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ABSTRACT – Accurate information on the land cover is crucial for efficient monitoring and 9 

development of environmental studies in the Brazilian Caatinga forest. It is the largest tropical 10 

seasonal forest in South America, presenting high biodiversity and is under intense 11 

anthropogenic disturbance. Caatinga's land cover is heterogeneous, and rainfall is its primary 12 

phenological regulator, presenting mainly deciduous species. Different land-cover patterns 13 

show distinct spatial responses to climate and soils changes and modify their physical 14 

properties over time. Rainfall is highly variable over time and space, but seasonally 15 

concentrated between 2 to 4 months. Therefore, distinguishing the different patterns of land 16 

cover through medium spatial-resolution remote sensing, such as the Landsat image series, is 17 

challenging, due to the particularities of the climate-vegetation interaction. Two remote sensing 18 

approaches have a high potential for efficient land-cover mapping in Caatinga: single and 19 

multi-date imagery. The heterogeneity of the land cover of this environment can contribute to 20 

a better performance of multispectral approaches, although it is normally applied for single-21 

date images. In a land-cover mapping effort in Caatinga, the temporal factor gains relevance, 22 

and the use of time series can bring advantages, but, in general, this approach uses vegetation 23 

index, losing multispectral information. This manuscript aims to assess the accuracies and 24 

advantages of single-date multispectral and multi-date  Normalized Difference Vegetation 25 

Index (NDVI) approaches in land-cover classification. Both approaches use the Random Forest 26 

method, and the results are evaluated based on samples collected during field surveys. Results 27 

indicate that land-cover classification obtained from multi-date NDVI  performs better than 28 

single-date multispectral data. The lower performance observed for single-date multispectral 29 

classification is due to similarities in spectral responses: targets of deciduous vegetation lose 30 

their foliage and can be misread as non-vegetated areas. Meanwhile, an accurate classification 31 

by time series of plant clusters in seasonal forests allows incorporating seasonal variability of 32 

land-cover classes during the rainy and dry seasons, as well as transitions between seasons. 33 

 34 
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1. Introduction  36 
 37 

The Caatinga is the largest seasonally dry tropical forest in South America (Queiroz et 38 

al., 2017), covering an area of about 11% of the Brazilian territory (Brazil-MMA, 2019). 39 

Caatinga's conservation has a direct influence on various environmental processes associated 40 

with soil protection, water resources, climate maintenance (Manhães et al., 2016) and economic 41 

activities (Brazil-MMA, 2019). The degradation of Caatinga vegetation results from 42 

unsustainable exploitation, which, associated with climatic factors, accelerates the 43 

desertification process in the region (Drumond, 2004). This ecosystem, of high biodiversity, is 44 

under intense anthropogenic disturbance (Ribeiro et al., 2015), and needs accurate information 45 

on the land cover for efficient monitoring and development of environmental studies (Gomez 46 

et al., 2016).  47 

         The Caatinga land cover is heterogeneous, and rainfall is the main phenological 48 

regulator of plants in this forest (Moro et al., 2016). The different land-cover patterns are driven 49 

by natural and anthropogenic factors, acting on multiple spatial and temporal scales (Moro et 50 

al., 2016; Chaves et al., 2008). In these different land-cover patterns, the strategies for adapting 51 

to the climate are distinct, resulting in different spatial responses and in the variation of their 52 

physical properties over time (Meiado et al., 2012; Vico et al., 2015). The particularities of the 53 

climate-vegetation interaction in this forest make it a challenge to distinguish the different land-54 

cover patterns through remote sensing (Cunha et al., 2020).  55 

The extraction of land-cover information from remote sensing images is the result of 56 

the interaction of the targets on the surface and the electromagnetic radiation in the different 57 

spectral bands (Jensen, 2009). The algorithms for distinguishing the different spatial patterns 58 

existing in the landscape take advantage of this information to characterize the land cover. The 59 

Landsat data structure allows performing temporal analysis in higher spatial resolution 60 

(Woodcock et al., 2020), as it provides information on the quality of coverage radiometric, 61 

geometric, and identification of clouds and cloud shadows (Wulder et al., 2016; Man et al., 62 

2018), making easier the differentiation of land-cover patterns in high spatial heterogeneity. 63 

Although satellites offer practically continuous monitoring, classification of land cover 64 

commonly uses multispectral data at a single observation date (Jia et al., 2014; Mahdianpari et 65 

al., 2018; Alhassan et al., 2019). However, this approach can induce confusion in the 66 

classification of the different existing land-cover patterns in dry seasonal forests, due to the 67 

similarity of the vegetation's spectral response in specific phenological stages (Karnieli, 2002).  68 
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The use of time series can be an alternative for mapping seasonal dry forests, for 69 

allowing the monitoring of the different phenological stages of land cover patterns (Hüttich et 70 

al., 2011; Gomez et al., 2016). Moreover,  the use of vegetation indices allows synthesizing the 71 

spectral bands which are most sensitive to biomass variation and photosynthetic activities, 72 

simplifying the number of input variables (Tatsumi et al., 2015). However, most studies using 73 

vegetation-index time series are carried out in crop areas (Wardlow and Egbert, 2008; Zheng 74 

et al., 2015; Mercier et al., 2020), which facilitates the identification of the phenological cover 75 

patterns. In seasonal dry forests, the land cover classes and their phenological patterns are not 76 

well defined and anthropogenic changes may impair the mapping (Abdi, 2020).  77 

This study assesses two approaches for supervised classification of the Caatinga forest 78 

vegetation, one using multi-date Normalized Difference Vegetation Index (NDVI) data and the 79 

other using single-date multispectral data. The objectives of this study are: i) to map the 80 

Caatinga land-cover classes using these two approaches, comparing both performances for 81 

land-cover classes classification, and ii) to assess the impact of the classifications on land-cover 82 

mapping once the outcome results provide information for the forest management and 83 

conservation. It is also expected that the findings can contribute to enhancing the techniques 84 

for mapping seasonally dry tropical forests.  85 

 86 

2. Materials and methods 87 

2.1. Study area 88 

The study area is the Sucuru River basin (Fig. 1), with a territorial area of 1,682.87 km², 89 

located between the geographical coordinates 7º28'30'' and 7º49'30'' South and 36º34'00''and 90 

37º12'00'' West. In the study area, vegetation degradation has occurred mainly by human 91 

activities, such as agriculture and livestock exploitation and wood extraction (Moreira and 92 

Targino, 1997; Alves et al., 2017). The climate is hot semi-arid  (BSh, Köppen classification), 93 

with two distinct seasons: the hot dry season (From June to January) and the very hot rainy 94 

season (from February to May), with an average annual rainfall of approximately 520 mm 95 

(Cunha et al., 2020). The soils are shallow and stony, which makes it difficult to retain water 96 

after the precipitation events (Moro et al., 2015). The river basin is located in the Cariris Velhos 97 

desertification nucleus. This nucleus is one of the areas in the region that presents a high risk 98 

of desertification (INSA, 2016). 99 
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 100 

Fig 1: Location of the study area within the Caatinga. The green patterns in the image are the 101 

locations of ground-reference data.  102 

2.2. Methods  103 

Figure 2 presents the schematic workflow of the methodology applied in this work to 104 

evaluate the performance of the classification obtained by single-date multispectral data and 105 

the classification by multi-date NDVI data. First, we collected field data and selected satellite 106 

images. Then, we reconstructed the smoothed NDVI time series, and identified the temporal 107 

patterns of the vegetation cover classes. In the processing step, the Random Forest (RF) method 108 

was used for both, single-date multispectral and, multi-date NDVI classification. Finally,  it is 109 

identified the accuracy and performance of these classifications. 110 

 111 
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Fig 2: Schematic workflow of the methodology 112 

2.2.1. Data collection 113 

Field surveys collected raw data about Caatinga's land-cover classes in 60 previously 114 

chosen land-plots. The surveys occurred in early spring when the deciduous vegetation doesn't 115 

lose its leaves yet. In this case, it happened from September 28 to October 7, 2016. The land-116 

cover identification survey in the 60 land-plots polygons (Fig. 1) extracted 3,000 pixels 117 

randomly, which representing six classes of Caatinga land-cover. The whole set of pixels was 118 

randomly grouped into training (2,000 pixels) and validation (1,000 pixels) data sets. Caatinga's 119 

land-cover classification followed  the methodology proposed by Chaves et al. (2008). Those 120 

authors describe  and evaluate Caatinga's vegetation in its different stages of anthropization, 121 

based on size, morphological features and degrees of coverage. Table 1 shows the used classes 122 

according to this methodology.  The Bare Soil (BS) class, when there is no vegetation cover, 123 

was added, totalling six land-cover classes.  124 

Table 1. Classification of Caatinga's vegetation.   125 

Classes  
Predominant Class 

Height (m) 

Secondary Class 

Height (m)  
Density (%) 

VDAS > 4.5 m 3.0 - 4.5 m >80% 

DAS > 4.5 m 3.0 - 4.5 m >60 < 80 %  

 OSSB 3.0 - 4.5 m 1.5 - 3.0 m >40< 60 %  

OSS 1.5 - 3.0 m 3.0 - 4.5 m >40< 60 %  

SSS 0 - 1.5 m 1.5 - 3.0 m >20< 40 %  

 126 
VDAS: Very dense arboreous subarboreous; DAS: Dense arboreous subarboreous;  127 
OSSB: Open subarboreous-shrub; OSS: Open shrub-subarboreous; SSS: Sparse Subshrub-shrub.  128 
Source: Chaves et al. (2008) 129 

 130 

The remote sensing used images are from the Enhanced Thematic Mapper Plus (ETM+) 131 

and the Operational Land Imager (OLI) sensors, on board the Landsat 7 and 8 satellites, 132 

respectively. These images are freely available by the United States Geological Survey 133 

(https://espa.cr.usgs.gov/) and there is 88 Landsat images available from October 2014 to 134 

September 2016 that cover the study area (44 from the ETM+  sensor and 44 from the OLI 135 

sensor). The combination of images from two sensors results in sampling for the same region 136 

https://espa.cr.usgs.gov/
https://espa.cr.usgs.gov/
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at eight-day intervals with thirty meters of spatial resolution. Two different algorithms generate 137 

Landsat data at this correction level and depend on the measurement sensor: Landsat 7 ETM+ 138 

data are obtained by the LEDAPS software (Masek et al., 2006), and Landsat 8 OLI data are 139 

processed by the LaSRC algorithm (Vermote et al., 2016). NDVI is calculated using surface 140 

reflectance data from the red and near-infrared (NIR) spectral regions (Tucker, 1979). USGS 141 

provides NDVI images with terrain and atmospheric correction, resulting in orthorectified 142 

images of high geometric accuracy. 143 

 144 

2.2.2. Pre-processing 145 

 Digital pre-processing of the images, to perform the classification by time series, was 146 

done by a R script (R Development Core Team, 2018) developed by the authors , for noise 147 

reduction and removal of cloud shadows, clouds, and water pixels. For a smoothed NDVI time 148 

serie, the pre-processing uses the Landsat surface reflectance quality assessment (band 149 

pixel_qa) which considers only clear pixels (values 66 and 130 for Landsat 7, or 322 and 386 150 

for Landsat 8, USGS, 2019a, b). Holben (1986) showed that the maximum value is a reliable 151 

measure to produce representative compositions of the temporal image on a monthly scale. In 152 

this study, the NDVI maximum values are used to reduce the original NDVI time series to 153 

monthly composite images. The missing values were filled in by linear interpolation. Also, the 154 

Savitzky-Golay linear filter is applied (Cao et al., 2018; Savitzky and Golay, 1964), with a five-155 

month window to smooth the width, reducing  the noise caused by atmospheric variability. 156 

 157 

2.2.3. Classification  158 

The classification step uses the spectral bands blue, green, red, NIR, short wave infrared 159 

1 (SWIR 1) and short wave infrared 2 (SWIR 2) (Fig. 3) of the image of September 29, 2016, 160 

Landsat 8 as input data to the RF method to implement the single-date multispectral approach 161 

to classification. In the approach by multi-date NDVI, the NDVI monthly time series from 162 

October 2014 to September 2016, totalling 24 composite images (Fig. 3) are the input data to 163 

the RF procedure.  164 

Supervised image classification was performed using the  Random Forest R package 165 

(Liaw and Wiener, 2002). The RF is an ensemble classifier that produces multiple decision 166 

trees. The method uses a bootstrap sample of two-thirds of the original training data (in-bag 167 

samples) to form trees randomly while the remaining third group of samples known as Out-Of-168 

Bag (OOB), are used to obtain an internal error estimate (Breiman, 2001; Belgiu and Drãgut, 169 
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2016; Hüttich et al., 2011). The final classification decision is obtained by the arithmetic mean 170 

of the class assignment probabilities calculated by all produced trees, in which each tree votes 171 

for a class membership and the final result is the class that obtained the highest number of votes 172 

(Belgiu and Drãgut, 2016). This method has been indicated to classify land cover due to its 173 

precision (Valbuena et al., 2016). The main parameters of the RF models, defined by the user, 174 

are the maximum number of decision trees to be generated in the forest (ntree) and the number 175 

of variables used randomly to split each node (mtry) of the tree (Belgiu and Drãgut, 2016; 176 

Htitiou et al., 2019). In this study, five hundred decision trees were used and mtry was set to 177 

the square root of the number of predictor variables. 178 

 179 

 180 

Fig 3: Single-date multispectral and Multi-date NDVI classifications approaches 181 

 182 

2.2.4 Validation and accuracy assessment 183 

The evaluation of the supervised classifications was carried out based on four 184 

performance indicators calculated from the confusion matrix: overall accuracy (OA), Kappa 185 

coefficient (k), producer’s accuracy (PA), and user’s accuracy (UA). The confusion matrix 186 

describes the pattern of the allocation class relative to the reference data (Foody, 2002). The 187 
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Kappa coefficient of agreement (k) uses all the elements of the confusion matrix in its 188 

calculation (Eq. 1), constituting an important precision evaluator in images analysis. 189 

k = 
𝑛 ∑ 𝑥𝑚

𝑖=1  𝑖𝑖   −  ∑ 𝑥𝑚
𝑖=1  𝑖+  𝑥+𝑖 

𝑛² −  ∑ 𝑥𝑚
𝑖=1  𝑖+  𝑥+𝑖 

,   Eq. 1 190 

where k is an estimate of the kappa coefficient (valuing less than 0 means no agreement; close 191 

to 1 means perfect agreement); xii is the value in row i and column i; xi+ is the sum of the 192 

values in row i; x+i is the sum of the values in column i of the confusion matrix; n is the total 193 

number of samples; and m is the total number of classes (Foody, 2002; Congalton and Green, 194 

2008). 195 

OA is the division of the total number of correctly classified samples (sum of the 196 

elements of the main diagonal of the confusion matrix) by the total number of reference 197 

samples. PA is the division of the total number of correctly classified samples in a class by the 198 

total number of reference samples for that class, while UA is the division of the total number 199 

of samples that were correctly classified in a class by the total number of samples classified in 200 

that class (Congalton, 1991). These performance indicators value between 0% and 100% (worst 201 

and best performance, respectively). 202 

The spectral response of the Caatinga coverage classes concerning the two 203 

classification approaches was also analyzed. The classes' boxplots were visually examined to 204 

evaluate the separability of each class. This graphic technique illustrates how the training data 205 

of the coverage classes are related to the inputs used in the classification approaches.  206 

 207 

3. Results   208 

The results of the performance assessment showed that the classification based on 209 

NDVI monthly time series was more accurate, with an overall accuracy of 88.8% and a kappa 210 

coefficient of 0.86 (Table 3), than the single-date multispectral classification, with an overall 211 

accuracy of 81.4% and a kappa coefficient of 0.78 (Table 2). The comparison of the accuracies 212 

for each classification approach, shows that the classifications achieved high accuracies (> 213 

70%) among the different classes (Fig. 4, Tables 2 and 3). However, the lower accuracies for 214 

some classes can be assumed as critical for mapping land-cover, in particular the single-date 215 

multispectral classification for the open vegetation (OSSB, OSS, SSS, BS). 216 

 217 

 218 

 219 
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 220 

 221 

 Table 2: Confusion matrix (%) for single-date multispectral classification.  222 

Classified  Reference     

  BS SSS OSS OSSB DAS VDAS Total UA(%) 

BS 73 18 4 0 0 0 95 77 

SSS 36 139 11 1 0 1 188 74 

OSS 11 9 122 24 3 0 169 72 

OSSB 2 0 23 134 12 7 178 75 

DAS 0 0 4 1 180 16 201 90 

VDAS 0 0 0 3 0 166 169 98 

Total 122 166 164 163 195 190 1000  

PA(%) 60 84 74 82 92 87 OA(%)= 81.4 

k 0.78               

UA: user's accuracy; PA: producer's accuracy; OA: overall accuracy; k: kappa. BS: Bare soil. SSS: 223 

Sparse Subshrub-shrub. OSS: Open shrub-subarboreous. OSSB: Open subarboreous-shrub DAS: Dense 224 

arboreous subarboreous. VDAS: Very dense Arboreous subarboreous. 225 

  226 

Table 3: Confusion matrix (%) for multi-date NDVI classification.  227 

Classified  Reference     

  BS SSS OSS OSSB DAS VDAS Total UA (%) 

BS 94 11 1 1 0 0 107 88 

SSS 20 153 8 5 1 0 187 82 

OSS 3 2 144 16 2 1 168 86 

OSSB 2 0 11 136 10 2 161 84 

DAS 3 0 0 3 182 8 196 93 

VDAS 0 0 0 2 0 179 181 99 

Total 122 166 164 163 195 190 1000  

PA (%) 77 92 88 83 93 94 OA(%)= 88.8 

k 0.86               

UA: user's accuracy; PA: producer's accuracy; OA: overall accuracy; k: kappa. BS: Bare soil. SSS: 228 

Sparse Subshrub-shrub. OSS: Open shrub-subarboreous. OSSB: Open subarboreous-shrub DAS: Dense 229 

arboreous subarboreous. VDAS: Very dense Arboreous subarboreous. 230 

 231 
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 232 

Fig 4: Radar chart representing the user’s and producer's accuracies for the single-date 233 

multispectral and multi-date NDVI classification 234 

 235 

Figure 5 shows the training samples of the six land-cover classes through boxplot 236 

graphs for the two approaches and also, that the NDVI monthly time series approach has better 237 

revealed distinct patterns for each land cover class than the single-date multispectral approach. 238 

In single-date multispectral classification, similar patterns were observed for OSSB, OSS, SSS, 239 

BS classes; these classes were precisely those that presented the lowest performance in this 240 

classification approach for the user's accuracy (UA) and producer's accuracy (PA). In the 241 

accuracy assessment, DAS and VDAS classification showed better performance. VDAS 242 

standed out from the others by showing a higher value of NIR. For other classes, SWIR 1 had 243 

higher reflectance. The lower variance for spectral bands was observed for DAS class. In the 244 

training samples of multi-date NDVI classification, the NDVI lowest values were observed to 245 

BE class, however their outlines showed similarities to more vegetated classes; VDAS class 246 

presented low phenological variation by multi-date NDVI classification. Results highlights  247 

that the worst performance by the multi-date NDVI classification is observed to BE class.    248 
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 249 

(A) 250 

 251 

(B) 252 

Fig 5: Boxplot graphs of the training samples for land-cover classes A) Spectral bands 2 253 

(blue), 3 (green), 4 (red), 5 (NIR), 6 (SWIR 1), 7 (SWIR 2) of  Landsat 8 image of September 254 

29, 2016; B) 24 NDVI Monthly Time series from October 2014 to September 2016. 255 

 256 

The values of areas of each land cover class over the studied basin (Fig. 6), classified 257 

by the single-date multispectral and multi-date NDVI approaches, show that some classes have 258 

different estimates for their areas according to the approach used (Fig. 7). The application of 259 

the first approach resulted in the following composition: BS (4.73%), SSS (20.45%), OSSB 260 

(36.52%), OSS (22.82%), DAS (13.36%), VDAS (2.12%). The application of the second, 261 

however, resulted in: BS (4.96%), SSS (22.16%), OSSB (38.63%), OSS (18.49%), DAS 262 

(13.25%), VDAS (2.51%). The maps of Fig. 7 show that, although the areas present quite 263 
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similar magnitudes (Fig. 6), there are spatial differences in the land-cover distribution between 264 

the maps. In general, the land-cover maps according to the single-date multispectral 265 

classification present higher spatial fragmentation of the land-cover classes when compared 266 

with the ones generated by multi-date NDVI classification.    267 

 268 

 269 

Fig 6: Area (km²) derived from the single-date multispectral and multi-date NDVI 270 

classifications. 271 

 272 

Fig 7: Land-cover maps classified by: A) Single-date multispectral and B) Multi-date NDVI. 273 
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4. Discussion 275 

The lower performance presented by the single-date multispectral classification can be 276 

explained by the similarities in the spectral responses of some classes of coverage (Fig. 5.A). 277 

SWIR 1 band has the highest reflectance value among the land-cover classes, except VDAS 278 

class. This is explained by the contribution of the exposed soil in these cover classes (Ciani et 279 

al., 2005; Tian and Philpot, 2015), since most of the Caatinga vegetation is sparse. However, 280 

VDAS class has very dense vegetation, reducing the contribution of the exposed soil in its 281 

spectral response, being the band NIR its highest reflectance value (Ding et al., 2014). Figure 282 

8, generated from the average value of reflectance for the training sample, allows visualizing 283 

the similarity between classes BS and SSS, and between classes OSS and OSSB. Deciduous 284 

vegetation targets lose their foliage during the dry season in the Caatinga environment, and can 285 

be confused with non-vegetated areas (Lima et al., 2012). This feature is more significant in 286 

the vegetation areas classified as open, since the vegetation in the upper stratum, when losing 287 

its leaves, presents large portions of exposed soil. Each of the Caatinga vegetation species 288 

responds differently to precipitation and the amount of water storage in soils (Lima and Rodal, 289 

2010; Moro et al., 2015). In the humid period, most open-ground cover areas are invaded by 290 

grasses that have low height, confusing the distinction between areas of different vegetation 291 

size, due to the elevation of biomass and high momentary photosynthetic activity. Therefore, 292 

the near-infrared band will show high reflectivity to the increase in biomass, and the blue and 293 

red bands will absorb solar radiation to perform photosynthesis (Kumar et al., 2001). The high 294 

heterogeneity of Caatinga land cover makes it harder to distinguish the different land-cover 295 

patterns through the interaction between electromagnetic radiation and the surface recorded by 296 

sensors onboard the Landsat satellites.  297 

 298 

Fig 8: Mean reflectance of the training sample for single-date multispectral classification. 299 
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 300 

Our results suggest that the use of vegetation-index time series approach performs 301 

better for land-cover classification, compared to single-date multispectral classification in a 302 

high heterogeneous environment as the Caatinga. As mentioned by Hüttich et al. (2011) and 303 

by Silveira et al. (2018), this approach, as considering the seasonal variability of vegetation 304 

activity and phenology cycle in the classification process, increases the overall performance of 305 

the land-cover classification in dry seasonal forests. Moreover, the phenology behaviour 306 

detected by time series has been pointed out as a key factor to the best performance observed 307 

in semi-arid environments (Htitiou et al., 2019). The boxplots in Figure 5.B show that the multi-308 

date NDVI classification has revealed different patterns of each coverage classes, which help 309 

to ensure good discrimination between classes in the study area. It is possible to identify a time 310 

signature of the monitored cover classes, revealing a pattern in the behaviour of each type of 311 

land cover (Fig. 9). 312 

 313 

Fig 9: Mean values of NDVI for each class of the training sample from multi-date NDVI 314 

classification.   315 

 316 

The morphological characteristics of each class can explain the distinction of temporal 317 

signatures, mainly those related to vegetation (Arvor et al., 2011). The Caatinga is 318 

characterized by significant variation of biomass between the dry and rainy seasons (Barbosa 319 

and Kumar, 2016). Therefore, it is necessary to assess the seasonal behaviour of each class (Xia 320 

et al., 2017). This will make it possible to distinguish the classes of cover more effectively, as 321 

it is possible to verify the response of vegetation throughout the rainy and drought cycles to 322 

which the ecosystem is subjected (Levine and Crews, 2019; Gomez et al., 2016). 323 

However, the classes with larger and denser vegetation (VDSA, DSA) showed similar 324 

performance in both approaches (Fig. 4), which indicates that the construction of the time series 325 

brought low benefit to distinguish these classes, compared with the single-date multispectral 326 

approach. VDAS class is characterized by a more stable phenological behaviour (Fig. 9). This 327 
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can be explained by the proximity of the location of the occurrence of this class to the 328 

watercourses, allowing the availability of water throughout the rain and drought cycles. In 329 

Figure 5, some classes stand out for the outliers, which can be caused by the difficulty of 330 

distinguishing them in the field survey, and also by the anthropic interference in some regions 331 

throughout the time series. Anthropogenic activities in Caatinga's land-cover  may impair the 332 

performance of classification multi-date NDVI (Maldonado et al., 2002; Jianya et al., 2008; 333 

Santos et al., 2013). BS class presents outlines with NDVI value from vegetated regions, which 334 

suggests that some points may have been used as cropland at certain times (Fig. 5.B). This 335 

explains the lowest performance among the classes evaluated by the multi-date NDVI 336 

classification. However, when comparing the BS class for both approaches, a lower 337 

performance is perceived for the single-date multispectral classification (Fig. 4). The Caatinga 338 

vegetation, especially for smaller canopy (SSS and OSS), is scattered with a significant 339 

contribution of the soil to the recorded reflectance (Fig. 5.A).  340 

Remarkable  differences in the detection of land-cover, such as those observed between 341 

the single-date multispectral and multi-date NDVI classifications (Fig. 6 and Fig. 7), can 342 

interfere in numerous applications of environmental planning and research in this region, 343 

sometimes generating misleading approximations of the reality. In this sense, it is relevant to 344 

evaluate the time-series patterns of different land-cover classes in seasonal dry forests and, 345 

thus, allow their characterization through satellite images. Continuous ground monitoring of 346 

different types of land cover is very important, to face the challenge of land-cover classification 347 

in the Caatinga and other dry environments (Zhao et al., 2016).  348 

 349 

5. Conclusions 350 

 351 

The high spatial heterogeneity and temporal variability of the Caatinga vegetation are 352 

important elements to consider in the land-cover classification process. The use of a multi-date 353 

NDVI approach for the characterization of the land cover in this environment tends to be an 354 

effective alternative, compared to the traditional single-date multispectral approach, that takes 355 

into account only one instant in time. The lower performance of the single-date multispectral 356 

classification was observed in the classes with open vegetation in the upper stratum; for 357 

vegetation with higher density, the performance was similar for both approaches. Multi-date 358 

NDVI classification presented approximately the same performance for all land-cover classes, 359 

except for bare soil. Some training samples of the bare soil class showed vegetation-index 360 
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values equivalent to dense vegetation, which may have contributed to decreasing the accuracy 361 

of the approach. The adoption of this perspective allows for better recognition and depth-in 362 

knowledge of the land-cover dynamic in the Caatinga and other similar regions, since it is 363 

possible to identify a time signature of each vegetation class over time, enabling a better pattern 364 

distinction among the classes.. 365 
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