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Abstract: Biomass and carbon stock in a post-fire area covered by a young oak coppice of Quercus 14 

pyrenaica Willd. associated with shrubs, mainly of Cistus laurifolius L., has been assessed. This area 15 

was burned during the forest fire event of Chequilla (Guadalajara, Spain) in 2012. Sentinel-2 imagery 16 

has been used together with own forest inventories in 2020 to assess the total biomass of the target 17 

area through machine learning methods. Inventory includes plots of total dry weight biomass rang-18 

ing between 5 and 14 Mg*ha-1, with individuals up to eight years old. Non-linear, non-parametric 19 

Gaussian process regression methods have been used to link reflectance values from Sentinel-2 im-20 

agery with total shrub biomass. With a short inventory of only 33 plots for up to 136 ha the total 21 

biomass can be assessed with a RMSE of 1.58 Mg*ha−1 and a bias of 0.05 achieving an error between 22 

11.2 and 28.8% for the gathered biomass, which means a good assessment associated with a low 23 

forest inventory intensity and cost. Results are good enough to settle both forest monitoring and 24 

management, being the methodology affordable in terms of time, cost, efforts, and computing ca-25 

pacity. 26 
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 28 

1. Introduction 29 

Biomass inventories are the key to design and to assess policies concerning carbon 30 

stocks and carbon sequestration [1], including forest management proposals to maximize 31 

the protection and the dynamics of both the reservoirs and sinks. Consequently, a robust 32 

carbon accounting must be performed [2]. 33 

Due the recurrent fire events in the Iberian Peninsula, it is of special interest to assess 34 

the carbon recovery after fires due natural vegetation recovery. After a fire, vegetation is 35 

sometimes recovered as a shrubland structure and shrub biomass quantification has been 36 

revealed to be costly in terms of time and efforts although some standard methodologies 37 

have been proposed for its estimation [3].  38 

In addition, the assessment of shrub biomass is necessary in forest fire prevention to 39 

avoid wildfires, as they are a significative part of the so-called fuel models [4], that are a 40 

mere collection of vegetative features giving wide intervals of biomass values [5]. Conse-41 

quently, they cannot be used for precision counting of biomass and carbon.  42 

Shrub biomass of woody plants has been also studied by means of biophysical val-43 

ues, as leaf area index (LAI). As an example, for stands of Pinus halepensis Mill. in Spain, 44 
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the relationship between LAI and total biomass displays a decreasing trend, highly re-45 

marked with age [6]. However, the extended period needed to find significant variances 46 

make this method not suitable for a temporal analysis nor for affordable cost and time 47 

spend.   48 

About field sampling, it is a fact that biomass assessment, and therefore carbon 49 

stocks, can be achieved at a large scale by traditional forest inventories, such as the Na-50 

tional Forest Inventory (NFI) in Spain [7], using biomass models. However, the invento-51 

ried areas and the gap between plots in the NFI (typically, 1 Km) are rather large since 52 

both are designed for a global assessment. Moreover, the time between consecutive field 53 

works, i.e., actual lag accounts for more than 14 years for most of the Spanish territory, is 54 

also another limitation. Thus, there is a lack of accurate information of specific areas of 55 

interest.  56 

,Large areas of shrublands after fire events have been studied with a general classifi-57 

cation regardless of the shrubland composition [8]. 58 

Indeed, shrub biomass models are not usually available in literature. In Spain, for 59 

example, where shrublands occupy a notable area, there is little information for biomass 60 

estimation at formation level [3,9].  61 

Recently, biomass equations based on vegetation soil cover and height measure-62 

ments are available for most of the shrub structures in Spain [10]. These equations provide 63 

an accurate quantification of biomass for each shrub structure and can give an advantage 64 

for biomass assessment if land use is segmented. This allows the application of specific 65 

equations to related structures since a forest fire promote inhomogeneous vegetation re-66 

covery for the whole affected area. Nevertheless, not all the shrub structures are often 67 

included, and additional efforts must be made to cover all shrub formations [10]. 68 

From a remote sensing point of view, this ground truth is essential: although the re-69 

lationship between optical reflectance and biomass is well-known, it is not possible to di-70 

rectly assess biomass from remote sensing imagery without linking this information with 71 

field data [11,12]. This means that for any study, previous field data for the purposes of 72 

calibration and validation must be sampled as reflectance is ever dependent on these field 73 

values.  74 

Notwithstanding the origin of the remote sensing data, both from passive or active 75 

sensors, several methodologies for data processing have been tested, including multiple 76 

regression analysis, k-Nearest Neighbors (k-NN) and neural networks, among others [13]. 77 

Those parametric regression methods have achieved accuracy values of R2 from 0.56 to 78 

0.74. In these approaches a direct relationship (linear, quadratic, multiple) between reflec-79 

tance and the observed variable is assumed and multispectral imagery over different kind 80 

of forests is applied [14]. But all these studies were performed over homogeneous mature 81 

forest and never over shrublands. 82 

Other empirical methods are based on non-parametric regression functions without 83 

any explicit assumption about variable dependences neither data distribution. These 84 

methods avoid carrying out previous spectral band relationships, transformations, or fit-85 

ting functions [15]. 86 

Alternatively, empirical methods are limited inside the range of values of the training 87 

dataset and therefore, it is hard to extrapolate the results to other conditions or biomes 88 

[16]. However, some of the non-parametric regression methods have demonstrated their 89 

capabilities to be adapted to remote sensing studies. Among them, machine learning non-90 

linear regression algorithms such as artificial neural networks (ANN), support vector ma-91 

chine (SVM) or Gaussian process regression (GPR) have been efficiently applied for bio-92 

physical variables assessment from Earth observation data [17,18]. 93 

GPR is a collection of finite random variables with a multivariate normal distribution 94 

[19]. These processes are related to a collection of indexed random variables that can be 95 

defined through a shared density of probability, typically a Gaussian distribution. Appli-96 

cation of GPR for biomass assessment and shrubland studies have not been deeply tested 97 

up until now.  98 
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Previously described developments use a wide range of values and field data, and 99 

no information about the number of samples needed for a good performance can be taken 100 

as a reference. 101 

Beyond the aprioristic analysis of fire consequences and the subsequent forest recov-102 

ery, it is fundamental to accurately estimate carbon stocks for the implementation of 103 

measures that mitigate climate change. Therefore, a proper evaluation of the biomass in a 104 

post-fire shrub structure is highly desirable. Moreover, it is also fundamental to properly 105 

assess the carbon sequestration associated with the recovery of vegetation in a quantita-106 

tive form improving the methodologies based on traditional optical indexes. 107 

Linear regression has not been settled as a trustable method for biomass assessment, 108 

not even in post-fire shrubs conditions. Thus, a study concerning non-linear methods ap-109 

plied to Copernicus imagery from Sentinel constellation could be of potential interest for 110 

assessing biomass. 111 

The overall purpose of this contribution is the biomass assessment of the post-fire 112 

recovered area that experienced a wildfire in 2012 in Chequilla (Guadalajara, Spain). In 113 

summary, the main specific objectives are the following: (i) to define an algorithm using 114 

an empirical non-parametric method based on GPR machine learning techniques to be 115 

applied over Sentinel-2 images; (ii) to evaluate the specific algorithm regarding its capa-116 

bility to assess the total biomass of a characteristic post-fire plant association; (iii) to assess 117 

the carbon sequestration derived from post-fire vegetation regeneration in the area over a 118 

period of eight years and finally (iv) to obtain a map of biomass and carbon stock over the 119 

study area with a spatial resolution of 10 m based on Sentinel-2 imagery. 120 

2. Materials and Methods 121 

2.1. Study area 122 

In the province of Guadalajara (Spain), in the middle of the Iberian Peninsula, the 123 

burnt area affected by a forest fire in the surroundings of the Municipalities of Chequilla, 124 

Checa, Alcoroches and Traid has been studied.  125 

The fire started on 1st August 2012 and finished on 4th August 2012 affecting up to 126 

1,151 ha, of which 788 ha of them were included in the forest category mainly dominated 127 

by Pinus sylvestris L. with some individuals of Pinus nigra Arnold. and Quercus pyrenaica 128 

Willd. in the understory.  129 

This area has a typical temperate oceanic climate, Cfb by Köppen, without dry season 130 

and a warm summer where the average temperature during the coldest month is barely 131 

below 0 °C, the annual average temperature is above 22 °C and up to seven months aver-132 

age above 10 °C. Chequilla records an average annual temperature of 9.1 ºC, a total annual 133 

rain of 703 mm and lies at 1,355 m.a.s.l. The soils are mainly schist or slate-based schist 134 

with some areas dominated by sandstone and quartzite. 135 

In 2020 the burnt area was naturally regenerated only in 136.52 ha composed by Quer-136 

cus pyrenaica Willd. as coppice and shrubs of Cistus laurifolius L. and Genista florida L., 137 

which is a typical association of degraded forest according to Ruiz de la Torre [20].  This 138 

regenerated areaof young oak coppice covering 136.52 ha is our object of study. 139 

The center of the area of study is located at [604700, 4495300] coordinates referenced 140 

to the UTM 30TWL zone over datum WGS-84, corresponding to 40° 36’ 7’’N, 1° 45’ 45’’E. 141 

Neighbor to this area remain significant forest structures corresponding to Pinus sylvestris 142 

L. (DGCN, 2006), burned areas and agrarian and urban settlements (Figure 1).  143 

 144 
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 145 

Figure 1. Study area and location of field plots to estimate shrub biomass in the burnt area 146 

(Chequilla, Spain). 2020. 147 

2.2. Satellite imagery 148 

To avoid the influence of illumination effects related to geometry and acquisition an-149 

gles on reflectance values, only the closest image to the summer solstice of 2020 has been 150 

used. Sentinel-2A image has been downloaded in a Level2A reflectance (at a bottom of 151 

atmosphere) [21] and any further post-processing of the image have been performed. For 152 

the study area, a split area of 10 × 10 km has been used. 153 

The image acquisition is related to the field sampling data (Table 1). Considering that 154 

annual biomass growth is gathered in spring and summer months and assuming only a 155 

unique total annual rate (as a discrete value, not as a continue increase), just a single sat-156 

ellite image can be used to obtain the final biomass map. 157 

Table 1. Sentinel-2 imagery data 158 

Mission/ 

Sensor 
Level 

Acquisition 

date 
Reference UTM 

Azimuth 

angle 

Elevation 

angle 

Sentinel 2 /MSI L2A 2020/06/22 R094 N T30TWL 139.09 21.8433 

2.3. Sampling method and evaluation  159 

Concerning sampling methods in shrublands, many methodologies have been sug-160 

gested. For example, the line intercept method developed by Canfield [22] is a technique 161 

that was employed to estimate cover in the grasslands of southwestern USA. It is the most 162 

used and adapted for rangeland inventory and monitoring applications, including the as-163 

sessment of biomass in burned areas in a shrub-grassland mosaic [23]. However, due the 164 

aim of the actual research of reducing the sampling cost and maximizing the representa-165 

tiveness of the data base, a random inventory has been developed. 166 

Plots have been designed as a circle of 15m of radius and have been selected in a 167 

random way along the transects ensuring a minimum distance between them of at least 168 

100m to avoid overlapping of the Sentinel-2 pixels related to the plot.  169 
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For each one of the 33 plots sampled the species composition was checked to ensure 170 

that it belongs to the shrub formation composed by Quercus pyrenaica and Cistus laurifolius 171 

and soil cover and mean height of the structure was measured. The field campaign was 172 

performed between 22nd and 24th June 2020.  173 

To better ensure the reliability of the sample selection procedure, Monte-Carlo 174 

method was applied [24]. This method proceeds with a data analysis based on random 175 

sampling to generate the values for the probabilistic components and compares the sam-176 

pling with simulated databases to evaluate the representativeness of the sampling, regard-177 

less the small number of plots sampled. Then, this method combines statistical concepts 178 

as random sampling with the generation of pseudo-random numbers, and it is based on 179 

systematic sampling of random variables. 180 

An evaluation of the radiometric value distribution was performed following the 181 

Monte-Carlo procedure, comparing the NDVI distribution values of inventoried plots 182 

against the NDVI distribution over the whole site (10 × 10 km2). As the number of plot 183 

pixels and the area of study are completely different, it is not statistically consistent to 184 

compare two NDVI histograms. Then, a comparison between the NDVI cumulative fre-185 

quencies of both distributions was carried out to benchmark the actual frequency to a 186 

randomly shifted sampling pattern.  187 

Thanks to this method (i) a cumulative frequency of the N pixel of NDVI values cor-188 

responding to the sampling is computed. Afterwards, (ii) the cumulative frequency of 189 

NDVI on a randomly shifted sampling design is computed and (iii) step (ii) is repeated 190 

199 times with 199 different random translation vectors. 191 

This method provides a total population of N = 199 + 1 (actual) cumulative frequency 192 

on which a statistical test with a significance level of 0.05 is applied: for a given NDVI 193 

level, if the actual plot density function is located between two limits defined by the five 194 

highest and five lowest values of the 200 cumulative frequencies, the null hypothesis is 195 

accepted, otherwise rejected. In the first case, both NDVI distributions are supposed to be 196 

equivalent, assuming those NDVI distributions between the area of study and the sam-197 

pling plots. 198 

2.4. Allometric equationsAllometric equation for shrub formation composed by Quer-199 

cus pyrenaica and Cistus laurifolius has been applied [25] (Equation 1). 200 

Biomass (Mg ha−1) = 0.2693*(soil cover*mean height)0.5232  (1) 201 

Where soil cover of the vegetation in percentage (%) and mean height of the for-202 

mation in cm. 203 

2.5. Carbon sequestration assessment 204 

The total biomass stock recovered after a forest fire will be considered as a carbon 205 

sequestration at CO2 equivalent form (CO2 eq.). First, a carbon fraction of dry biomass of 206 

0.4799 has been calculated according to previous studies [26,27]. Then, the molecular 207 

weight of the CO2 and the stoichiometric relationship between carbon and CO2 have been 208 

considered to achieve the total amount of CO2 eq. This approach shows a transforming co-209 

efficient from biomass to CO2 eq. of 1.759. 210 

2.6. Data analysis with Gaussian processes regression (GPR) 211 

Gaussian process regression (GPR) models are non-parametric kernel-based proba-212 

bilistic models. Meanwhile linear regressions estimate the error from the database itself, a 213 

GPR generates a response from an interval of variables of the training data and a new 214 

vector as an input by introducing variables from a Gaussian process.  215 

The main assumption is that a set of random variables at any finite combination of 216 

them are distributed along the Gaussian curve and then any number of observed variables 217 

will be distributed as Gaussian as well. Consequently, a GPR model is a probabilistic 218 

method and thus, it is possible to predict the outcome intervals from training models. 219 
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Moreover, the results are not fitting a line of responses but lie over a probability interval 220 

[19]. 221 

The covariance function between input and output variables shows the similarity be-222 

tween them. This kernel function and its mean (adjusted to zero for simplify) define the 223 

[28]. In this study, a kernel function with separated length scale for each predictor is ap-224 

plied over the data, where an automatic relevance determination (ARD) method is used 225 

to order the inputs according to their importance [29]. 226 

GPR is a very suitable method for remote sensing analysis as it is not limited by the 227 

large number of parameters needed for the implementation of methods like neural net-228 

works [30] and its computation requirements are less demanding than those one based on 229 

pixel-by-pixel inversion methods [15]. However, GPR has not been tested yet on areas 230 

requiring a huge effort of inventory to simplify the field data.  231 

GPR computation [31] was trained with Sentinel-2 spectral bands 2 to 8A (490 to 865 232 

nm), both included, and SWIR bands 11 (1610 nm) and 12 (2190 nm) as inputs, whereas 233 

total biomass represents the output. Any additional synthetic band is created because non-234 

parametric methods can extract all the relevant information of the bands without user 235 

intervention.  236 

Field data was randomly split in six subsets with well-distributed values of biomass. 237 

Moreover, five subsets were used for algorithm training in each iteration and one 238 

subset was utilized for the result validation. This procedure is done six times in total so 239 

that each subset is used once as a validation group during the statistical analysis. The 240 

obtained estimations and corresponding errors result from the average of the six itera-241 

tions. The aim of the iterations is the generation of every possible combination between 242 

training and validating subsets to make the validation more robust by using all the subsets 243 

for this purpose. The performance has been evaluated with the absolute mean square root 244 

error (RMSE) and the coefficient of determination (R2) as overall indicators of accuracy.  245 

. To understand the fit between observed and predicted values, a major axis regres-246 

sion (MAR) line corresponding to the well-adjusted slope has been included [32]. Alt-247 

hough it has been demonstrated that for adult forest structures it is necessary to split the 248 

reflectance values according to their features [33] the post-fire regenerated shrubs struc-249 

tures have been tested as a single class. 250 

3. Results 251 

3.1. Inventory and database 252 

After the random application of the sampling method, a great variability of biomass 253 

including stories and weight has been observed (Figure 2 and Table 2) to characterize a 254 

post-fire shrub structure with just a limited number of plots (33 sampled plots, plus 5 non-255 

forested soil plots). CO2 eq. has been calculated for the database (Table 2). 256 

 257 

Figure 2. Biomass sampling of Quercus pyrenaica Willd. in Chequilla (Mg*ha−1), 2020. 258 
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All 33 plots range a fractional cover between 50% and 95% with 25 plots with at least 259 

70% of fractional cover. Height of Quercus pyrenaica Willd. ranges between 0.6 and 1.9 m 260 

and the plot area with a radius of 15 m is shared with Cistus laurifolius L. and Genista florida 261 

L., but normally with a lower height than that of Quercus pyrenaica Willd. 262 

Table 2. Statistics of the shrub biomass values (Mg*ha−1) and its correspondent CO2 equivalent 263 

(Mg*ha−1) for Chequilla study area. 2020. 264 

Variable Minimum 1st quartile Median Mean 3rd quartile Maximum 

Biomass 

(Mg*ha−1) 
5.480 7.850 8.980 9.367 11.110 14.040 

CO2 eq. 

(Mg*ha−1) 
9.639 13.808 15.795 16.476 19.542 24.696 

 265 

For the shrub sampling, the mean (9.367 Mg*ha−1) is slightly higher than the median 266 

value (8.980 Mg*ha−1) and the difference between median and the third quartile (11.110 267 

Mg*ha−1) is higher than the difference between the median and the first quartile (7.850 268 

Mg*ha-1). As a result, the database displays a slightly positive skewed distribution, but 269 

close to a normal one. The range lies between 5.480 and 14.040 Mg*ha−1, that is, it is not 270 

especially wide for a shrub structure of the same age. In addition, remarkable differences 271 

cannot be found by a visual inspection. However, even with a minor asymmetry in the 272 

distribution of the biomass, those values and ranges have been also observed by other 273 

authors [12], and consequently sampling can be accepted as adequate for this study.  274 

For calibration purposes and to include the maximum variability of reflectance val-275 

ues in the database, six plots of bare soil have been randomly selected. Those plots range 276 

a maximum NDVI of 0.11, which ensures the absence of significant vegetation. 277 

3.2. Field samplig evaluation 278 

Once biomass values are well distributed, an evaluation of the radiometric value dis-279 

tribution has been done comparing the NDVI distribution values of inventoried plots 280 

against the NDVI distribution over the whole scene by means of the Monte-Carlo proce-281 

dure (Figure 3). For a methodological demonstration, a global area of 10 × 10 km2 has been 282 

selected, including the burned area. Nevertheless, this burned area represents only 283 

around 5% of the total territory included in the study area and a wide surrounding area 284 

that was not burned. 285 

 286 

Figure 3. NDVI distribution in Chequilla, Spain. 23/062020. In the red cercle, the study area. 287 
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Monte-Carlo procedure has been performed to avoid any extreme value neither out-288 

lier in the sampled plots and to confirm that reflectance values included will not promote 289 

any bias and to confirm that no imagery processing issues are include in the database   290 

The figure 4 displays that plotted values (green dots) are rather representative for the 291 

other pixels in the whole area and any bias is forced. After iterating groups of random 292 

pixels against sampled pixels it is noticed that the NDVI values distribution for the field 293 

sampling is in accordance with those values of the study area. Moreover, real and simu-294 

lated distributions are equivalent as shown in figure 4, ranging the NDVI values of the 295 

plots between 0.44 and 0.80. It is assumed that lower values are not related to forest due 296 

the high soil cover fraction values of the plots (0.5 to 0.95). 297 

 298 

Figure 4. Comparison of NDVI distribution between study area (green dots) and over the whole 299 

image (5 highest and lowest values as external lines). Area of the Chequilla fire, June 2020. 300 

This wide area of 10 × 10 km2 clearly shows that NDVI values are very similar for 301 

both burnt and recovered areas and for other non-disturbed forest parts.  302 

3.3. Biomass and carbon assessment 303 

Figure 5 shows the scatterplot between the best fitted model obtained by GPR and 304 

biomass ground data for the oak coppice forest of Q. pyrenaica Willd. with other shrub 305 

species. Using all these points for training a GPR with Sentinel-2 data, the R2 between 306 

those estimated values against field data can account up to 88% of the variability of the 307 

forest.  308 

The error, evaluated as root mean square error (RMSE) reaches 1.58 Mg*ha−1 for the 309 

gathered biomass range of 5.480 and 14.040 Mg*ha−1, representing a maximum of 28.8 % 310 

and a minimum of 11.2 % of error in the biomass assessment produced for both over- and 311 

under estimation. 312 
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 313 

Figure 5. Measured Vs. estimated (GPR) biomass values for Sentinel-2. MAR.: Major Axis Regres-314 

sion fit; N: number of samples; B: mean bias; R2 coefficient of determination; S: standard deviation 315 

of the bias; RMSE: root mean square error. Dash line is the 1:1 line; Continuous line is the MAR 316 

adjust. Green points are shrub plot; red points are bare soil plots. 317 

The linear MAR fit between predictions and ground values reveals fitted slopes close 318 

to 1 (0.90) and small offsets (0.81 Mg*ha−1) for a general algorithm (Table 3). All these re-319 

sults indicate that the combined use of random field sampling, low intensity of sampling 320 

and a minimum segmentation of the database just ensured by equivalent real and simu-321 

lated distributions can provide excellent results for forest management purposes and car-322 

bon accountability by using probabilistic models applied to remote sensing imagery of 323 

Sentinel-2. 324 

Table 3. Statistic of the performance of a Gaussian process depending on the satellite imagery and 325 

story segmentation. MAR: Major Axis Regression fit; R2 coefficient of determination; RMSE: root 326 

mean square error. 327 

Imagery Structure MAR R2 RMSE 

Sentinel-2A Shrubs of Quercus pyrenaica Willd. y = 0.81 + 0.90x 0.83 1.58 

 328 

Finally, the application of the general algorithm obtained from GPR has been applied 329 

over the corresponding area to achieve the total biomass in the post-fire regenerated area 330 

(Figure 6a). Additionally, the relation between biomass and CO2 eq. has been considered to 331 

estimate the total sequestrated carbon in the next eight years after the wildfire (Figure 6b). 332 
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(a) (b) 

Figure 6. Actual shrub biomass and carbon stock eight years after a fire burning a forest of Pinus sylvestris L. in Chequilla, 333 

Spain. (a) biomass of a regenerated shrub structure of Quercus pyrenaica Willd. (Mg*ha−1), 2020; (b) carbon stock of a re-334 

generated shrub structure of Quercus pyrenaica Willd. (Mg C*ha−1), 2020. 335 

For the total area of 136.52 ha a total sequestered carbon of 2,287.21 Mg of CO2 eq. has 336 

been achieved by the young oak coppice due its natural recovery, meaning an average 337 

carbon sequestration of 2.095 Mg CO2 eq ha−1 year−1.  338 

3.4. Application of GPR over non-burned areas 339 

Although GPR has been trained for a specific forest structure its application over 340 

other type of forest has been tested. After the general algorithm obtained from GPR has 341 

been applied over the young oak coppice, an experiment has been performed by applying 342 

the same algorithm over 14.8 ha of non-burned areas (Figure 7). The study area for this 343 

experiment is the actual boundary between burned and non-burned areas and the forest 344 

to the east of the affected area remains as a mature forest dominated by Pinus sylvestris L. 345 

 346 

Figure 7. Application of the general algorithm over both a young oak coppice and a mature forest 347 

of Pinus sylvestris L. without class segmentation in the area of the Chequilla fire, June 2020. Inside 348 

the red cercle, mature forest of Pinus sylvestris L. with a remarkable underrating of biomass. 349 
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GPR gives underrated values of biomass for a homogeneous mature forest of Pinus 350 

sylvestris L. After a specific algorithm for young oak coppice has been applied over any 351 

other forest structure it has not been able to distinguish the species, the structure neither 352 

the biomass differences. 353 

4. Discussion 354 

A cost-effective and simple methodology for assessing biomass stock that requires a 355 

very low number of forest inventories has been proposed. This methodology applies 356 

Gaussian process regression methods over Sentinel-2 surface reflectance and forest inven-357 

tories data obtained after fieldwork. In this way, carbon stock given as sequestrated CO2eq. 358 

can be directly calculated as a function of the total biomass data.  359 

The results of this research allow the evaluation of an innovative and operative 360 

method of machine-learning, a non-parametric empirically based method of Gaussian 361 

process regressions for biomass assessment at decametric resolution for Sentinel-2. This 362 

method has been demonstrated to be an excellent method in terms of cost-effectiveness in 363 

a temperate oak coppice forests with shrubs. For an area up to 136 ha 33 samples have 364 

been enough to achieve an R2 of 0.83, that means one sampling plot for each 4 ha of regen-365 

erated coppice.  366 

Other methodologies have been purposed for accurate forest inventories, by tradi-367 

tional [7] or even LiDAR means [34,35] but the methodology here introduced reduces the 368 

cost and is able to represent more than 80% of the variability of the forest with only one 369 

plot each four ha.  370 

This regression method needs no explicit selection of spectral bands and spectral res-371 

olutions of the MSI sensor of Sentinel-2 are valid for this purpose. This methodology over-372 

passes the results obtained by traditional regressions between biophysical values and op-373 

tical indexes. Avoiding the user intervention making an aprioristic selection of the bands 374 

allows the GPR to optimize the extraction of the relevant information of each band.  375 

The biomass range in this study lies between 5 and 14 Mg*ha−1 and the RMSE ob-376 

tained is low, that shows a high level of determination found. Indeed, an average error of 377 

around 20% of total biomass in this coppice forest has been obtained.  378 

This error magnitude is low enough to classify each pixel inside of the corresponding 379 

class of fuel models [4,5] and improves the spatial segmentation since representation of 380 

the results are accurate at Sentinel-2 pixels with a 10 × 10 m2 resolution, while being this 381 

approach straightforward and easy to be implemented. 382 

This methodology provides accurate information of biomass and carbon content in 383 

agreement with previous studies and can be used as a major improvement of the accuracy 384 

for the assessment of carbon sequestration [36]. 385 

Once carbon sequestration has been estimated for the whole area of study, and as far 386 

as it can be assumed a linear annual growth of young oak coppice until a dominant height 387 

of 5 m [37] an average carbon sequestration of 2,094 Mg ha−1 year−1 for this shrub structure 388 

can be assessed, in accordance with previous carbon quantification studies [11]. 389 

In this study area of 10 × 10 km2, it was clearly shown that NDVI values are very 390 

similar for both burnt and recovered areas and other not disturbed forest parts. Conse-391 

quently, the application of GPR trained for a specific forest structure over other forest 392 

types must be avoided as it will create confusion in the assessment of any biophysical 393 

variable since reflectance values are quite similar for both vegetation groups and only a 394 

clear segmentation of the target areas could resolve this flaw.  395 

Although some spectral methods for land use and land classification after a forest 396 

fire have been proposed for a segmentation of the areas [3], it is recommended the use of 397 

ground-truth maps to apply algorithms over the same forest structures. According to 398 

[11,12] segmentation of the classes is necessary to avoid errors in the biomass assessment, 399 

as reflectance values are not valid to segment forest structures in narrow areas. 400 
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Moreover, to take advantage of this methodology for biomass assessment, land seg-401 

mentation is necessary for improving its accuracy because if any error of land classifica-402 

tion is done, GPR will under- or overestimate the results as shown in an experiment over 403 

14,8 ha of Pinus sylvestris L. 404 

 5. Conclusions 405 

As a conclusion, the combination of Sentinel-2 imagery, Gaussian process regres-406 

sions, a reduced database and story segmentation can be considered as a suitable method 407 

for shrubland biomass assessment and can be an essential tool for affordable and adaptive 408 

management at local scale by avoiding long and expensive forest inventories. 409 

 This methodology has been tested over a specific shrubland structure and further 410 

studies could be done focused in any other type of shrubs and pole structures. In addition, 411 

the effect of larger spatial scales should be analysed to better understand the effect of the 412 

density of plots in the result.  413 
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