high spatial resolutions; in addition, this method is generally 
restricted to no more than 30 years since land abandonment, given the 
availability of time series of satellite imagery. On the other hand, 
chronosequences use field information about the age of the forest stands 
to produce forest age maps in a single year without the need to use time 
series of field data, which are difficult to obtain (Carreiras et al., 2014, 
2017). 

Various machine-learning techniques have been used in recent years 
to produce categorical vegetation maps from multispectral imagery, 
including clustering algorithms such as decision trees and Random 
Forests (Breiman, 2001; Karlson et al., 2015). Other approaches include 
satellite-image segmentation techniques, known as object-based classi-
fication, which have shown to be a suitable alternative to traditional per- 
pixel classification methods. Although segmentation techniques can be 
used with images of different spatial resolutions (Dorren et al., 2003; 
Lobo et al., 1996), they seem to be more helpful when applied to high- 
resolution imagery. This is because these methods make a partition of 
the image into homogeneous areas based on their spectral information. 

Segmentation methods have the additional advantage of using ancillary 
information such as the size, shape or texture of the image elements only 
visible in high resolution imagery (Dorren et al., 2003; Im et al., 2008). 

This study sought to map forest age classes of two types of secondary 
TDF in the Yucatan Peninsula (semi-deciduous and semi-evergreen) and 
to evaluate the relationship between age classes and secondary forest 
structure, species diversity and composition in each forest type in order 
to assess which vegetation attributes are most strongly associated with 
forest age classes. We propose a method to improve the accuracy of 
mapping the spatial distribution of forest age classes based on a classi-
fication of spatial segments with similar spectral features created from 
high-resolution imagery and a post-processing procedure. Finally, we 
assess relationships between forest age classes and attributes of vege-
tation structure, diversity and composition in each forest landscape to 
allow interpreting forest age maps in terms of vegetation attributes that 
are critical for biodiversity conservation, forest management, and 
climate change mitigation. 

2. Data and methods 

2.1. Study area 

The study area is located in the Yucatan Peninsula and encompasses 
two TDF landscapes (Fig. 1). The first landscape, named Kaxil Kiuic 
(hereafter KK), is located in the southwest part of the state of Yucatán, 
Mexico. This site comprises a total area of about 352 km2 (22 × 16 km), 
including flat areas and low hills 60 to 190 m above sea level, and is 
covered by semi-deciduous tropical forest. The climate is warm humid, 
with summer rains and a pronounced dry season from November to 
April or May; mean annual temperature is 26 ◦C and average annual 
rainfall ranges between 1,000 and 1,200 mm (Flores and Espejel, 1994). 
This landscape is dominated by secondary vegetation of different ages 
since abandonment after being used for slash-and-burn agriculture. 
Vegetation canopy is approximately 8 to 13 m tall. The most abundant 
tree species in this landscape include Neomillspaughia emarginata (H. 
Gross) S.F. Blake, and Gymnopodium floribundum Rolfe. (Polygonaceae), 
Lonchocarpus xuul Lundell, Mimosa bahamensis Benth. and Caesalpinia 
gaumeri Greenm, (Fabaceae) and Bursera simaruba (L.) Sarg. (Burser-
aceae), among others (Hernández-Stefanoni et al., 2011; Miranda-Plaza, 
2014). 

The second landscape, named José María Morelos (hereafter JMM), 
is located in the southern part of the State of Quintana Roo, Mexico. This 
site has a total area of 351 km2 (19.5 × 18 km) and is covered by semi- 
evergreen tropical forest and some areas of seasonally flooded low- 
stature tropical forest. The climate is warm subhumid, with a dry sea-
son from December to April and a rainy season from May to November; 
mean annual temperature is 26 ◦C and mean annual rainfall ranges 
between 1,100 and 1,400 mm (Flores and Espejel, 1994). This landscape 
includes areas in various stages of secondary succession after being used 
for slash-and-burn agriculture and cattle pasture (Miranda-Plaza, 2014; 
Hernández-Stefanoni et al., 2014). The forest canopy is approximately 
15 to 25 m tall, and the most abundant tree species include Manilkara 
zapota (L.) P. Royen (Sapotaceae), Piscidia piscipula (L.) Sarg. and Lon-
chocarpus rugosus Benth. (Fabaceae), Bursera simaruba (L.) Sarg. and 
Guettarda combsii Urb. (Rubiaceae), among others (Hernández-Stefanoni 
et al., 2011; Miranda-Plaza, 2014). 

2.2. Field data collection and calculation of vegetation attributes 

Field data were obtained during the rainy seasons of 2008 and 2009. 
A total of 276 sampling units were located in Kaxil Kiuic, whereas 86 
sampling units were situated in José María Morelos (Fig. 2). The sam-
pling plots were allocated seeking to cover the whole range of forest ages 
and environmental conditions present in each landscape. In both land-
scapes, the sampling units consisted of a 200 m2 circular plot with a 
nested 50 m2 concentric circular plot. In the 200 m2 plots, all woody 
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plants with a diameter at breast height (DBH) more than 5 cm, and in the 
50 m2 plot, all the individuals with DBH between 1 and 5 cm, were 
identified and measured. Individual plant attributes recorded include 
height (m), DBH (cm –measured at 1.3 m above the ground), and species 
name. The successional age of each sampling unit was determined based 
on interviews with local inhabitants or landowners. 

Sampling units were classified into four forest age classes (class 1: 
3–8 years; class 2: 9–16 years, class 3: 17–50 years; class 4: >50 years) 
for comparison with other studies in tropical forests (Fig. 2). The se-
lection of the different age categories was based on the fact that some 
tropical forest plant attributes, such as biomass, basal area and species 
richness saturate with stand age, showing high rates of increase during 
the first 15 to 20 years, followed by much slower rates at older stand 
ages (Poorter et al., 2016, Marin-Spiotta et al., 2007). For each age class, 
the following vegetation structure attributes were estimated: basal area 
(m2⋅ha− 1), abundance, mean DBH (cm), mean tree height (m), mean 
height of the ten tallest trees (m), and mean aboveground biomass 
(Mg⋅ha− 1). 

We used local and regional allometric equations to estimate above-
ground biomass for each sampling unit in both landscapes. The equa-
tions take into consideration the vegetation type as well as DBH, height, 
wood density of trees, and growth form (trees, palms, and lianas) and 
were developed by Frangi and Lugo (1985), Chave et al. (2003), Chave 
et al. (2005), Guyot (2011), and Ramírez et al. (2019), see Table S1. 
Wood density values for most of the tree species were obtained from 
local studies, others were obtained from the literature (Brown, 1997; 
Aguilar-Rodríguez et al., 2001; Reyes-García et al., 2012; Sanaphre- 

Villanueva et al., 2016). Species richness was determined for each 
sampling plot and successional age class. 

2.3. Remotely sensed data and image processing 

For this study, we used SPOT-5 multispectral imagery. The scenes 
were acquired in January 2005 and January 2010 for KK and JMM, 
respectively. SPOT-5 imagery has a spatial resolution of 10 m per pixel 
in four spectral bands: green band (b1), 0.5–0.59 µm; red band (b2), 
0.61–0.68 µm; near-infrared band (b3), 0.78–0.89 µm; and the short- 
wave infrared band (b4), 1.58–1.75 µm. 

First, we created objects (segments) from the SPOT 5 imagery in both 
landscapes using an image segmentation procedure. This procedure 
consisted in joining neighbouring pixels sharing similar spectral fea-
tures, aiming to properly represent areas with vegetation clustered into 
different forest age groups and other cover areas. The segmentation 
process was carried out using the RSGISLib package from Python 3.6 
software (van Rossum, 1995). Through the segmentation process, im-
ages were partitioned into objects with homogeneous spectral charac-
teristics, which corresponded to roads, agricultural areas, water bodies, 
and vegetation areas in different successional stages. 

In a second stage, image objects instead of pixels were used in an 
automated Random Forest classification algorithm for mapping forest 
age classes. We used 50% of field sampling plots, as training sites (138 
and 43 plots respectively for KK and JMM landscapes), while the 
remaining 50% of plots were used to validate the classification. These 
sampling-units were randomly chosen within each forest age class using 

Fig. 1. Location of the study sites in the Yucatan Peninsula showing the two study sites in the forest of the Yucatan peninsula.  
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the software QGIS 3.6 (QGIS Development Team, 2017). The sample 
selection preserved the age ranges observed in the field (Fig. 2). The 
segments in which 50% of the field plots fell were considered as training 
sites. Subsequently, we calculated zonal statistics (mean, median, and 
standard deviation) for each training site and we used these data for 
examining the spectral separability of forest age classes. 

The training sites (segments) were used to apply the Random Forest 

classification algorithm using the randomForest package (RColorBrewer 
and Liaw, 2018) in R (R Development Core Team, 2017). As a result, the 
algorithm predicted the spatial distribution of the different land cover 
classes including vegetation in the four successional age classes. 
Random Forest is a non-parametric algorithm considered as one of the 
most robust classifiers; it can be used with large datasets and reduces the 
data overfitting issue, which can occur when the samples are not fully 

Fig. 2. Location of sampling plots in the Kaxil Kiuc (a) and José María Morelos (b) landscapes classified by forest age class.  
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representative (Breiman, 2001; Cutler et al., 2012). The random forest 
model provides an importance ranking predictor (the mean decrease in 
accuracy), which evaluates the change in the accuracy if one of the 
variables is left out of the model. 

In a third stage, land cover classes obtained from the automated 
classification algorithm were subjected to post-processing in order to 
improve the accuracy of the forest age maps. This process consists of 
reclassifying those forest age-class polygons showing spectral confusion. 
To this end, an in-depth visual inspection of all segments was carried out 
to rectify potential errors, using zonal statistics of training sites. The 
reclassification was made by comparing segment values versus those of 
field training sites. 

Finally, the two land-cover maps, i.e., the one obtained directly with 
the Random Forest algorithm and the one obtained after post- 
processing, were validated using the remaining 50% of the field- 
sampling plots that were not used to create the training sites. The ac-
curacy of both maps and that of each forest age class were assessed using 
a confusion matrix, that is, a table that measures the agreement between 
classes in the map and classes on the ground (Campbell and Wynne, 
2011). The overall accuracy of the classified forest age map was calcu-
lated by dividing the total number of correctly classified plots of the 
forest age map, over the total number of reference sample plots. The 
producer accuracy was then calculated as the number of correctly 
classified plots of the forest age map over the number of reference 
sample plots in the same class and it indicates the proportion of plots on 
the ground for each age class that were correctly classified on the map. 
The user accuracy is the proportion of plots in a particular age category 
on reference sample class data that is also mapped as that age category. 
This index measures the proportion of plots in a forest age class that will 
be present on the map (Campbell and Wynne, 2011). 

2.4. Data analyses 

To assess the relationships between the forest age classes and vege-
tation structure, species richness and species composition, a second 
Random Forest classification was carried out using the Model Map 
package (Freeman et al., 2018) for R (R Development Core Team, 2017). 
This classification was not spatially explicit, meaning it was carried out 
using field data exclusively and not satellite imagery data. For this 
classification, 70% of the field-sampling plots (193 and 60 plots 
respectively for KK and JMM landscapes) were used for training the 
model and the remaining 30% (83 and 16 plots respectively for KK and 
JMM landscapes) were used to validate the classification. Additionally, 
Moran’s I test was applied to test for spatial autocorrelation in the 
vegetation structure variables. The vegetation predictor variables were 
ranked by their mean decrease in accuracy to assess their relative 
contribution to distinguish among forest age classes. 

To assess differences in vegetation structure and species composition 
among forest age classes, the average and the 95% confidence intervals 
of vegetation attributes (diameter, stature, abundance, basal area, spe-
cies richness and species composition) in each forest age class were 
calculated separately for the two types of TDF. 

An exploratory analysis of species composition among forest age 
classes in each landscape was carried out using Non-metric Multi-
dimentional Scaling (NMDS) with the Vegan package (Oksanen et al., 
2007) for R (R Development Core Team, 2017). The NDMS is a non- 
parametric ordination technique that projects the multidimensional 
species-by-plot data matrix onto a lower-dimensional space, in this case 
we obtained three ordination axes. To explore and visually represent 
differences in species composition among forest age classes, the sample 
sites were colour coded by age class and the centroid of each age class 
was indicated in the NDMS ordination plots. In addition, to test for 
significant differences in species composition between the forest age 
classes, we employed PERMANOVA analysis, a nonparametric analogue 
of multivariate analysis of variance that tests variability within and 
between groups, but is free of parametric assumptions of multivariate 

normality and homogeneity of variances. The PERMANOVA analysis 
was carried out using a matrix of species abundance and forest age 
classes as a categorical explanatory variable with the Vegan package 
(Oksanen et al., 2007) for R (R Development Core Team, 2017). 

Finally, the most important species in each forest age class were 
identified and the Simpson dominance index (D) was calculated to 
examine how species dominance varied among successional age classes 
in each landscape. This index is strongly influenced by the most abun-
dant species and is less sensitive to species richness (Magurran, 2004). 

3. Results 

A classified map of forest age classes after performing both the 
random forest classification method and the post-processing of the SPOT 
5 imagery for the KK and JMM landscapes yielded an overall accuracy of 
91% and 88.37% (Fig. 3, Table 1), respectively. Compared to the map 
obtained from the random forest classification alone, the post- 
processing procedure improved the accuracy of the forest age map by 
14.19% and 16.28% respectively for KK and FCP (Supplementary Fig. 1 
and Table S2). 

The age class with the highest user accuracy, after applying both the 
random forest classification method and the post-processing, was the 
17–50 yr. class (95.3% accuracy) in the KK landscape (Table 1) and the 
9–16 yr. class (90.9% accuracy) in the JMM landscape (Table 1). The 
lowest user accuracy was found in the > 50 yr. class in the KK landscape 
and the 17–50 yr class in the JMM landscape, with an 80% accuracy in 
both cases (Table 1). 

The highest producer accuracy was observed in the 9–16 yr. class 
(95.2% accuracy) in the KK landscape, and in the 9–16 and > 50 yr. 
classes (100% accuracy in both cases) in the JMM landscape. The lowest 
producer accuracy was recorded in the > 50 yr. class in KK and in the 
17–50 yr. class in JMM (80% in both cases; Table 1). The user and 
producer accuracies have similar values in all forest age classes for KK 
landscape. However, the fact that there is a higher value of user accuracy 
than producer accuracy for the forest with more than 50 years in JMM 
landscape (a difference 16.7%) indicates that this class had the highest 
magnitude of misclassification compared to the others classes. 

The land-cover classes with the highest coverage were the 17–50 yr. 
class in the KK landscape (39.50%) and the >50 yr. class in the JMM 
landscape (36.8%), respectively, followed by the >50 yr. class (28.4%), 
and the 17–50 yr. (34.6%), respectively for KK and JMM landscapes. 
(Table 2). 

The most important variables for mapping forest age classes based on 
the random forest classification method with satellite images were the 
mean and standard deviation of the red (b2) and near-infrared (b3) 
bands from SPOT imagery for the KK site, while the most important 
variables for JMM, were the mean and standard deviation of the green 
band (b1), the median of the near-infrared (b3) and the mean of the red 
(b2) bands of SPOT 5 imagery (Fig. 4). 

The second Random Forest classification algorithm carried out to 
evaluate relationships between forest age classes and vegetation attri-
butes revealed that vegetation attributes accounted for 77.7% and 
84.7% of the variation among forest age classes in the KK and JMM 
landscapes, respectively. The most important variables, to characterize 
forest age classes from vegetation attributes, were basal area (BA), 
diameter at breast height (DBH), mean height of the 10 tallest trees, 
mean tree height and aboveground biomass (AGB) for the KK landscape. 
In JJM, the vegetation attributes that best distinguished among forest 
ages classes were mean height of the 10 tallest trees, basal area (BA), 
sample plot scores on ordination axis 1 from NMDS, aboveground 
biomass (AGB) and diameter at breast height (DBH) (Fig. 5). We found 
no significant spatial autocorrelation (p > 0.05) for any of the vegetation 
attributes in either landscape. 

The forest age classes in the KK landscape clearly differed in vege-
tation structure, especially in basal area, diameter, height of the ten 
tallest trees, mean tree height, and aboveground biomass (Fig. 6). In the 
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JMM landscape, the forest age classes differed in terms of both vegeta-
tion structure and composition, especially in mean height of the 10 
tallest trees, basal area (BA), aboveground biomass (Fig. 6) and plot 
scores on ordination axis 1 from NMDS (Fig. 7). In both landscapes, in 
addition to showing significant differences between forest age classes, 
most variables increased with time since abandonment, except for 

abundance, which decreased. 
A total of 204 woody plant species in 52 families were recorded in 

the KK landscape, whereas 223 woody plant species in 50 families were 
recorded in the JMM landscape. The plant species with the highest 
importance value (IVI) in each forest age class are shown in Table 3. 

Exploratory NMDS ordination analyses revealed that species 

Fig. 3. Forest age map of the tropical dry forests in the Kaxil Kiuc (a) and José María Morelos (b) landscapes obtained after a classification with random forest of 
SPOT 5 imagery and post-processing. 
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composition differed among the forest age classes in both landscapes, 
especially in JMM (Supplementary Fig. 2). The PERMANOVA tests 
confirmed that these differences were significant (P < 0.001), although 
they accounted for a small proportion of the total variation in species 
composition (R2 = 0.09 in Kaxil Kiuic and R2 = 0.22 and José María 
Morelos, respectively (Table 4). 

The two landscapes studied showed contrasting patterns of species 
dominance (Simpson’s index). In KK, the highest dominance (0.12) was 

found in the early successional class (3–8 yr.), whereas in JMM, the 
highest dominance (0.11) corresponded to old-growth forests (>50 yr.) 
(Table 5). 

4. Discussion 

4.1. Tropical dry forest age maps 

The methodology used in this study allowed us to obtain accurate 
forest age maps for the semi-deciduous and semi-evergreen tropical 
forests (overall accuracy = 91.0% and 88.4%, respectively). These 
overall accuracy values are higher than those reported in previous 
studies of tropical forests (80–88% accuracy) (Helmer et al., 2010, 
Pasher and King, 2011, Fujiki et al., 2016, Carreiras et al., 2017, Sun 
et al. 2019). Most recent studies on vegetation classification, either in 
general or differentiating forest age areas, have combined spectral in-
formation from satellite images with image texture information and 
environmental or topographic data (Berberoglu et al., 2000; Gallardo- 
Cruz et al., 2012; Carreiras et al., 2017). Although this approach could 
enhance the accuracy of our classifications, we were able to produce 
highly accurate maps of forest coverage in different successional age 
classes using exclusively the reflectance in the different SPOT-5 bands 
with the Random Forest classification algorithm, a thorough post- 
processing process and chronosequence data. In particular, the use of 
high-resolution imagery allowed us to better detect variability in the 
different vegetation elements, water bodies or agricultural areas, 
compared to medium-resolution imagery (Liu and Xia, 2010). Moreover, 
the segmentation (object-based classification) of the images allowed a 
better spectral separation of different successional stages (Nelson et al., 
2000). However, segmentation can also produce a lower precision when 
segments do not adequately represent the objects on the surface, 
particularly in forested areas where pixels include a mix of both forest 
canopy and gaps (Pasher and King, 2011). 

An important methodological step in this study was the post- 
processing of the images that were first classified using segments with 
a Random Forest algorithm. This step increased the accuracy of the 
vegetation cover maps of different successional age classes by 14.19% 
and 16.28%, for the KK and JMM landscapes, respectively. Clearly, post- 
processing played a central role in improving the accuracy of 

Table 1 
Validation of the age map for tropical dry forests of the Kaxil Kiuic and José 
María Morelos landscapes after using Random Forest classification and post- 
processing.  

Landscape 
Age class (Years) 

Producer accuracy 
(%) 

User accuracy 
(%) 

Overall accuracy 
(%) 

Kaxil Kiuic   91.0 
3–8  85.0  89.5  
9–16  90.9  95.2 
17–50  95.3  91.0 
+50  80.0  80.0 
José María 

Morelos   
88.4 

3–8  90.0  92.3  
9–16  90.9  100.0  
17–50  80.0  80.0  
+50  83.3  100.0   

Table 2 
Percent coverage of forest age classes in the Kaxil Kiuic and José María Morelos 
landscapes.   

Kaxil Kiuic José María Morelos 

Forest Age 
Classes 

Surface 
(ha) 

(% of 
Coverage) 

Surface 
(ha) 

(% of 
Coverage)      

>50 Years  10,021.3  28.4  6,033.6  36.8 
17–50 Years  13,930.2  39.5  5,670.8  34.6 
9–16 Years  5,476.6  15.5  3,426.8  20.9 
3–8 Years  5,874.4  16.6  1,246.7  7.6 
TOTAL  35,302.3  100.0  16,377.9  100.0  

Fig. 4. Random forest predictor importance ranking (mean decrease in accuracy) using SPOT 5 imagery predictor variables in Kaxil Kiuic (a) and José María Morelos 
(b). b1 = green band; b2 = red band; b3 = shortwave infrared band and b4 = near-infrared band of Spot 5 Imagery; mean; median; std = standard deviation. 
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classification of forest age classes in both landscapes. This was achieved 
through a combination of information from the training sites, zonal 
statistics calculated for the entire area and visual examination, which 
allowed us to separate areas of different successional age classes. For 
example, the spectral information obtained from satellite images on the 
early successional classes may be confounded with that from areas of 
low or sparse vegetation (leading to a low initial classification accuracy). 
However, spectral information of early ages can easily be differentiated 
with a visual examination during post-processing (compare the values of 
producer accuracy for these classes in Tables S2 and Table 1). Similarly, 
fast recovery of vegetation structure attributes during secondary 

succession may cause intermediate-aged (17–50 yr.) forests to attain 
similar vegetation structure values compared to old-growth (>50 yr.) 
forests, and hence to show similar reflectance values in the different 
bands of multispectral images, as seems to have been the case in the 
JMM landscape (Fig. 6b). 

The greater area of young forest age classes and lower percentage of 
mature forest cover in KK landscape compared to JMM landscape 
(Table 2) reflect differences in land-use practices. In KK, slash-and-burn 
agriculture has been the dominant land use for several centuries and the 
fallow period has been shortened, leading to a predominance of young 
secondary vegetation. On the other hand, in JJM, cattle pastures are 

Fig. 5. Random forest predictor importance ranking (mean decrease in accuracy) using vegetation attributes as predictor variables in Kaxil Kiuc (a) and José María 
Morelos (b). BA = basal area; DBH = diameter at breast height; 10 HIGHEST = Mean height of the 10 tallest trees; AGB = aboveground biomass; NMDS = Non-metric 
Multidimensional Scaling. 

Fig. 6. Mean values and 95% confidence intervals of vegetation structure variables in each forest age class in Kaxil Kiuc (a) and José Maria Morelos (b). DBH =
diameter at breast height, Height = mean tree height, 10 Highest Trees = Mean height of the 10 tallest trees. 
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common and are generally maintained for decades, while slash-and- 
burn agriculture is less dominant and there is also selective timber 
extraction resulting in larger areas of mature forest (Chazdon, 2003). It 

is worth noting that, in both landscapes, the oldest age class had 
comparatively low classification precision (producer accuracy in 
Table 1). Old-growth forests are characterized by having a complex and 
heterogeneous structure ranging from tall, dense, closed canopy condi-
tions to more open conditions with short vegetation in canopy gaps 
(Chazdon, 2014), making them hard to classify, especially using high 
resolution imagery. On the other hand, we found comparatively low 
classification precision (producer accuracy) for the youngest forest age 
class in the KK landscape, but not in the JMM one (Table 1, S2). This may 
be due to differences in the predominant land-use practice in each 
landscape. The dominant land use (in terms of land cover) in JMM is 
cattle pastures, in which large areas (10 – 200 ha) are uniformly covered 
with short grasses with no remnant trees for several decades. In contrast, 
the dominant land use in KK is traditional slash-and-burn agriculture, 
which occupies smaller areas (1 – 4 ha) for a much shorter period (2–4 
years) and are covered by corn, squash, beans and other crops 
(González-Cruz et al., 2015). Thus, the contrast between agricultural 
lands and early successional forests is likely much greater (allowing a 
better classification of these forests) in JMM than in KK. This suggests 
that the predominant land-use practice may influence the accuracy with 
which early successional forests can be classified. 

Finally, many studies mapping forest age consider as an alternative 
to the use of time series data for detecting age classes is the use of 
chronosequences, that is, field plots of different successional age or time 
since abandonment (Vieira et al., 2003; Fujiki et al., 2016; Carreiras 
et al., 2017). In our study, we established successional age from in-
terviews with local land-owners, villagers and farmers. This is important 
when using classification algorithms such as Random Forest, since a 
fraction of the field data can be used for training the model and the 
remaining portion is used for validating the forest age maps obtained. 

4.2. Vegetation structure, species richness and species composition in 
forest age classes 

An important goal of this study was to assess relationships between 
forest age classes and vegetation structure, species diversity and 

Fig. 7. Mean values and 95% confidence intervals of species richness and composition in each forest age class in Kaxil Kiuc (a) and José Maria Morelos (b).  

Table 3 
List of the most abundant species in each forest age class in the Kaxil Kiuic and 
José María Morelos landscapes.   

3–8 Years 9–16 Years 17–50 Years >50 Years 

Kaxil Kiuic  
Neomillspaughia 
emarginata 
Mimosa 
bahamensis 
Caesalpinia 
gaumeri 
Piscidia piscipula 
Bursera simaruba 
Lysiloma 
latisiliquum 
Gymnopodium 
floribundum 

Neomillspaughia 
emarginata 
Bursera simaruba 
Lysiloma 
latisiliquum 
Gymnopodium 
floribundum 
Mimosa 
bahamensis 
Piscidia piscipula 
Lonchocarpus 
xuul 

Bursera simaruba 
Gymnopodium 
floribundum 
Lysiloma 
latisiliquum 
Lonchocarpus 
xuul 
Piscidia piscipula 
Thouinia 
paucidentata 
Neomillspaughia 
emarginata 

Caesalpinia 
gaumeri 
Bursera 
simaruba 
Gymnopodium 
floribundum 
Lonchocarpus 
xuul 
Piscidia 
piscipula 
Lysiloma 
latisiliquum 
Diospyros 
anisandra  

José María Morelos  
Piscidia piscipula 
Lonchocarpus 
xuul 
Croton glabellus 
Spondias 
radlkoferi 
Sabal gretheriae 
Lonchocarpus 
rugosus 
Hamelia patens 

Piscidia piscipula 
Croton glabellus 
Bursera simaruba 
Lysiloma 
latisiliquum 
Guettarda combsii 
Allophylus 
cominia 
Sabal gretheriae 

Bursera simaruba 
Lysiloma 
latisiliquum 
Croton glabellus 
Piscidia piscipula 
Coccoloba spicata 
Guettarda combsii 
Dendropanax 
arboreus 

Brosimum 
alicastrum 
Pouteria 
reticulata 
Trichilia 
minutiflora 
Piper amalago 
Manilkara 
zapota 
Pouteria 
campechiana 
Dalbergia glabra  

Table 4 
PERMANOVA analyses of differences in species composition among forest age 
classes in the two landscapes studied.  

Landscape  df Sum of 
Squares 

Mean 
Square 

F R2 Pr 
(>F) 

Kaxil Kiuic Age 3  7.18  2.39  9.26  0.09  0.001 
Residual 272  70.27  0.25   0.90  
Total 275  77.45    1.00  

José María 
Morelos 

Age 3  4.98  1.65  5.95  0.22  0.001 
Residual 63  17.56  0.27   0.77  
Total 66  22.55    1.00   

Table 5 
Simpson’s species dominance index in each forest age class in the two landscapes 
studied.  

Landscape (3–8 Years) (9–16 
Years) 

(17–50 
Years) 

(>50 
Years) 

Kaxil Kiuic  0.12  0.06  0.04  0.05 
José María Morelos  0.05  0.03  0.06  0.11  
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composition. In this way, the forest age maps obtained could be inter-
preted in ecological terms and used for guiding forest management and 
conservation strategies and land-use practices. We found that vegetation 
attributes are strongly associated with variation among forest age classes 
(accounting for 77.7% and 84.7% of the variation in KK and JMM 
respectively), as reported elsewhere (Eaton and Lawrence, 2009). In 
both study landscapes, vegetation attributes such as basal area, mean 
tree height, aboveground biomass, and diameter increased with suc-
cessional age and differed among forest age classes. Some studies have 
shown that vegetation attributes such as aboveground biomass, species 
richness and tree size are strongly and positively related to forest suc-
cessional age (Zhang and Chen, 2015). These results are similar to those 
from other studies conducted in the same study area (Dupuy et al., 2012; 
Miranda-Plaza, 2014). 

In the KK landscape, the five vegetation attributes that contribute 
most to differentiate among forest age classes were all structural attri-
butes (Fig. 5 a). In this landscape, the early successional classes typically 
display a large number of small individuals, resulting in distinctively 
lower values of basal area, diameter, and height, compared to more 
advanced successional stages. Other studies have reported that a high 
density of small individuals during the early successional stages can be 
produced by germination processes (Ruiz et al., 2005) coupled with 
colonization or establishment of species through dispersal or regrowth 
(Maza-Villalobos et al., 2011). The relatively lower contribution of 
species richness and composition to distinguish among forest age classes 
in this landscape seems to be associated with the large variation in these 
vegetation attributes shown by the old-growth (>50 yr.) forests (Fig. 6a, 
Fig. 7a). This large variation likely reflects the effect of topography, 
since this area is characterized by the presence of low hills with distinct 
soil conditions and mostly old-growth forests, alternating with flat areas 
(Dupuy et al., 2012). Indeed, the latter study found significant differ-
ences in soil conditions as well as in forest structure, diversity and 
composition between hills and flat areas. 

In the JMM landscape, forest canopy height (height of the tallest 
trees), basal area and species composition (sites scores on NMDS axis 1) 
were the most important vegetation attributes for differentiating forest 
age classes. The semi-evergreen tropical forest in this landscape has 
different topographic (flat areas) and soil conditions and higher pre-
cipitation (and water availability) than the semi-deciduous tropical 
forest of the KK landscape. Therefore, trees in the semi-evergreen forest 
are able to attain larger sizes (in terms of basal area, aboveground 
biomass, and tree height) and at earlier successional ages compared to 
the semi-deciduous forest (Fig. 6). On the other hand, selective logging 
practiced almost exclusively in the JMM landscape (Avella et al., 2019; 
López-Jiménez et al., 2019) involves the extraction of the biggest trees, 
thereby reducing mean tree height, basal area and above ground 
biomass of old-growth forests. This could help explain the similar values 
of these structural parameters shown by advanced (17–50 yr) and old- 
growth (>50 yr) forests in JJM (Fig. 6b). 

Selective logging could also help explain the different patterns of 
species richness and dominance between the two forest landscapes 
studied. Surprisingly, old growth forests in JMM showed lower species 
richness than intermediate (9–16 yr) and advanced (17–50 yr) forests as 
well as the highest species dominance (Table 5). Overexploitation 
(leading to local extirpation) of several valuable timber species in old- 
growth forests in this landscape could be partly responsible for these 
unexpected patterns. These forests showed high dominance by a few 
slow-growing late-successional species that are valued for food and/or 
chewing gum, such as Brosimum alicastrum, Pouteria recticulata and 
Manilkara zapota, and which are known to have been favoured by 
ancient Mayan peasants over several centuries (White and Hood, 2004). 
Strong dominance by a few favoured species in the old-growth forests 
can also explain the humped shape pattern of species richness with 
successional age found in JMM (Fig. 7b) which is in agreement with the 
intermediate disturbance hypothesis (Connell, 1978). In contrast, in the 
KK landscape, the strongest dominance was found in the youngest (3–8 

yr.-old) forests, which were dominated by a few very abundant pioneer 
species such as Neomillspaughia emarginata, Mimosa bahamensis, and 
Caesalpinia gaumeri. This latter result is in line with successional theory 
and empirical findings in tropical forests in general (Chazdon, 2014). 

We found minor (although significant) differences in species 
composition between forest age classes. For example, in KK we found 
many species that are common in different age classes, such as Neo-
millspaughia emarginata, Bursera simaruba, Gymnopodium floribundum, 
Caesalpinia gaumeri, Lonchocarpus xuul, and Piscidia piscipula (Table 3). 
This is consistent with previous findings in the Yucatan Peninsula that 
different forest age classes share many dominant species (López-Jiménez 
et al., 2019; Sanaphre-Villanueva et al., 2017; Dupuy et al., 2012). This 
dominance of generalist species across secondary forest succession may 
be partly the result of a long history of land use, mainly for slash and 
burn agriculture, and forest management by the Mayan people (San-
aphre-Villanueva et al., 2017). The sampling design in the KK landscape 
with samples nested within 1 km landscapes units (Hernández-Stefanoni 
et al., 2011), resulting in short distances among sample plots within 
landscape units (minimum distance: 350 m) may have also contributed 
to this pattern of dominance by a few generalist species with wind- 
dispersed seeds, and to the small differences in species composition 
among successional age classes. In JMM, generalist species such as Pis-
cidia piscipula, Croton glabellus and Bursera simaruba are also shared by 
early and intermediate successional classes, but very few of these remain 
as abundant as late-successional slow-growing species in old-growth 
forests (Table 3). These combined results suggest that species compo-
sition recovers quickly in the semi-deciduous forest of KK, but slowly in 
the semi-evergreen forest of JMM (Rozendaal et al., 2019). This inter-
pretation is in agreement with the higher proportion of variation in 
species composition accounted for by successional age classes in JMM 
than in KK (Table 4) and with the greater ability of scores of NMDS axis 1 
to separate successional age classes (especially the intermediate and old- 
growth ones) in JMM compared to KK (Fig. 7). 

5. Conclusions 

The methodological approach implemented in this study proved to 
be useful for producing accurate forest age maps in the two TDF land-
scapes studied. The segmentation processes of satellite images allowed 
us to better discriminate the area of interest based on high-resolution 
satellite images and chronosequence field data. Forest age maps are 
commonly obtained by means of time-series data that allow evaluating 
changes over time, using various types of medium-resolution satellite 
imagery. Our study showed that, by combining the spectral variability of 
high-resolution images with field data containing stand age information, 
it is possible to obtain highly accurate vegetation age maps for the TDF 
of the Yucatan Peninsula. The approach based on an initial segmentation 
followed by Random Forests classification proved to be effective for 
classifying high-resolution images. However, post-processing was key to 
attain a higher accuracy. 

Forest age classes can be related to different vegetation attributes. 
Since successional age is strongly associated with forest structure, di-
versity and composition in the TDF studied (and in most forests world- 
wide), vegetation age classes can be related to various community at-
tributes, such as above-ground biomass, species richness and species 
composition. However, our results show that the strength of the re-
lationships varies between tropical dry forests, highlighting the impor-
tance of assessing these relationships separately for each forest type. 
Having accurate maps of vegetation age classes for each forest type is 
important for biodiversity conservation, forest management and resto-
ration, land use planning and climate change mitigation strategies, such 
as REDD+ (reductions of emissions from deforestation and degradation 
and enhancement of carbon sequestration and other co-benefits). Hav-
ing field data from forest stands of different ages since abandonment (i.e 
chronosequence data) in each forest type is key to adequately charac-
terize secondary forest succession, which is essential to produce 
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accurate forest age maps and to relate age classes to vegetation attri-
butes. This can help to better understand the resilience and the recovery 
of ecosystems after land use changes or natural disturbances, formulate 
strategies for sustainable management, biodiversity conservation, 
restoration and climate change mitigation. 
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