
Indonesian Journal of Electrical Engineering and Computer Science 
Vol. 4, No. 3, December 2016, pp. 586 ~ 593 
DOI: 10.11591/ijeecs.v4.i3.pp586-593      586 

  

Received Juni 3, 2016; Revised September 26, 2016; Accepted October 11, 2016 

Model for Estimating Above Ground Biomass of 
Reclamation Forest using Unmanned Aerial Vehicles 

 
 

Sri Wahyuni*
1
, I Nengah Surati Jaya

2
, Nining Puspaningsih

3 

1
Bogor Agricultural University, Campus IPB Dramaga, Bogor, Indonesia 16680 

2,3
Department of Forest Management, Faculty of Forestry, Bogor Agricultural University, Campus IPB 

Dramaga, Bogor, Indonesia 16680.  
*Corresponding author, email: ins-jaya@apps.ipb.ac.id 

 
 

Abstract 
Among various stand parameters, the density of biomass volume is oftenly used as an indicator 

on evaluating the forest growth succes. The forest reclamation, which is intended to restore the land cover 
by revegetation process, the evaluation of biomass content has been a critical issue. Forest reclamation is 
expected to restore the land function to a proper state that might give better environment as well as 
productivity. In this study the authors develop a method for estimating above ground biomass (AGB), 
particularly in the ex open-pit coal mining area of PT. Bukit Asam Tbk using remotely-sended data taken 
from unmanned aerial vehicle (UAV) and developed using the least squares method. The main objective of 
this study is to develop a mathematical model of biomass estimation using UAV imagery having 10-cm 
spatial resolution. The study found that the best model of biomass estimation is: 
AGB(ton/ha)=0.2377Ci

1.3688
 with the correlation coefficient of 0.844, mean deviation of 2.29, aggregate 

deviation of -0.023, bias of 0.98, and Root Mean Square Error (RMSE) of 1.784 and mean deviation (MD) 
< 10% while Ci. This research concluded that UAV imagery could be used to estimate above ground 
biomass accurately. 
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1. Introduction 
Indonesia is a second largest country, after Brazil, that has been suffering from high 

deforestation and forest degradation. About 684 thousand hectares have been lost in the period 
of 2010-2015 or equal to deforestation rate of 0.7% [1]. Through cooperation agreement 
mechanisms between countries under the International Conference, Indonesia declared its 
commitment to reduce greenhouse gas emissions (GHG) by 29% from business as usual and 
41% with international support in 2030 [2]. 

Mining activities, mainly the open-pit mining system has lead to deforestation and forest 
degradation, particurlarly for the mining activities that are located within the forest cover. 
Deforestation and forest degradation in mining activities may reduce forest capability in absorp 
carbon dioxide from the air [3-4]. Indirectly, deforestation may cause a decrease in the amount 
of biomass, as well as declining productivity of forests, soil and and forest land [5-7]. 

In Indonesia, forest reclamation in ex-mining areas is a must, as outlined in the act No. 
4 of 2009 Article 96; PP.78 Year 2010 Article 2 Paragraph 1. Referring to the guidelines for 
forest reclamation of P.4/Menhut-II/2011, the mining company is obligided to report, monitor and 
evaluate the reclamation success. However, the assessment of reclamation success mainly 
done based on terrestrial observation which is time consuming, costly and less accessible. 
Therefore, it is necessary to conduct a study which can provide a rapid, precise, accurate and 
less-time consuming method to assess the reclamation success [8]. 

One of the indicators in assessing the success of ex-coal mining reclamation was 
biomass [9]. The studies related to the above ground biomass and its relationship with forest 
structure, forest ecosystem types and spatial distribution had been documented in several 
articles [8-11]. Remote sensing-based biomass estimation model developed by combining the 
field and image data had been another issues and examined by several researches [12-15]. 
Recent studies related to the development of above ground biomass estimation model, standing 
stock and teak site quality using unmanned aerial vehicle (UAV) have been successfully 
examined  with high accuracy [15-16]. 
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The UAV or commonly known as “drone” is an unmanned aircraft remotely controlled by 
ground pilot. This is also known as a complex system of UAS (unmanned aerial systems) [17]. 
Remote sensing drone applications in the field of forestry research have been emerged due to 
the advantages of UAV which can be operated timely, can be operated anywhere and 
periodically feasible, low-flying to produce very high resolution image, low-cost image 
acquisition and aircraft maintenance, various applications, as well as relatively safe because it 
does not require a human pilot [18-19]. Another advantage is to ensure the adequacy of the 
sample and the accuracy of the data [20]. High-resolution image obtained from the UAV can be 
used as a decision making input for forest stand management [21]. Biomass estimation in the 
reclaimation area by using UAV has never been conducted. Therefore, this research aims to 
build an estimation model of forest biomass in ex-coal mining area by using the very high 
resolution UAV image. The study is expected to provide the actual information of above ground 
biomass on the ex-coal mining reclamation area. The main objective of this study is to develop a 
biomass estimation model using unmanned aerial vehicle (UAV) imagery having 10-cm spatial 
resolution. 
 
 
2. Research Method 
2.1. Date and Study Site  

The study was performed in the ex-coal mining reclamation area of PT. Bukit Asam,  
located within 103.40°–103.48° E and 3.41°–3.46° S. Administratively, the study area is located 
in subdistrict of Muara Enim Regency Tanjung Enim in South Sumatra Province, Indonesia. To 
perform the analysis, the data collection was done from the beginning of 2015, particularly to 
collect data related to revegetation having ages between 1 to 20 years after 
plantation (Figure 1). 
 
 

 
Figure 1. Study Site  

 
 
2.2. Image Data  

The used image data were acquired using UAV platform with the following 
characteristics (Table 1): 
 

Table 1. UAV Characteristics 
Specification  Type/ dimension 

Name Sensefly Ebee 
Type Fixed wing 
Wingspan 96cm 
Take-off weight ± 0.7 Kg 
Cruise speed 36 – 57 Km/hour 
Camera resolution 16Mpix 
Radio link range ± 3 Km 
Maximum flight duration ± 50 menit (45 minutes) 
Maximum height ± 500 m (400 m) 
Coverage 1.5 – 10 Km² (Scene: 5 cm) 
Band RGB 
File format TIFF 
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2.3. Sampling Design  
The plot was selected on the basis of stratified sampling technique, where the age 

clases were considered as strata. The canopy coverage were divided into three classes, namely  
sparse class with percentage of canopy coverage between 10% and 40%; medium class with 
percentage of canopy coverage between 40% and 7 and dense class having percentage of 
canopy coverage more than 70% [22]. Futhermore, field data inventory was outlined 
systematically encompassing all reclamation area within the study area. Sample plot size was 
developed on the basis of the stand age, namely 0.02 hectares size  for young age stand 
(between 1 and 4 years old), 0.04 hectares plot size for middle age stand (between 5 and 8 
years old) and 0.1 hectares plot size for mature age stand (more than 8 years old). Data 
measurement on the UAV images was done manually by visual measure. All visual analyses 
were done after orthocorrection, and object delineation was done using “on the screen 
digitization method”. 

The field data measured is the following: diameters breast height (D), tree height, free 
bole height, canopy cover (Cf), number of trees (Nf), canopy diameter (DTf), litter and tree 
condition. On the UAV image, the measured stand variable were percentage canopy coverage 
(Ci), the number of trees (Ni) and canopy diameter (DTI). The percentage of canopy coverage is 
calculated on the basis of the ratio between the extent canopy coverage within each plot and 
the extent of plot.  Technically, canopy cover measurement can be found in [23-25]. Number of 
trees (Ni) was counted with a simple counting device [24-25]. The formula for canopy diameter 
referred [23]: 
 
                 DTNS + DTEW 

DTi =                    
                        2 

 
Remark: 
DTi : canopy diameter 
DTNS : canopy diameter (north to south)  
DTEW : canopy diameter (east to west) 
 
2.3. Biomass Estimation 

Actual biomass in field was calculated by using the allometric formula [26] described in 
Table 2. For other species that do not have an allometric formula, biomass was calculated using 
the axisting allometric equations [27]. Furthermore, estimation of actual field biomass might be 
estimated by using the variable measured on the remotely sensed data. Biomass was estimated 
using above ground biomass allometric equations that has been developed by previous studies. 
The biomass allometric equations have been developed with the assumption that tree 
dimension (tree diameter) have high correlation with biomass. Calculation of undergrowth and 
litter biomass was done by calculating the ratio between dry weight and wet weight [28]. 
 
 

Table 2. Allometric Equation of Species in Field 
Local name Latin name Allometric Sources 

Akasia daun kecil Acacia auriculiformis W= 0.027 D
2,891

 BALITBANG 2012 
Akasia daun lebar Acacia mangium W= 0.070 D

2,58
 BALITBANG 2012 

Puspa Schima wallichii W= 0.459 D
1,364

 BALITBANG 2012 
Sengon  Paraserianthes falcataria W= 0.148 D

2,299
 BALITBANG 2012 

Jenis lain - W= 0.11BjD
2.62

 Kettering et al. 2001 

Bj= Wood density, D= Diameter at breast hight 

 
 

2.4. Normality and Correlation Test 
Normality was tested to determine whether the data are normally distributed, with P-

value <0.05. The Normality tested was evaluated using Kolmogorov-Smirnov formula available 
on Minitab 16. The correlation was tested with Pearson approach to see relationship stand 
variables on the image (Ci, DTi and Ni) with ground stand variables (Cf, DTF and Nf). Strong 
relationship would be shown by correlation values large than 0.75. 
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2.5. Biomass Model 
The biomass estiomation models were developed by using measured variables on the 

UAV image namely Ci, DTi and Ni. To the develop the model, 40 sample plots were used. The 
models selection was performed using statistical analysis that includes the evaluation of 
determination coefficient (r

2
), root mean square error (RMSE) and P-value. The models having 

r
2 

more than 0.51, RMSE close to zero and P-value large than 0.05 would be selected. The 
independent variable (X) was able to explain the variability of its dependent variables (Y). 
Mathematical models examinated in this study are as follows: 
1. Linear  : Y = b0 + b1X  
2. Power  : Y = b0X

b1
  

3. Exponential : Y = e
b0 + b1X

 
4. Polynomial  : Y = b0X

2
 + b1X1 + b2 

5. Logarithmic : Y = b0 + ln(X) , y = b0 + log(X) 
Remarks: 
Y = Above ground biomass (ton/ha) 
X  = Measured variables from the UAV image (Ci,DTi dan Ni) 
 
2.6. Model Test  

The developed biomass models were then descendingly sorted according to their 
coefficient of determination (r

2
) value. Furthermore, satatistical tests were conducted to assess 

model acceptability. The model examination was performed using the least square approach as 
performed in earlier researches [14]. To meet the least square assumption, the performed 
statistical analysis covers F-test, t-test, normality and heteroscedasticity test. Biomass models 
that met the assumptions of least squares were the models that have normal distribution 
(Kolmogorof Smirnov test), non-autocorrelation (Durbin Watson test) and homogeneity of 
variance (using Glejser test for heteroscedasticity assessment). 

 
2.7. Model Validation 

Model validation was done by comparing the biomass calculated by selected model 
(expected value) with the estimated biomass using allometric equations (actual value). Several 
researcher [8], [14], [16] and [29] stated that model validation can be performed using the Chi-
Square, aggregate deviation (SA), mean deviation (SR), bias (e) and RMSE to compare 
between the generated best model. The best model is selected based on the criteria of tvalue 
<ttable at 5% significance level or significance value > 0.05. A good estimation model possessed 
SA value between -1 to +1, SR less than 10%, e and RMSE close to zero. 
 
 
3. Results and Analysis 
3.1. Normality and Correlation Test 

Prior to any other analysis, the data normality was performed. On the basis of the 
normality test, the distribution of biomass data, field and image were normaly distributed as 
indicated by the P-value of less than <0.05. The correlation analysis also recognized that there 
are close correlation between the variables measured in field and images (Table 3). The 
relationship between variables in field and variables in the image also described in Figure 2.  
 
 

Table 3. Correlation between Field Variable dan Image Variable 
Model Coeefficient of correlation (r) 

Ci  dan Cf 0.871 
DTi dan DTf 0.379 
Ni  dan Nf 0.672 

 
 

The study found that canopy coverage measured in the field and UAV images has a 
very close correlation value (r) of about 0.871. A relatively low correlation value was found 
between the canopy diameter measured in the field and on the images. This is might be due to 
the relief displacement as well as due to tilt displacement and image motion (blurred image). 
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Figure 2. Scatterplot Expressing the Relationship between Field Variable and Image Variable 

 
 
One of main problems in the processing of UAV image data is an image motion, which 

may cause a blurring image. The image motion can be reduced if the flight height is increased. 
On the blurred image, the measurement of crown diameter might be less accurate. In this study, 
the correlation between field crown diameter and image-based crown diameter was relatively 
low. Strong wind, turbulence and miss-navigation are other factors that may affect the quality of 
images [30]. In this study only the canopy coverage was examined as independent variable.  
 
3.2. Biomass Model 

Canopy coverage is one of the measurable stand variables on UAV image. For 
estimating the biomass content, this study found that the canopy coverage measured in the 
UAV image closely related to the canopy coverage measured in the field. (Figure 2). Several 
previous studies expressed that canopy coverage on each stand was able to be measured 
consistently in the UAV image, UAS and non-metric aerial photographs [31-33]. In this study, 
the biomass estimation models developed using canopy coverage is summarized in Table 4.  

 
 

Table 4.  Biomass Estimation Models using the Canopy Cover 
Model code Equation r

2 

M1 y = 0.237X
1.368

 0.712 
M2 y = 1.580X - 28.86 0.607 
M3 y = 16.52e

0.022x
  0.695 

M4 y = 286.225 -7.72x + 0.067X
2 

0.642 
M5 y = 17.37e

0,022x
 0.566 

M6 y = 30.307log10(X) - 341.553 0.453 

 X = crown cover, y = AGB  
 
 

3.3. Model Assessment 
The analysis performed in this study obtained six biomass estimation models. Since the 

models use only single a independent variable as the predictor, then autocorrelation analysis 
did not performed. F-test and t-test results shown that six models have Sig.F <  α dan P-value < 
α at significance level α=0,05. This analysis means that the variability of biomass could be 
explained by variability of canopy coverage for all selected models. All five models meet least 
square assumption, in particular normal data and homoscedasticity. The result could be seen in 
Table 5. 
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Table 5. Statistical Analysis for Regression Models  
Model Sig.F P.value Normality Heteroscedasticity  

M1 0.00 0.00 Normal Homoscedastic 
M2 0.00 0.00 Normal Homoscedastic 
M3 0.00 0.00 Normal Homoscedastic 
M4 0.00 0.00 Normal Homoscedastic 
M5 0.00 0.00 Normal Homoscedastic 
M6* 0.00 0.00 Not normal Homoscedastic 

*: Model was not meet the validity criteria 

 
 
3.5. Model Validation 

Model validation was performed for all selected models to assess the model validity. 
Basically, this process was performed by comparing the value of the estimated biomass and the 
actual biomass in the field (Table 6). Since several measures were applied, then the best model 
was selected by using scoring method. Table 7 shows that M1 was the best model with the 
lowest score. M1 model have met the statistical criteria, having bias (e) and RMSE close to 0, 
SA value are in the interval -1 to 1 and SR <10%. Validation results shown that canopy cover 
could be used to estimate above ground biomass. This study is inline with the previous study on 
estimating tree biomass and carbon stock [35]. 
 
 

Table 6. Statistical Criteria on Model Validation 
Model r

2 
S Chi-Square SR SA E RMSE 

M1 0.712 19.425 72.767 2.290 -0.023 0.984 1.784 
M2 0.607 20.479 71.928 0.482 0.000 2.780 1.824 
M3 0.695 20.596 68.839 2.293 -0.022 1.175 1.897 
M4 0.642 18.970 102.738 3.296 0.038 14.133 6.025 
M5 0.566 20.801 66.236 0.274 0.003 3.784 1.985 

 
 

Table 7. Rank Value of Validation Model 
Model r

2 
S Chi-Square SR SA E RMSE Total score Rank 

M1 1 2 4 4 4 1 1 17 1 
M2 4 3 3 2 1 3 2 18 2 
M3 2 4 2 3 3 2 3 19 3 
M4 3 1 5 5 5 5 5 29 5 
M5 5 5 1 1 2 4 4 22 4 

 
 
4. Conclusion 

From the foregoing finding and discussion, the study found that the canopy cover (Ci) 
measured on the UAV image could be used as an independent variable for estimating the 
aboveground biomass in ex-coal mining reclamation area, especially in forest reclamation area 
at PTBA. The best model for estimating the aboveground biomass  is AGB = 0.237 Ci

1.368 
 with 

correlation of coefficient of  0.712. 
 
 
Acknowledgment  

The authors would like to extend sincerely appreciation to the Directors of PT. Bukit 
Asam, Tbk for permissions and support during data collection performed by author. High 
appreciation is also extended to the anonymous reviewer for such excellent inputs, comments 
and correction during improvement of the manuscript. 
 
 
References  
[1] FAO. Food and Agriculture Organization of The United Nation. Global Forest Resource Assessment 

2015. Rome(IT). 2016. 
[2] INDC. Intended Nationally Determinated Contribution Repoblic of Indonesia. Jakarta(ID). 2015. 
[3] Lutfi M, Antono HT. Estimasi stok karbon di kawasan penambangan akibat perubahan luas 

penutupan lahan terkait dengan REDD. Statistika. 2014; 14(1): 15-24. 



                     ISSN: 2502-4752           

 IJEECS Vol. 4, No. 3, December 2016 :  586 – 593 

592 

[4] Ahirwal J, Maiti SK. Assessment of soil properties of different land uses generated due to surface 
coal mining activities in tropical Sal (Shorea robusta) forest. 2016; 140: 155-163. 

[5] Puspaningsih N, Murtilaksono K, Sinukaban N, Jaya INS, Setiadi Y. Pemantauan Keberhasilan 
Reforestasi di Kawasan Pertambangan Melalui Model Indeks Tanah. Jurnal Manajemen Hutan 
Tropika. 2010; 16(2): 53-62. 

[6] Subowo G. Penambangan sistem terbuka ramah lingkungan dan upaya reklamasi pasca tambang 
untuk memperbaiki kualitas sumberdaya lahan dan hayati tanah. Jurnal Sumberdaya Lahan. 2011; 
5(2). 

[7] Virah-Sawny M Ebeling J. Taplin R. Mining and biodiversity offset; A transparent and sciene-based 
approach to measure no-net-loss. Journal of Environmental Management. 2014; 143:61-70. 

[8] Puspaningsih N. Pemodelan Spasial dalam Monitoring Reklamasi Hutan di Kawasan Pertambangan 
Kawasan Pertambangan Nikel PT. Inco di Sorowako Sulawesi Selatan [disertasi]. Bogor(ID): Institut 
Pertanian Bogor. 2011. 

[9] Muis H, Jaya INS, Saleh MB, Murtilaksono K. Information Required for Estimating The Indicator of 
Forest Reclamation Success in Ex Coal-Mining Area. IAES. 3(1): 2016. 

[10] Achmad E, Jaya INS, Saleh MB, Shimada M, Kleinn C, Fehrmann L. Above ground biomass 
estimation of dry land tropical forest using ALOS PALSAR in Central Kalimantan, Indonesia. 
Proceeding (DAAD), Dubai, UAE. The 3rd DAAD Workshop on: Forest in Climate Change Research 
and Policy: The role of the forest management and conservation in complex international setting. 
2012. 

[11] Jaya INS, Agustina TL, Saleh MB, Shimada M, Kleinn C, Fehrmann L. Above ground biomass 
estimation of dry land tropical forest using ALOS PALSAR in Central Kalimantan, Indonesia. Di 
dalam: Fehrmann L dan Kleinn C, editor. Forest in climate change research and policy: The role of 
forest management and conservation in a complex international setting. Dubai dan Doha. Jerman 

(DE): Cuvillier Verlag. 2012: 107-123. 
[12] Qisheng H, Erxue C, Ru A, Yong L. Above-ground biomass and biomass components estimation 

using Lidar data in a coniferous forest. Forests. 2013; 4: 984-1002. 
[13] Noor’an RF, Jaya INS, Puspaningsih N. Pendugaan perubahan stok karbon di Taman Nasional 

Bromo Tengger Semeru. Media Konservasi. 2015; 20(20): 183-192. 
[14] Yuwono T, Jaya INS, Elias. Model penduga Massa karbon hutan rawa gambut menggunakan citra 

Alos Palsar. Jurnal Penelitian Hutan dan Konservasi Alam. 2015; 12(1): 45-58. 
[15] Jaya INS, Kleinn C, Melati D, Fehrmann L, Perez-Cruzado C, Septyawardani E, Dhani FAR, Wahyuni 

S. Utilizing multi-source data for sustainable forest management in Indonesia. Proceedings of the 5
th 

International DAAD Workshop: Bridging the Gap between information needs and forest inventory 
capacity. Durban and Pietermaritzburg. 2015: 163-181. 

[16] Kusnadi. 2016. Penduga volume dan kualitas tempat tumbuh jati menggunakan citra resolusi sangat 
tinggi pesawat tidak berawak. [Thesis]. Bogor (ID): Institut Pertanian Bogor. 

[17] Tang L, Shao G. Drone remote sensing for forestry research and practices. Journal Forestry 
Research. 2015; 26(4): 791-797. 

[18] Shofiyanti R. Teknologi pesawat tanpa awak untuk pemetaan dan pemantauan tanaman dan lahan 
pertanian. Informatika Pertanian. 2011; 20(2): 58-64. 

[19] Gularso H, Subiyanto S, Sabri LM. Tinjauan pemotretan udara format kecil menggunakan pesawat 
model skywalker 1680 (studi kasus: Area sekitar kampus Undip). Jurnal Geodesi Undip. 2013; 2(2): 
78-94. 

[20] Pan Y, Zhang J, Shen K. Crop area estimation from UAV transect and MSR image data using spatial 
sampling method: a simulation experiment. Procedia Environmental Sciences. 2011; 7: 110-115. 

[21] Mesas-Carrascosa FJ, Notario-García MD, Meroño de Larriva JE, Sánchez de la Orden M, García-
Ferrer Porras A. Validation of measurements of land plot area using UAV imagery. International 
Journal of Applied Earth Observation and Geoinformation. 2014; 33: 270-279. 

[22] SNI. Standar Nasional Indonesia. Klasifikasi penutu lahan. Bogor (ID): BSNi; 2010 
[23] Wahyuni, S. Identifikasi kualitas tempat tumbuh (bonita) menggunakan citra dijital non metrik resolusi 

tinggi di KPH Madiun Perum Perhutani Unit II Jawa Timur. [Skripsi]. Bogor (ID): Institut Pertanian 
Bogor; 2012. 

[24] Jaya, INS. Separabilitas spektral beberapa jenis pohon menggunakan citra Compact Airborne 
Spectograph Imager (CASI). Jurnal Manajemen Hutan Tropika. 2002; 8(2): 57-73. 

[25] Jaya INS. Kajian teknis penggunaan Citra IKONOS dan CASI dalam rangka inventarisasi hutan: 
Studi kasus di Kebun Raya Bogor. Jurnal Manajemen Hutan Tropika. 2003; 9(2): 1-18. 

[26] BALITBANG. Badan Penelitian dan Pengembangan Kehutanan. Pedoman penggunaan alometrik 
pendugaan biomassa dan stock karbon hutan di Indonesia. Bogor (ID): Pusat Penelitian dan 
Pengembangan Konservasi dan Rehabilitasi; 2012. 

[27] Kettering QM, Coe R, Van NM, Ambagau Y, Palm C. Reducing uncertainly in the use of allometric 
biomass equation for predicting above ground tree biomass in mixed secondary forest. Forest 
Ecology and Management. 2001; 146: 199-209. 



IJEECS  ISSN: 2502-4752  

Model for Estimating Above Ground Biomass of Reclamation Forest… (Sri Wahyuni) 

593 

[28] Hairiah K, Rahayu S. Pengukuran karbon tersimpan di berbagai macam penggunaan lahan. Bogor 
(ID). World Agroforestry Centre ‒ ICRAF, SEA Region Office. 2007. 

[29] Jaya INS, Samsuri, Lastini T, Purnama ES. Teknik Inventarisasi Sediaan Ramin di Hutan Rawa 
Gambut. Bogor (ID): ITTO CITES Project dan Kementerian Kehutanan. 2010. 

[30] Sieberth T, Wackrowa R, Chandler JH. Automatic isolation of blurred images from uav image 
sequences. Rostock, Jerman (DE): International Archives of the Photogrammetry Remote Sensing 
and Spatial Information Sciences. 2013; 361-366. 

[31] Jaya INS, Cahyono AB. Kajian teknis pemanfaatan potret udara non-metrik format kecil pada bidang 
kehutanan. Jurnal Manajemen Hutan Tropika. 2001; 6(2): 55-64.  

[32] Kutia JR, Stol KA, Xu W. International conference on unmanned aircraft systems (ICUAS). Colorado 
(US): University of Auckland. 2015. 

[33] Zhang J, Jianbo H, Juyu L, Zongji F, Xuejun O, Wanhui Y. Seeing the forest fromdrones: Testing the 
potential of lightweight drones as a tool for long-term forest monitoring. Biological Conservation. 
2016; 198: 60-69. 

[34] González-Roglich M, Swenson JJ, Villarreal D, Jobbagy E, Jackson, RB. Woody plant covers 
dynamics in Argentine savannahs from the 1880s to 2000s: The interplay of encroachment and 
agriculture conversion at varying scales. Ecosystems. 2015; 18: 481-492. 

 

 


