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Abstract: Forest ecosystems have an important place in carbon conversion by transforming the CO2 they 

receive from the atmosphere and storing it in large quantities on the earth. Standard models are established and 

carbon calculations are made for biomass estimations of forest trees. While regression equations are frequently 

used in the prediction of biomass, estimations made with machine learning algorithms using stand parameters 

are rarely tested. In this study, it is evaluated whether the parameters of the stand type can be used without using 

the standard models or equations in the biomass estimation procedure. Verification of biomass estimates via 

kNN (Kernel Nearest Neighbor), RF (Random Forest) and RPART (Recursive Partitioning and Regression 

Trees) from machine learning algorithms for coniferous, broad-leaved and mixed stands in the Amasra, Arıt and 

Kurucaşile Sub-district Directorates of Bartın Forestry Directorate have been carried out. Amasra, Arıt and 

Kurucaşile regions, where the work was carried out, have 121, 79 and 121 stand types respectively. Carbon 

calculations for five diametric classes were carried out using the data for the tables of stand identification. Total 

carbon stocks were found to be 111 tons/ha, 115 tons/ha and 179 tons/ha for Amasra, Arıt and Kurucaşile 

regions respectively. Carbon stock values calculated by regression equations; it can be estimated as 40%, 85%, 

99% with the KNN algorithm, 42%, 57%, 85% with the RPART algorithm and 71%, 78%, 80% with the RF 

algorithm in the mixed, coniferous and broad-leaved stands, respectively. 
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1. Introduction 

Forest ecosystems play an important role in carbon conversion by converting CO2 from the atmosphere 

and store it in vast amount on earth [1, 2].  It is estimated by the scientists that the average surface temperature 

will rise from 1.4oC to 5.8oC to the end of the 21. Century [3] and is thought that the increasing amount of 

fossil fuels used causes this problem. While it is expected that this increase in the temperatures boosts the CO2 

emission because of the organic mineralization in soil, an increase is seen in the biomass of plants [4]. Thus, 

forest inventory is the most important resource that could be used to evaluate the carbon change on earth [5]. 

Therefore, it was tried to form standard models in order to make aboveground biomass estimations in many 

areas. Carbon accounts are made using biomass that accumulates in forest ecosystems.  There are two basic 

approaches to the calculation of forest biomass. (1) above-ground and below-ground carbon values are 

calculated from stem volume using biomass expansion factors (BEF). (2) Allometric biomass equations use 

biomass models developed for each tree type and region. In this method, independent variables such as 

diameter, height, and specific weight of the tree are used for biomass calculations [6, 7, 8, 9, 10]. Depending on 

the approach used, biomass quantities are converted to carbon values with different coefficients. This mainly 

stems from that forest areas involves a wide range of tree species and various growth conditions. However, the 

regression models in use are obtained from chopped trees in few quantities and they sometimes contain a very 

limited number of large-diameter trees. So, it is important question how much these trees represent the sampled 

area. It could be the answer to why two regression models make different estimations or why the results from 

regression models differ from the estimations from mostly used BEF coefficients. This difference at stand level 

is greater for large-diameter trees and may cause uncertainty in estimations [5, 11, 12]. Since there are a few 

research studies about regression equations obtained for the areas having mostly the same or similar features, it 

gets harder to evaluate the quality of these models.  

While regression equations are frequently used in above-ground carbon estimation, estimates made 

with automatic learning algorithms using stand parameters have rarely been tested. In this study, biomass 

estimations can be made with the regression equations obtained associating with the diameter, length values, dry 

weights of chopped trees, also it is estimated how successful machine learning algorithms could be and how 

much quality they would be. If accurate estimations can be achieved with machine learning algorithms, it will 
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not be required the tree cuts to represent the entire area and the calculation of their dry weights because the 

estimations will be able to be made with the number of trees and average diameters from sample areas in the 

preparation of management plans. In this study, the confirmations of carbon estimations were made through 

kNN (Kernel Nearest Neighbor), RF (Random Forest) and RPART (Recursive Partitioning and Regression 

Trees) as machine learning algorithms for broad-leaved, coniferous and mixed stands in the Amasra-Arıt-

Kurucaşile Forest Sub-district Directorates affiliated to Bartın Forestry Operation Directorate. 

 

2. Study Area 
This study was carried out in the Arıt-Amasra-Kurucaşile sub-district Directorates. The three areas 

have a total of 30766.5 ha forest land, 83.2% of which is productive according to the 2011-2030 management 

plan and this region is located between 32017′55″ -320 46′37″ east longitudes and 410 33′ 90″ – 41051′ 01″ 

north latitudes (Figure 1). 81.7% of the forest lands at the average altitude, 853m, are productive. The average 

annual temperature in the region is 12.80C and the average annual rainfall is 1140 mm. The precipitation can be 

seen in any season and month ranging from 5-13%. The geological structure of the study area is constituted by 

fine grained and impermeable rock and brown podzolic soil spread in the area in the south part. While the south 

part of the area is of red sandstone, clay Stone and dolomite limestone, marn, andesite, tuff and agglomerate are 

seen in the north. 

121 stand types in Amasra, 79 in Arıt and 121 in Kurucaşile exist. In each of these take place broad-

leaved, coniferous and mixed forests and tree species are black pine, scotch pine, calabrian pine, stone pine, 

abies, fagus, oak, hornbeam, chestnut, lime. The number of trees and average diameters in each hectare of the 

forest lands in these three regions can be seen in Table 1. 

 
Figure 1: Stand Type Map according to 2011-2030 management plans belonging to Amasra-Arıt-Kurucaşile 

regions 
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Table 1: Data from Amasra-Arıt-Kurucaşile regions 

Region 
Stand 

Type 

Area 

(ha) 

Average 

diameter (cm) 

Tree number 

(N/ha) 

A
m

a
sr

a
 Coniferous 710.8 15.8 244 

Broad-leaved 8649.1 22.8 756 

Mixed 313.3 27.0 648 

Degraded 1371.4 - - 

Total 11044.6 - 1648 

A
rı

t 

Coniferous 833.5 18.0 703 

Broad-leaved 5650.5 21.5 598 

Mixed 643.3 21.1 597 

Degraded 1342.3 - - 

Total 8469.6 - 1898 

K
u
ru

ca
ş
il

e 

Coniferous 613.2 19.8 520 

Broad-leaved 7327.4 21.6 839 

Mixed 860.7 20.4 647 

Degraded 951.5 - - 

Total 9752.8 - 2006 

TOTAL 29267 - 5552 

 

3. Method 
Biomass was calculated by taking tree species into account for coniferous, broad-leaved and mixed 

stands in each region. Biomass values are also multiplied by various coefficients to find the amount of carbon. 

Above-ground and below-ground biomass calculations were made with the regression equations by Durkaya et 

al. [13] for oak (Quercus spp.), Saraçoğlu [14] for fagus (FagusorientalisLipsky), İkinci [15] for chestnut 

(Castaneaspp.), Durkaya et al. [16] for black pine (Pinusnigra), Durkaya et al. [17] for scotch pine 

(Pinussylvestris), Durkaya et al. [18] for abies (Abiesnordmanniana subsp. bornmulleriana), Durkaya et al. [19] 

for cedar (Cedruslibani L.), Durkaya et al. [20] for calabrian pine (Pinusbrutia Ten.). These values are converted 

to carbon values by multiplying by 0.5. Carbon values determined with kNN, RPART and PRF algorithms by 

using the data belonging to the area, number of trees and five diameter classes (I. diameter class: 8.0-19.9 cm, II. 

diameter class: 20.0-35.9 cm, III. diameter class: 36.0-51.9, IV. diameter class: 52.0-59.9, V. diameter class: > 

60.0 cm). It is thought that successful estimations with such types of data found as standard in management 

plans would make carbon estimations easier.  

Learning methods with artificial intelligence have become more useful for modeling the complex 

relationships and interactions without limiting the assumptions of parametric statistics [21, 22]. Some of these 

methods are kNN [23], RPART [24] and RF [25].  

kNN is one of the earliest and simplest methods used in model classifications among machine learning 

methods. kNN tags each of tagged samples according to the nearest neighbors in the data set. Therefore, it 

performance depends on distance calculations used in the calculation of nearest neighbors (Euclidean distance, 

Minkowski distance, Mahalanobis distance) [26]. 

RPART stands out as a powerful statistical tool in order to analyze the complex ecological data sets. 

One of the most important reason is that independent variables bear useful alternatives while modeling the non-

linear data interacting with each other [24]. Regression trees have been used in numerous ecological practices 

such as the relationship between the severity and frequency of forest fires [27]. 

RF is a learning algorithm that produces multiple classifiers instead of single classifier and later groups 

the new data (x) with the estimations (h (x, Ø_k), k = 1, ...). R statistical language [28] was used in the quadratic 

error measurements. In R software, the following software packages were used: “Random Forest” for RF, 

“kknn” for kNN calculations and “rpart” for RPART calculations. For the estimation, the70% of the measured 

data is used and the remaining data (30%) in validation. 

The accuracy of the estimations obtained via algorithms was tested by confusion matrices. P or PPV 

(accuracy), R or TPR (precision), V or F1 (weighterd mean of TPR and PPV) and Ac. (accuracy of 

classification) values were calculated through TN (True negative), FP (False positive), FN (False Negative) and 

TP (True Positive) which were determined by using real and estimated results in confusion matrices (Table 2). 
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Table 2: Confusion Matrix 

 PREDICTED CLASS 

POSITIVE NEGATIVE 

ACTUAL 

CLASS 

POSITIVE True positives (TP) Falsenegatives (FN) 

NEGATIVE Falsepositives (FP) True negatives (TN) 

 

4. Results 
As a result of the study, the carbon values (Table 3) obtained from the calculations with the 2011-2030 

management plan data belonging to Amasra-Arıt-Kurucaşile Forest Sub-district Directorate and carbon 

estimations made with machine learning algorithms for coniferous, broad-leaved, mixed and all stand types 

belonging to these regions are listed below (Table 4). 

As could be seen in Table 3, the current amount of carbon storage in the management plan (2011-2030) 

for each of three regions (Amasra-Arıt-Kurucaşile) is respectively 1073553 tons, 819590 tons and 1573495 tons. 

The greatest carbon storage is in Kurucaşile and Amasra region is of the largest forest land (11045 ha) while 

Kurucaşile is of a forest land of 9753 ha and Arıt has 8470 ha. 

 

Table 3: Carbon amounts calculated from biomass equations 

Region 

Aboveground 

Carbon 

Underground 

Carbon 

Total 

(ton) 

Carbon 

Sequestration 

in Hectare 

Amasra 862497 211056 1073553 97 

Arıt 649683 169906 819590 97 

Kurucaşile 1259349 314146 1573495 161 

TOTAL 2771529 695108 3466638 355 

 

As can be seen in Table 4, when taken into account all the stands, each of the three algorithms bear 

very close results (kNN and RPART 88.46% [V:84.21], RF 84.85% [V:82.30%]. The biggest difference among 

the algorithms occurs in mixed stands and the highest accuracy belongs to RF algorithm 78.95% (V:71.43%). 

While kNN algorithm gives the best results in broad-leaved and coniferous stands, RPART and RF algorithms 

have very close results. In coniferous stands, differences between algorithms are at almost similar rates (10%). 

RPART algorithm using the method of regression trees has similar or lower estimation values than RF algorithm 

using the multiple version of this method. It is thought that the reason why RF algorithm has more successful 

results especially in mixed stands stems from that multiple regression tree was formed with the area, number of 

trees and diameter variables and the neighboring relationship of coniferous and broad-leaved trees at various 

diameters was complex. This assumption is also supported by that kNN algorithm show better results in 

coniferous and broad-leaved stands and when considered all the stands and mixed stands, kNN algorithm results 

are of either lower estimation percentages or similar results. 

 

Table 4: Carbon estimation results obtained via machine learning algorithms 

Stand Type 
kNN RPART  RF  

P(%) R(%) V(%) Ac.(%) P(%) R(%) V(%) Ac.(%) P(%) R(%) V(%) Ac.(%) 

Coniferous 100.00 75.00 85.71 90.00 50.00 66.67 57.14 70.00 84.62 73.33 78.57 80.65 

Broad-leaved 98.75 100.00 99.37 98.77 89.28 80.65 84.75 88.89 80.49 80.49 80.49 86.89 

Mixed 25.00 100.00 40.00 53.85 45.52 39.61 40.35- 41.67 71.43 71.43 71.43 78.95 

All type 91.43 78.05 84.21 88.46 88.89 80.00 84.21 88.46 81.58 83.04 82.30 84.85 

Average 96.73 84.35 89.77 92.41 76.06 75.77 75.37 82.45 82.23 78.95 80.45 84.13 
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5. Conclusion and Recommendations 
It is an important issue to determine the carbon stored in forest ecosystems accurately and reliably in 

the framework of fight against global climate change. Forests absorb carbon dioxide from the atmosphere like 

oceans and store in their structures for a long period. With this aim, various methods have been developed in 

order to determine the stored carbon amount in stands. As the storage capacity could be determined via biomass 

equations for plant species in each region, the results can also be obtained from the several coefficients. In 

Turkish forestry system, coefficients are used by the Regulation on Ecosystem based Functional Forest 

Management Plans [29] and the practices in different disciplines also exist [30]. The calculation method with 

these coefficients produces more practical results in determining the carbon storage capacity in large areas.  

The biomass equations bear more realistic results than EFFMP method [26, 27], the results belonging 

to these equations were used in the estimations with machine learning algorithms. In management plans are used 

the stand size, number of trees and average diameter values on calculating with machine learning algorithms. 

So, no additional workload is required to estimate the carbon amount in present and future. When Table 4 is 

analyzed, it is seen that the algorithms such as kNN, also showing successful results in other branches of 

forestry [33, 34] could be used in the studies which do not require precise results for large spaces. We believe 

that in the prospective studies it would be also useful to test different machine learning algorithms such as SVM 

(Support Vector Machine), artificial neural networks and Naive Bayes for determining the carbon storage 

amounts. 
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