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Abstract 13 

Background: Extensive forest inventory data is available from commercial timber companies. For 14 

this study, over 20,000 plots were compiled for North, East and West Kalimantan provinces, with 15 

more than 17,000 of these exceeding our quality assurance tests. This study aimed to: (1) explore 16 

the potential use of existing permanent sample plots and forest inventory data established and 17 

measured by timber concessions; (2) assess uncertainties of aboveground biomass (AGB) estimates 18 

using various allometric models; (3) analyse the dynamics of AGB in logged-over dipterocarp 19 

forests; (4) analyse AGB stocks and emission factors in tropical dipterocarp ecosystems.  20 

Methods: Two types of forest monitoring datasets measured by timber companies in Indonesia were 21 

compiled and assessed in this study: permanent sample plots (PSPs) (24 1-ha plots), and the overall 22 

periodic timber inventory (OPTI) (17,301 plots). We compared various allometric equations for 23 

estimating AGB of the plots and developed a simple AGB equation using basal area (BA) as 24 

predictor. We further evaluated the AGB growth and mortality using the PSP plots. 25 
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Results: We found that the model using only tree diameter (D) as a predictor variable tended to be 26 

unbiased when aggregating the estimates at larger plots. We also found that BA per hectare could 27 

explain the variation of AGB at plot level (adjusted r2 = 0.911; root mean square error [RMSE]: 28 

27.8). We overlaid the OPTI plot with the land cover map and estimated the mean AGB of the 29 

associated land cover classes. The mean AGB of primary dryland forest, secondary dryland forest 30 

and bush classes were 281.1 + 4.0 Mg/ha, 231.5 + 1.7 Mg/ha and 179.0 + 5.0 Mg/ha, respectively. 31 

Nine years after logging, the mean AGB is still lower than the mean AGB two years after logging. 32 

The growth rate (2.5%) was still lower than the mortality rate (3.1%), and recruitment (0.2%) did 33 

not occur until seven years after logging.  34 

Conclusions: The results of this study suggest that the existing forest monitoring data should be 35 

incorporated into the carbon accounting system at district, province and national level to improve 36 

the estimation of forest biomass and emission factors related to forest degradation and deforestation. 37 

However, there is a need for data quality assessment prior the analysis and a standardised platform 38 

for nation-wide forest inventory database is therefore required. 39 

1. Background 40 

Tropical lowland dipterocarp forests (LDF) play a crucial role in economic development, ecological 41 

service and carbon balance. Over the last several decades, the tropical LDFs have reduced in size 42 

and quality because of rapid deforestation and forest degradation (Stibig et al., 2014). The causes 43 

are mostly economic, such as excessive timber extraction and conversion to agricultural land and 44 

plantation (Gibbs et al., 2010; Geist and Lambin, 2001). To reduce deforestation and forest 45 

degradation in tropical regions, the United Nations Framework Convention on Climate Change 46 

(UNFCCC) developed an incentive mechanism under the climate change mitigation framework to 47 

reduce emissions from land use and forestry (UNFCCC, 2010). Accurate estimates of carbon 48 

dioxide (CO2) emissions from deforestation and forest degradation, as well as sequestration from 49 

forest conservation, sustainable forest management and forest carbon stock enhancement, are 50 

required to assess the impact of Reducing Emissions from Deforestation and Forest Degradation 51 
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(REDD+) activities and contribution to global climate change mitigation efforts (Herold and 52 

Skutsch, 2009). 53 

A major source of emissions in tropical forests is not only deforestation but forest degradation 54 

(Huang and Asner, 2010). Forest degradation is associated with a reduction in quality of forest 55 

structures or biophysics, such as timber stock, biomass or biodiversity (Lund, 2009). The main 56 

causes of forest degradation are selective cutting and small-scale illegal logging (Hosonuma et al., 57 

2012). Compared to tropical deforestation, the impact of forest degradation in a unit area is smaller 58 

and more difficult to monitor (Lambin, 1999), but occur over substantial number of hectares 59 

(Gaveau et al., 2014) and contribute to a larger greenhouse gas emission than from deforestation 60 

(Pearson et al., 2017). A better understanding of forest dynamics in selectively-logged forests is 61 

crucial for policy development related to sustainable forest management and climate change 62 

mitigation.  63 

Monitoring of REDD+ related activities is still problematic and uncertain because of limited 64 

research on the tropical region (Herold et al., 2011). Although the monitoring of deforestation and 65 

forest carbon stock are more advanced because of the availability of relevant satellite imageries, the 66 

scope of existing studies is mostly global, with medium to low-resolution satellite imageries used 67 

(Baccini et al., 2012; Saatchi et al., 2011). Therefore, to quantify the carbon impact of forest 68 

degradation and carbon stock enhancement activities on a regional scale using global scale studies 69 

is common (Penman et al., 2016).  70 

IPCC suggested two methods for estimating emissions from forests: stock-difference and gain-loss 71 

methods. The first method requires aboveground biomass (AGB) stocks at two different 72 

measurements to generate emission factors. The later method requires AGB growth and loss 73 

measurement to estimate annual net increment. In the forest reference emissions level document, 74 

Indonesia acknowledges the need to utilise the existing data on forest inventory and forest 75 

permanent sample plots (PSPs) established and measured by timber companies (MoEF, 2015). 76 

Almost half of forest estates in Indonesia were designated as production forests for timber 77 
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extraction, managed by concessionaires. As part of the requirement for yield management, all 78 

timber concessions were required to establish PSPs for monitoring of forest growth. However, the 79 

regulation was revoked in 2009, and most concessions have not reported the PSP datasets to the 80 

forestry institutions since then (Tata et al., 2010). Instead, the government issued a regulation to 81 

conduct overall periodic timber inventory (OPTI) for the whole timber concession area every 10 82 

years (MoF, 2007). The first batch of OPTI measurement was conducted from 2008 to 2011. 83 

These datasets should be included for the calculation system of the forest carbon stock and 84 

emissions (MoEF, 2015). Brown et al. (1989) explore opportunities to make use of the inventory 85 

data. There are limited studies on biomass increment in tropical forests owing to requirements in a 86 

long-term measurement. Beside the national forest inventory (NFI), the only long-term plot 87 

measurement available for Indonesia was established in Berau East Kalimantan, representing a 88 

small geographic area, and thus necessitating the wider coverage of a long-term forest monitoring 89 

network (Sist et al., 2015).  90 

Timber companies are obliged to establish forest inventory plots in their area and growth models 91 

from PSPs for defining the sustainable annual allowable cuts (MoF, 2014). In 2014, a total of 227 92 

timber companies operated across Indonesia, a decline of 30% from 2001. They are mostly in 93 

Kalimantan, Sulawesi, Maluku and Papua, where intact forests remain (BPS, 2016). This could be 94 

a potential source of data for estimating historical forest carbon stocks, and thus national greenhouse 95 

gases from the forestry sector, to fill the gaps of the NFI. However, data validation needs to be done 96 

prior to the use of existing forest inventory data and information. Only limited studies on forest 97 

biomass estimation used this large dataset (Krisnawati et al., 2014), but evaluation of the quality of 98 

the data is limited, if not unavailable, see Harja et al. (2011) for NFI data. 99 

AGB estimates that using models with tree diameter, wood density and tree height as predictor 100 

variables is more accurate than using the models with fewer predictor variables (Chave et al., 2005). 101 

However most forest inventory data collected by timber companies lacks scientific names and tree 102 

height information. It is important to understand whether the uncertainties of the AGB models 103 
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without wood density or tree height variables will be accumulated or reduced at plot and landscape 104 

levels. Also, most forest inventory data are difficult to access or just presented as summarised results 105 

in report documents. Certain conversion factors are required to utilise data and information for 106 

carbon accounting purposes. Burrows et al. (2002) and Slik et al. (2010) found that the relationship 107 

between AGB and basal area (BA) is relatively high in eucalyptus forests in Australia and tropical 108 

dipterocarp forests in Borneo. Such approaches will be very practical for estimating AGB stock 109 

based on historical reports from forest inventory, because of the difficulty in accessing the raw 110 

datasets. However, such methods require the implementation of validation and calibration in 111 

specific ecological areas. 112 

This study aimed to: (1) explore the use of existing PSPs and forest inventory data established and 113 

measured by timber concessions; (2) assess uncertainties of AGB estimates using various allometric 114 

models; (3) analyse the increment, growth, recruitment and mortality of aboveground biomass in 115 

logged-over dipterocarp forests; (4) analyse AGB stocks and emission factors in tropical dipterocarp 116 

ecosystems. 117 

2. Materials and Methods 118 

2.1 Study Sites 119 

Data compilation focused on timber concessions in East Kalimantan, North Kalimantan and West 120 

Kalimantan provinces, covering an area of about 200,000 square kilometres. The area extends 121 

between -3° 35′ and 3° 45′ latitude and 108° 15′ and 108° 25′ longitude. The timber concessions are 122 

managed under a selective logging system, where tree diameter and number per hectare cutting 123 

limits were applied. The forests are predominantly classified as lowland dipterocarp forest 124 

dominated by dipterocarp family from genus Shorea, Dipterocarpus, Dryobalanops, Anisoptera 125 

and Hopea. The altitudes of study sites range from 50 metres to 1000 metres, mean annual 126 

precipitation is between 2500 and 3500 mm and monthly temperature is between 26.4 and 27 oC. 127 

The soil type in the study site is mainly red-yellow Podzolik. This type of soil has a highly leached 128 

surface layer and low permeability, with a soil pH of between 4.2 and 4.8. 129 
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130 
Figure 1. Distribution of timber concessions (companies) in Kalimantan. The highlighted areas are 131 

where OPTI and PSP datasets were compiled 132 

2.2 Data Collection 133 

The data collection was conducted between February and May 2012 under the auspices of the 134 

FORCLIME-GIZ, a German–Indonesian cooperation in forestry and climate change. The datasets 135 

used in this study were compiled from timber concessions operating in project pilot provinces (West 136 

Kalimantan, East Kalimantan and North Kalimantan). Our interest was in collecting raw and digital 137 

data on PSP and OPTI datasets from the existing, active timber concessions operating in the study 138 

area. 139 

First, we contacted all responsible government institutions, such as Forestry Services at province 140 

and district levels. Officially, all timber concessions must report all forest inventory and permanent 141 

sample data as a requirement for getting approval for their cutting plan proposal. Second, we sent 142 

official letters to the existing timber concessions to request related datasets. As some concessions 143 

are no longer operational, only active concessions were targeted for data compilation. 144 
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2.2.1 PSP Datasets  145 

In each 1-ha plot of 100 m × 100 m, trees with diameter at breast height (DBH) > 10 cm were 146 

measured, their scientific names, marked and labelled for long-term monitoring. The plot 147 

boundaries were clearly marked with poles in each corner. The circumference at breast height 148 

(CBH) or 20 cm above buttresses and total tree height (H) were measured for each tree in the plot. 149 

The DBH is CBH divided by phi value (3.14). Within the 1-ha plots, the trees were recorded in each 150 

subplot of 10 m × 10 m, allowing us to regroup the trees into smaller plots of 20 m × 20 m; 30 m × 151 

30 m; 40 m × 40 m or 50 m × 50 m (Fig. 2). The smaller plots were used to evaluate the accuracy 152 

of AGB estimation at various plot size. However, we ignored the potential spatial autocorrelation 153 

between subplots, which may inflate the degree of freedom and slightly bias the estimates. 154 

 155 

Figure 2. Division of 1-ha plot into smaller plots, A: 20 m × 20 m; B: 30 m × 30 m; C: 40 m × 40 156 

m and D: 50 m × 50 m 157 

We compiled digital files of PSP data from five timber concessions in East and North Kalimantan 158 

(Table 1). For this study we selected only datasets that had complete DBH and scientific name 159 
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records. Only datasets from two companies out of five met the requirements totalling 24 hectare 160 

plots, which were measured independently. For the first dataset, a total of 18 1-ha plots were 161 

established in logged-over forests. Out of these 18, six were established in 2003 and re-measured 162 

six times until 2010; six plots were established in 2005 and re-measured three times until 2010; and 163 

another six were established in 2011 without re-measurement. The second datasets consisted of six 164 

1-ha plots established in 2006 and re-measured two times in 2007 and 2009 (only three plots). 165 

Table 1. Compiled PSP datasets from timber companies in East, North and West Kalimantan. Each 166 

dataset consists of 6 1-ha plots. 167 

No. 

  

Company 

Code (PSP 

Series) 

 

Measurement 

Remark 

1 2 3 4 5 6 7 8 

1 BR 2009 2010             Incomplete tree identification 

2 DT 1996 1997 1998 1999         No digital file 

3 IM 2001 2003             No digital file 

4 IK 1997 1998 1999 2000         No digital file 

5 KL 2003               No digital file 

6 MI 2003               No digital file 

7 PS 2002 2004 2005           No digital file 

8 RT 2005 2006 2007 2008         Incomplete tree identification 

9 RM(2) 2003 2004 2005 2006 2008 2010     Complete tree identification 

 10 RM(3) 2007 2009 2011           Complete tree identification 

 11 RM(4) 2011               Complete tree identification 

12 HA(1) 2005 2006 2009 2010 2011       No digital file 

 13 HA(2) 2009 2010 2011           No digital file 

14 GG(1) 1995 1996 1998 1999 2001 2007     No digital file 

15 GG(2) 1999 2000 2003 2006 2011       No digital file 

16 SL 1994 1995 1996 1997 1998 2000 2002 2004 No digital file 

17 BK 2009 2010       Incomplete tree identification 

18 KB 2006 2007 2008 2009 2010    No digital file 

19 BF 2004 2006 2007      Complete tree identification 

 168 

2.2.2 OPTI Datasets 169 

For the purpose of allowable annual cut planning, each timber concession in Indonesia is required 170 

to conduct OPTI for the whole concession area (MoF, 2007). The OPTI collect only the DBH and 171 

commercial tree names of each recorded tree, in a nested plot of circular subplot, 10 m × 10 m 172 
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subplot, 20 m × 20 m subplot and 20 m × 125 m for saplings, poles, trees d < 35 and large trees d > 173 

35 cm, respectively. Additionally, the physical appearance and quality of trees were also recorded. 174 

The plots were systematically distributed with a distance of about 900–1000 metres, depending on 175 

the size of the concession. 176 

We successfully compiled the OPTI datasets measured between 2009 and 2011 from 33 timber 177 

concessions in East, North and West Kalimantan provinces. The dataset consisted of 20,133 plots 178 

(Table 2). Duplicate plots from the same timber concessions and plots from a non-native timber 179 

plantation were excluded (3.7%) (Filter 1). Because each dataset was measured independently by 180 

the timber concession, data checking for quality assurance was essential. We removed plots with 181 

data inconsistency, such as large trees recorded in small subplots, redundant tree numbers within 182 

the same subplot or the occurrence of unexpectedly large trees (dbh> 200 cm). The unexpectedly 183 

large trees may occur because of measurement error of large buttress trees. Because of the difficulty 184 

validating each inconsistent tree record and very large basal area are unrepresentative of our targeted 185 

forest type, the plots in which inconsistencies and unrepresentativeness occurred were excluded 186 

from the analysis (10.3 %) (Filter 2). To evaluate the AGB for each land cover class, only plots that 187 

provide coordinates were used for this analysis. After data screening on plot information, we found 188 

only 8,479 plots with coordinates (42.1 %). Four different coordinate systems were used to define 189 

the location of the plots: geographic system, UTM 50N, UTM 50S and UTM 49N. 190 

Table 2. Summary of the compiled OPTI datasets 191 

Timber 

Concessions 

N 

Original 

N Plot 

After 

Filter 1 

N Plot 

After 

Filter 2 

Plots with 

Coordinates 
Remarks 

AHL 224 - - - Timber plantation 

AKM 492 492 474 532  

AW 69 69 64 64  

BDK 194 194 113 113  

BNI 972 972 956 858  

BRT 918 918 913 - No coordinates 

BS 58 58 58 58  

DT 537 537 527 519  
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Timber 

Concessions 

N 

Original 

N Plot 

After 

Filter 1 

N Plot 

After 

Filter 2 

Plots with 

Coordinates 
Remarks 

HM 178 178 160 - No coordinates 

HMB 961 961 879 - No coordinates 

IAT 602 602 602 - No coordinates 

INK 1210 1210 1080 - No coordinates 

INL 1109 1109 922 - No coordinates 

INM 638 638 613 - No coordinates 

ISA 1078 1078 950 - No coordinates 

ISU 642 642 635 - No coordinates 

ITC 1196 1196 1140 1140  

KBT 700 700 650 645  

KL 566 566 530 528  

KMT 482 482 479 479  

KRB 530 530 295 295  

MIM 299 299 299 299  

NI 592 592 589 589  

NR 542 542 522 511  

PJM 262 262 262 262  

RMS 513 513 511 - No coordinates 

RMT 981 981 563 533  

SI 543 543 223 272  

ST 457 457 441 - No coordinates 

SU 504 504 504 - No coordinates 

TAB 670 670 471 435  

UD1 526 - - - Duplication 

UD2 406 406 406 405  

WAP 482 482 468 - No coordinates 

TOTAL 20,133 19,383 17,301 8,479  

 192 

2.3 Uncertainty Assessment Resulting from Differences in AGB Equations 193 

Using the selected PSP datasets—which have complete measurements including tree diameter, tree 194 

height and scientific name at tree level—we compared the allometric equations when applied to 195 

various plot sizes (i.e., 400, 900, 1600, 2500 and 10,000 m2). For evaluating the uncertainties of 196 

AGB estimates, we computed the tree AGB of the 24 PSP datasets using various AGB equations 197 

for dipterocarp forests in Kalimantan (Manuri et al., 2016) and species group equations for lowland 198 

forests (Manuri et al. 2017) that have different predictor variables (Table 3). 199 
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Table 3. Summary of AGB models used for the analysis 200 

AGB Model  Equations Source 

D1  0.125 D2.533 Manuri et al. (2016) 

D2  0.118(D)2.585 (heavy timber) 

0.099(D)2.585 (medium heavy timber) 

0.066(D)2.585 (light timber)  

Manuri et al, (2017) 

DH  0.068 D2.268 H0.483 Manuri et al. (2016) 

DG  0.277 (D2G)1.238  Manuri et al. (2016) 

DGH  0.071(D2GH)0.973 Manuri et al. (2016) 

 201 

Due to the occlusion of tree canopies, measuring tree height accurately in tropical forests is difficult. 202 

Figure SM1 showed a low precision of tree height measurement in the plots. In the case of canopy 203 

occlusion, the tree height was often estimated using a local D-H model. The overlay between the 204 

tree height data with the regional D-H model for lowland forests in Indonesia (Manuri et al. in press) 205 

showed strong agreement. We performed outlier analysis based on the studentised residuals of the 206 

regression between the measured and modelled tree heights. Residual values larger than 2 and 207 

smaller than -2 were outliers (Sileshi, 2014). We estimated the tree height of the outliers using the 208 

regional D-H model (Manuri et al. 2017):  209 

H = 73.9 (1-Exp(-0.03D0.765)) 210 

We compared the AGB estimates at tree (kilogram) and plot (Mg.ha-1) levels. To define the bias of 211 

the model estimates, we computed mean relative errors (MREs) between the estimates. MRE was 212 

calculated as ∑((AGBp-AGBb)/AGBb), where AGBp and AGBb are the predicted and the best-213 

predicted AGB, respectively. Another way to characterise model bias is by assessing the departures 214 

of slope and intercept of the linear regression between AGBb and AGBp (Piñeiro et al., 2008; 215 

Peacock et al., 2007). For assessing the precision of the AGB estimates, we computed the RMSE 216 

and the coefficient of determination (r2). 217 

2.4 Development of AGB-BA Models 218 

Assuming the AGB estimates using complete variables are the most accurate, we developed an 219 

AGB model based on BAs, which was found to be simple but with relatively high precision 220 

(Burrows et al., 2002; Slik et al., 2010). We assessed the performance of the AGB-BA models at 221 
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individual tree and plot levels (0.04 ha, 0.09 ha, 0.16 ha, 0.25 ha and 1 ha plots) using the first 222 

measurement of 24-ha PSP data sets. 223 

2.5 Assessing AGB Dynamics in Logged-Over Dipterocarp Forests 224 

We used the selected PSP dataset, which has complete measurement of DBH, tree height, species 225 

identification and long measurement (more than five years). Net annual AGB increment (IAGB) was 226 

calculated as the net annual AGB change due to growth (GAGB), recruitment (RAGB), mortality 227 

(MAGB) and shrinkage (SAGB) of trees that annually averaged across the monitoring period, assessed 228 

using the following equations Alder (1995) and Sheil (1995): 229 

Annual growth = 𝐺𝐴𝐺𝐵 = 1𝑡 ΔG𝐴𝐺𝐵1 × 100 230 

Annual mortality = 𝑀𝐴𝐺𝐵 = (1 − (1 − 𝛥𝑀𝐴𝐺𝐵1)1𝑡) × 100 231 

Annual recruitment = 𝑅𝐴𝐺𝐵 = ((1 + ΔR𝐴𝐺𝐵1 )1𝑡) × 100 232 

Annual shrinkage = 𝑆𝐴𝐺𝐵 = 1𝑡 ΔS𝐴𝐺𝐵1 × 100 233 

AGB1 is AGB stock in the beginning. t is years between measurements. ΔG, ΔM, ΔR and ΔS are 234 

AGB differences due to growth, mortality, recruitment and shrinkage, respectively. Annual AGB 235 

increment was calculated as IAGB= GAGB + RAGB – MAGB – SAGB. 236 

2.6 Estimating AGB Stocks of Logged-over and Primary Dipterocarp Forests 237 

For logged-over forests we used an OPTI and PSP dataset compiled from existing timber 238 

concessions in the study area. We used the D1 and DGH AGB model (Table 3) for estimating tree 239 

AGB of OPTI and PSP dataset, respectively. For comparison, we used the AGB-BA model, which 240 

uses information of BA per plot for estimating the plot-level AGB. For primary forests, we 241 

estimated using BAs from published research, updated using the best equations. Data sets from the 242 

literature (Rutishauser et al., 2013; Paoli et al., 2008; Slik et al., 2013; Hoshizaki et al., 2004) were 243 

used for estimating primary LDFs.  244 
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3 Results 245 

3.1 Testing Allometric and Biometric Models for Estimating AGB of Logged-over Forests 246 

We analysed the regression between the best-predicted AGB (using the DGH model) and the 247 

predicted AGB values (using a model with fewer predictor variables) (Figure 3). As expected, the 248 

DG model performed similarly with the DGH model at tree level. The DG model was still relatively 249 

unbiased in small plots, but tended to be larger in larger plots. A similar trend occurred with D2 250 

models, which used diameter and wood density class as predictor variables. The D1 model, which 251 

used only diameter as a predictor variable, tended to be unbiased, aggregating the estimates at larger 252 

plots (e.g., 2500 m2). 253 
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254 
Figure 3. Regression between best-predicted total AGB and the predicted total AGB using less 255 

predictor models at tree individuals and plot levels. The dashed lines were the 1:1 lines. The thick 256 

lines were the fit lines. An outlier (asterisk) due to an individual tree with diameter of 200 cm with 257 

very low wood density (0.36 gr.cm−3) was excluded. 258 

Following the findings from Burrows et al. (2002) and Slik et al. (2010), we developed biometric 259 

models for estimating AGB using BA and wood density (WD) as variables. We fitted both linear 260 

and non-linear models to the individual datasets and at various plot sizes (0.04, 0.09, 0.16, 0.25 and 261 

1 ha.). We found that the non-linear models were better than the linear models, in terms of the 262 

normality of residuals distribution (result not shown). Models with additional WD as a predictor 263 

variable were only slightly better than the AGB model using only BA as a predictor variable (Figure 264 

4). We decided to use the model with BA alone as a predictor variable, as it is also not practical to 265 
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estimate average WD at plot level. We found that the best AGB-BA model is the model for 0.25-ha 266 

plot (adjusted r2=0.911; RMSE: 27.8). The 0.25-ha plot is coincidently the same size as the OPTI 267 

plot. 268 
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 269 

Figure 4. Regression between the best-predicted AGB (best AGBp) with predicted AGB using non-270 

linear BA models(AGB-BA) 271 
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3.2 Estimating AGB Stock of Logged-over Forests 272 

We computed AGB of OPTI dataset using the D1 equation, which was tested to be less biased when 273 

applied to the 0.25 and 1 ha PSP plots (Figure 3). The result was compared to the AGB calculated 274 

in previous studies in primary forests using pan-tropical equations, and our study in PSP using the 275 

DGH equation. The AGB estimates of OPTI dataset using the D1 equation were still in agreement 276 

with the AGB estimates in logged-over forests and primary forests, where the plots have a BA less 277 

than 40 m2/ha (Figure 5). However, the estimates using D1 equation tended to be lower than that of 278 

previous studies in primary forests, especially where the plots have a BA of more than 40 m2/ha. In 279 

contrast, our predicted AGB using a AGB-BA model (AGB = 6.37×BA1.206) developed from PSP 280 

dataset was in better agreement with the estimates from logged-over forests with BA less than 25 281 

m2/ha and primary forests that have BA more than 40 m2/ha. The AGB estimates of AGB-BA model 282 

were lower than the studies in primary forests, especially in the plots that have BA between 25 – 40 283 

m2. 284 

285 
Figure 5. Regression between BA (m2/ha) and AGB (Mg/ha) per plot. The grey circles represent 286 
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OPTI plots, while the crosses and stars were outliers due to duplicate records and unexpected large 287 

diameter trees, respectively. The green triangles and squares represent PSPs data in logged-over 288 

forests and from literature in primary forest studies, respectively. The solid line depicts the AGB-289 

BA equation (AGB = 6.37×BA1.206).  290 

We compared our BA estimates using our datasets (OPTI and PSP) with BA estimates from 291 

previous studies in lowland tropical dipterocarp forests. Our estimates were lower than the estimates 292 

of previous studies in primary forests, but in accordance with the estimates from logged-over forests 293 

(Figure 6). The mean BA of OPTI and PSP dataset is comparable with the BA estimates of medium 294 

and high-impact logged-over forests, respectively (Sist and Nguyen-Thé, 2002). The results suggest 295 

that the OPTI dataset is generally consistent and reliable. 296 

 297 

Figure 6. BA distribution (mean and standard deviation) from PSP (logged-over forests), OPTI 298 

(mixed forest cover) and literature (primary and logged-over forests) 299 

We used forest cover type information recorded during the field measurement for estimating mean 300 

AGB. Primary dense forest had the highest mean AGB (371.2 Mg/ha) and non-forest had the lowest 301 

mean of AGB (148.2 Mg/ha). The mean AGB of other forest types ranged from 206.9 to 289.7 302 

Mg/ha. Unexpectedly, the bush had a mean AGB higher than the secondary dense forests (Table 4). 303 

About 45% of the plots did not have information on forest cover type. 304 



19 

Based on the Tukey test on least square mean differences, only mean AGB from primary dense 305 

forest and non-forest were significantly different to other forest cover types. Other forest cover 306 

types, ranging from primary medium forest to bush, were not significantly different from each other. 307 

Table 4. Mean AGB estimates and standard deviation of forest cover classes determined during 308 

field measurement.  309 

Forest Cover Types from 

Field Measurement 
N 

Mean 

AGB 

(Mg/Ha) 

Std 

Dev 

Std 

Error 

Tukey's 

LSM 

Difference 

Test* 

Primary dense forest 368 371.2 176.1 9.2 A 

Primary medium forest 2480 289.7 131.5 2.6    B 

Primary low forest 602 274.0 128.0 5.2    B 

Secondary medium forest 3950 243.6 129.7 2.6       C 

Secondary low forest 1272 239.9 127.2 3.6       C 

Bush 209 227.0 151.0 10.4       C D 

Secondary dense forest 1026 206.9 151.8 4.7           D 

Non forest 206 148.2 94.7 6.6              E 

Blank 7238 248.9 138.1 1.6  
 310 

We further overlaid the plots with geographical references with land cover map 2009 derived from 311 

satellite imagery classification (MoF, 2012). Only three land cover classes were represented by 312 

more than 100 plots, meaning they had high confidence level of the mean AGB estimates (i.e., 313 

primary dryland forest, secondary dryland forest and bush [Table 5]). The mean AGB of those three 314 

land cover classes were significantly different from the mean of other land cover classes, 251.8, 315 

207.8 and 164.4 Mg/ha. Other land cover classes that were represented by a plot number less than 316 

40 did not have a significantly different AGB. About 57% of the plots had no geographical 317 

references. 318 

Table 5. Mean AGB estimates and standard deviation of land cover classes from 2009 satellite 319 

image classification.  320 

Land Cover Types from 

2009 Satellite Image 

Classification 

N Mean AGB 
Standard 

Deviation 

Standard 

Error 

Least Square 

Means 

Differences 

Tukey HSD 

Test* 

Primary dryland forest 1775 251.8 135.6 3.2 A 

Secondary dryland forest 5779 207.8 116.3 1.5   B 

Bush 772 164.4 119.9 4.3      C 
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Pulp plantation 42 154.5 84.9 14.0      C 

Mixed Agriculture 77 185.1 98.6 11.2   BC 

Primary swamp forest 14 176.7 51.9 13.9 ABC 

Secondary swamp forest 9 199.8 58.1 19.4 ABC 

Water 4 170.6 82.5 41.2 ABC 

Bush in swamp 3 92.3 91.9 53.0 ABC 

Dryland agriculture 1 235.3   ABC 

Bareland 3 186.5 56.4 32.6 ABC 

Blank 9519 323.3 207.8 2.1  

 321 

The estimate of each land cover class was lower than the estimate based on similar forest cover 322 

classes derived from the field. This is because the land cover classification used a visual delineation 323 

method, which classifies several pixels close to each other as one entity, based on the majority of 324 

pixels. If the resolution is low, small portions of different pixels will likely be classified as different 325 

classes of majority pixels. Therefore, the mean AGB of forest classes will be lower than the forest 326 

classes based on plot identification, potentially due to the inclusion of small patches of low-density 327 

forest or logging-effected areas. 328 

3.3 AGB Dynamics in Selectively-logged Dipterocarp Forests 329 

Six 1-ha PSP datasets were used to analyse AGB dynamics after logging. The datasets have the 330 

longest measurement period: six time measurements from two to nine years after logging. At first 331 

measurement (two years after logging) the mean total AGB was 258.3 Mg/ha. At the second 332 

measurement (three years after logging), this was reduced to 240.72 Mg/ha due to the mortality of 333 

large and medium trees (Figure 7). The mean AGB continued to decline towards 229.45 Mg/ha at 334 

the fourth measurement (five years after logging) before it finally increased at the fifth (seven years 335 

after logging) and the sixth (nine years after logging) measurements (Table 6). 336 

Table 6. Mean annual AGB dynamics of 24 PSP plots. 337 

 2003 2004 2005 2006 2008 2011 Total 

Annual rate 

(Mg/ha) 

Annual 

rate % 

Growing stock 258.30 235.73 223.52 219.82 214.55 233.46    
Growth  4.99 7.68 9.63 21.80 14.28 58.39 7.30 2.52 

Shrinkage  -0.58 -0.29 0.00 -1.69 -3.36 -5.92 -0.74 -0.29 
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Mortality  -21.98 -16.92 -13.67 -13.04 -5.66 -71.27 -8.91 -3.09 

Recruitment  0.00 0.00 0.00 3.75 0.17 3.92 0.49 0.19 

Total AGB 258.30 240.72 231.21 229.45 240.11 247.92    
 338 

339 
Figure 7.  The distribution of tree mortality AGB (A) and tree number (B) over diameter classes. 340 

Mortality and growth have negative correlation. The mortality rate was 3.09%, with the highest rate 341 

at three years after logging (21.98 Mg/ha/year), while growth was the lowest (4.99 Mg/ha). The 342 

annual mortality was high in the earlier measurement period, and decreased towards the end of 343 

measurement. In contrast, the annual growth in the earlier measurement was very low, then 344 

continued to increase to 10.9 Mg/ha/year at seven years after logging. 345 

At nine years after logging, the mean AGB was still lower than the first measurement two years 346 

after logging, because the growth rate was still lower than the mortality rate. Also, recruitment did 347 

not occur until seven years after logging, which contributed only 0.49 Mg/ha annually. Surprisingly, 348 

the shrinkage was higher than the recruitment (0.74 Mg/ha/year). 349 

4 Discussions 350 

There have been few attempts to evaluate the potential use of existing forest inventory for assessing 351 

historical forest carbon stocks and biomass growth in Indonesia. This study explores the potential 352 

of existing forest inventory plots for quantifying carbon stocks and growths in logged-over forests. 353 

We successfully compiled data from 20,133 OPTI plots. After data filtering for consistency and 354 

outlier checks, we found that about 17,301 plots (85.9%) were reliable. Most of the removed plots 355 
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had unrealistically large total BAs or AGB, because of frequent recording errors or unexpected 356 

existence of very large trees in the plots. A validation process must be conducted to address this 357 

issue. The current process for validating the OPTI result is performed only if there is a discrepancy 358 

between the plan and the implementation, mostly due to administrative matters (MoF, 2009). The 359 

selection of plots for field validation should also be based on the outlier plots. 360 

Our analysis of the distribution of AGB based on the forest cover information from the field found 361 

that they were not consistent, so the mean AGB values among forest cover types were mostly not 362 

significantly different. It seems the definition of each forest cover type overlapped and were hard 363 

to distinguish in the field, thus confusing field crews when defining forest cover. We also found that 364 

57.3 % of the OPTI plots did not record geographical position. Because of Indonesia’s large 365 

geographical size, it is suggested that a geographic coordinate system be used for easy compilation 366 

and comparison among OPTI databases. Also, it seems that the coordinate positions of the plots do 367 

not represent the actual plot position, as can be observed from the fully systematic distribution of 368 

the plots. In relatively difficult terrain with limited accessibility, reaching a plot or placing a plot as 369 

the plan is often problematic. Therefore, 100% similarity between the planned and actual plot 370 

position seems to be unrealistic. The actual location of the plot using GPS in the field is not only 371 

useful for documentation and revisiting for field validation, but also for validating estimation of 372 

forest metrics based on remote sensing imageries. 373 

The number of existing forest inventory plots measured by timber concessions are exceptionally 374 

large. Out of 265 timber concessions operating in Indonesia in 2016, 250 concessions completed 375 

and reported the OPTI (MoF, personal communication). This could potentially be used to fill the 376 

NFI gap in estimating forest metrics, including timber and biomass stock in Indonesian tropical 377 

forests. Several existing initiatives for database management could be integrated and maintained at 378 

district, national and global levels (Harja et al., 2011; Sist et al., 2015; Manuri and Susanto, 2012).  379 

A relationship model between AGB and BA could be used for estimating AGB stock from historical 380 

forest inventory plot summaries. Our finding suggests that the AGB-BA non-linear model is better 381 
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than the linear model for estimating a wide range of BA values representing areas with scarce trees 382 

to dense forests, with very large trees in tropical dipterocarp forests. This is different from a study 383 

on eucalyptus forests, where a linear model of AGB-BA achieved similar accuracy (Burrows et al., 384 

2002). The main reason is that tree diameter and height ranges in tropical dipterocarp forests are 385 

much higher than in eucalyptus forests. 386 

Similar to OPTI, the PSP datasets were utilised in a limited manner within the timber concession 387 

for yield and annual allowable cut regulation. Twelve out of the compiled 19 PSP series were not 388 

in digital format. Only four series were in digital format, with botanical identification at least at 389 

genus level. The mortality rate is still higher than the accumulation of growth and recruitment rate 390 

nine years after logging. A study in dipterocarp forests in East Kalimantan found that the highest 391 

mortality rate occurred one to three years after logging (Susanty et al., 2015), which is in agreement 392 

with our study. Mortalities in selectively-logged forests occurred even after eight to 17 years after 393 

logging (Cannon et al., 1994), due to damage from logging (Nguyen-The et al., 1998) and wind 394 

disturbance after fragmentation (Laurance et al., 1998). This implies at the need for managing long-395 

term forest plot monitoring database in logged over forests, which established and measured by 396 

timber concessions in Indonesia since 1995 (Tata et al., 2010). Unfortunately, since 2009 397 

development and measurement of PSP is no longer a requirement for timber concessions when 398 

applying for cutting permits in Indonesia. 399 

5 Conclusions 400 

Using existing OPTI datasets, we are able to estimate mean AGB stock with high confidence, as 401 

well as using them for estimating AGB based on land cover map. In this study we developed 402 

models using BA per plot as a predictor variable for estimating AGB with high precision and low 403 

bias. Our estimates of AGB in primary forests were calculated based on forest cover information 404 

from field plots, and land cover maps derived from satellite imagery classification, which were 405 

useful for estimating emission factors from the land and forest cover types. 406 
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This study compiled and explored the existing datasets of timber concessions for assessing historical 407 

forest carbon stocks and biomass growth. Most of the existing forest inventory datasets are difficult 408 

to access because of unstandardized database management systems within companies and the 409 

relevant government institutions. It is also important to control the quality of measurements and 410 

improve procedures for data checking for inconsistencies. There is a need for a standardised 411 

database platform at various levels of management for data repository and sharing. This would 412 

improve the accuracy and transparency of forest monitoring in Indonesia. 413 
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Figures

Figure 1

Distribution of timber concessions (companies) in Kalimantan. The highlighted areas are where OPTI and
PSP datasets were compiled



Figure 2

Division of 1-ha plot into smaller plots, A: 20 m × 20 m; B: 30 m × 30 m; C: 40 m × 40 m and D: 50 m × 50
m



Figure 3

Regression between best-predicted total AGB and the predicted total AGB using less predictor models at
tree individuals and plot levels. The dashed lines were the 1:1 lines. The thick lines were the �t lines. An
outlier (asterisk) due to an individual tree with diameter of 200 cm with very low wood density (0.36
gr.cm−3) was excluded.



Figure 4

Regression between the best-predicted AGB (best AGBp) with predicted AGB using non- linear BA
models(AGB-BA)



Figure 5

Regression between BA (m2/ha) and AGB (Mg/ha) per plot. The grey circles represent

Figure 6

BA distribution (mean and standard deviation) from PSP (logged-over forests), OPTI (mixed forest cover)
and literature (primary and logged-over forests)



Figure 7

The distribution of tree mortality AGB (A) and tree number (B) over diameter classes.


