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Abstract: The aim of this study is to determine the optimum stock level in the forest. In this research, a goal pro-
gramming method was used to estimate the optimal stock level of different tree species considering environmental, 
economic and social issues. We consider multiple objectives in the process of decision-making to maximize car-
bon sequestration, net present value and labour. We used regression analysis to make a forest growth model and 
allometric functions for the quantification of carbon budget. Expected mean price is estimated using wood price 
and variable harvesting costs to determine the net present value of forest harvesting. The fuzzy analytic hierarchy 
process is applied to determine the weights of goals using questionnaires filled in by experts in order to generate the 
optimal stock level. According to the results of integrated goal programming approach and fuzzy analytic hierarchy 
processes, optimal volume for each species was calculated. The findings indicate that environmental, economic and 
social outcomes can be achieved in a multi-objective forestry program for the future forest management plans.
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Forest management is a complex issue concern-
ing several products and services provided by for-
est. Hence, in forest management decision-making, 
diverse criteria should be included for example 
economics, environmental and social topics. Most 
decision-makers involved in any kind of forest 
planning problem have a preferential construction 
to several decision-making criteria. Briefly, forest 
management is a problem where numerous criteria 
as well as several decision-makers are involved. The 
optimization problem underlying most real forest 
planning needs to be formulated within a multi-

criteria framework (Diaz-Balteiro, Romero 
2008). There is a number of techniques to integrate 
multiple objectives into forest management plan-
ning developments. Within a multi-criteria context 
Goal Programming (GP) is a generally used meth-
od for addressing forest management problems of 
constant nature. Although optimization methods 
like goal programming (GP) can convert rigid con-
straints into flexible ones by resorting to the goal 
implication, allowing also penalising contraven-
tions of the right-hand side figures (Diaz-Bal-
teiro et al. 2013). The use of GP models in forestry 
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was started in 1973 and it has been widely used for 
addressing multiple forest management problems 
(Diaz-Balteiro et al. 2008). 

Using GP, decision-makers try to attain the desir-
able goal levels as closely as possible by minimiz-
ing the deviations from the objectives while, at the 
same time, the influences of stakeholder precedence 
on the attainment of several aims can be explicitly 
examined. The analytic hierarchy process (AHP) 
(Saaty 1980) is a useful method that provides the 
capability to synthesize both qualitative and quan-
titative factors in decision-making and also that has 
been widely used as an effective tool or a weight es-
timation method in different cases (Vaidya, Kumar 
2006). The AHP resolves complex decisions by or-
ganizing the alternatives into a hierarchical frame-
work and it is also used to determine the weight or 
priority of the objectives in a multi-objective opti-
mization problem (Ho 2007). Researchers modified 
Saaty’s AHP to formulate and control uncertainty. 
On the other hand, the AHP method is mostly used 
in nearly crisp (non-fuzzy) decisions. Therefore, the 
AHP method does not take into account the un-
certainty associated with the mapping (Cheng et 
al. 1999). Avoiding these risks to performance, the 
fuzzy AHP, a fuzzy extension of AHP, was expanded 
to solve the hierarchical fuzzy problems.To deal with 
problems involving the vagueness of human think-
ing, Dr Lotfi Zadeh proposed a new theory in 1965 
called “Fuzzy Sets” (Chen 2005). The fuzzy set theo-
ry permits a gradual assessment of the membership 
of elements in a set; this is described with the aid 
of a membership function (Moradi, Mohammadi 
Limaei 2018). Fuzzy AHP is a multi-criteria deci-
sion-making method to specify the weights of the 
different goals in multipurpose forest management. 
There are many fuzzy AHP approaches suggested 
in the literature. These approaches are organized 
methods to the alternative selection and explanation 
of problems using the implication of fuzzy set model 
and hierarchical structure analysis (Haghighi et 
al. 2010). In this research, Chang’s extent analysis 
method (Chang 1996) was selected because of its 
comparatively easier approach in comparison with 
the other fuzzy AHP methods. In cases with both 
quantitative and qualitative criteria, combining 
fuzzy AHP and GP approaches can be useful for 
solving optimization problems. In addition, the use 
of fuzzy AHP in forest and its different methods and 
applications have been well defined (Vahidnia et al. 
2008). Chang and Boungiorno (1981) used GP 

to develop a multiple use forest management model 
for Nicolet National Forest in Wisconsin. They ap-
plied a preemptive GP (where goals are ranked by 
their importance and the higher ranked goals are 
achieved first followed by the lower ranked goals) 
without considering stakeholder preferences. Stirn 
(2006) integrated the fuzzy AHP with a dynamic 
programming approach for determining the opti-
mal forest management decisions so that he could 
maximize economic, ecological and social benefits. 
Results indicated that this method can be successful 
in problems where different criteria are involved in 
decision-making. There are some studies that dealt 
with AHP or fuzzy sets to model forest fire risk such 
as: Chuvieco, Congalton 1989; Vadrevu et al. 
2009; Sowmya, Somashekar 2010; Mahdavi et 
al. 2012; Zarekar et al. 2013; Atesoglu 2014; Es-
kandari et al. 2015. A GP model was used in land 
use planning and land allocation at a tactical level 
in Ramsar watershed, Iran. Results showed that it is 
feasible to extend the most valuable objectives such 
as maximizing of carbon sequestration, Net Present 
Value (NPV), stock, labours and minimizing of soil 
blowing (Samghabadi 2004). It was concluded in 
a study in Iranian Hyrcanian forests, based on the 
economic, social and environmental goals, that GP 
is an appropriate technique for multi-criteria pro-
gramming in forest management (Mohammadi 
Limaei et al. 2014). Following Diaz Balteiro and 
Romero (2008), GP has been widely used for ad-
dressing several forest resource management prob-
lems. Furthermore, GP was used for sustainable for-
est management in Spain. The goals of the model 
were maximization of NPV, yield volume and the 
stock (Diaz-Balteiro et al. 2013). One more ex-
ample is the GP model in Cuba that was used for 
timber harvest scheduling to achieve a stable age 
class dispensation of reforestation (Gomez et al. 
2006). Considering the importance of Hyrcanian 
forests and their correct management, it is neces-
sary to consider all aspects of management plans. 
Therefore, planning should be done according to 
multiple goals to increase quality and quantity. 
Conducted research in Iran has focused on one 
aspect so there is a lack of research considering 
several criteria. Hence the aim of this paper is to 
propose the optimum standing timber based on 
multi-criteria decision-making combined with the 
use of fuzzy AHP and GP approaches to help deci-
sion-makers towards tackling forest management 
problems.  
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MATERIAL AND METHODS

Data collection

The data for a model were taken from district No. 
9 at Shafaroud forests, Guilan province in northern 
Iran. The study area is situated between the east-
ern longitude of 48°51'–48°48' and the northern 
latitude of 37°30'–37°26' with the altitude ranging 
from 850 to 2,000 m a.s.l. and covers an area of  
2,382 ha (Fig. 1). 

The study area was inventoried using a systematic 
random method design within a 150 × 200 m grid 
including circular sample plots of 10 m2 in size. In 
each plot, variables such as diameter at breast height 
(DBH) of all trees with diameters larger than 7.5 cm, 
total height (m), the azimuth and distance of neigh-
bouring tree (m) were measured. Based on the col-
lected data, species numbers per hectare were calcu-
lated in each diameter class. Using the local tariff of 
Choka (Iran Wood and Paper Industries) for healthy 
species (positive volume table of Choka and num-

Fig. 1. Study area in the Shafaroud forest, Guilan province (district  No. 9)

https://www.agriculturejournals.cz/web/jfs/
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ber per hectare in each diameter class), the volume 
per hectare for each diameter class was determined 
(Bayat et al. 2014). Collected data for making the 
GP model were annual growth and stock of each 
species, carbon sequestration, price and cost of 
wood transportation, logging, and required labour 
to manage forest. Annual growth data was collected 
from previous research in order to determine the 
growth function (Bonyad 2005; Mohammadi et 
al. 2018). In addition, we used allometric equations 
to determine the sequestered carbon data (Kabi-
rin Koupaei 2009). In order to assign weights to 
the different goals to determine the limitations of 
the model, questionnaires were used. For this pur-
pose, relative importance of criteria, optimal volume 
of each species and harvesting were suggested and 
compared by 24 experts. Finally these question-
naires were analyzed by Expert Choice software (Ex-
pert Choice Inc.).

Data processing and analysis

Annual growth per hectare is supposed to be a 
function (f ) of the stock (Mohammadi Limaei 2006) 
as Eq. 1 below:

G = f (V)   (1)

where: 
G – growth (m3⋅ha–1),
V – stock level (m3⋅ha–1). 

Based on these values, regression analysis was used 
to evaluate the growth function. After that, optimum 
growth was calculated for each species (beech, horn-
beam, oak, alder and other species) using growth 
functions and optimum stock levels from the ques-
tionnaire. We first calculated the stand biomass in or-
der to estimate the carbon function, then 0.5 of stand 
dry weight is considered as the amount of aboveg-
round sequestered carbon (Snowdon et al. 2002). 
The useful model for biomass studies is in Eq. 2:

Y = a × DBHb (2)

where:
Y – total tree dry biomass at above ground, 
a, b – coefficients and they usually vary with species, 

stand age, location quality, climate and stand stock, 
DBH –  diameter at breast height as reported in Basker-

ville (1965). 

In this study, carbon sequestration was estimated 
by allometric equations (Yuste et al. 2005; Kabiri 
Koupaei 2009) (Table 1). After using regression 
analysis to estimate the carbon sequestration func-
tion, optimum carbon sequestration was calculated 
for each species. 

First of all, we derived the stumpage price data 
from the actual timber prices at forest roadside 
minus the harvesting costs in order to determine 
the expected mean price process. Then, the stump-
age price was adjusted or deflated by the consumer 
price index (CPI) of Iran for the base year 2017 
(Mohammadi Limaei et al. 2014). Then, after de-
termining the regression relation to estimate the 
expected mean price, values of parameters (α and 
β) were obtained. Finally, the estimated parameters 
were used to determine the expected mean price by 
Eq. 3 (Mohammadi Limaei 2011):

Peq= α/(1 – β)  (3)

where:
Peq  – expected mean price, 
α, β  – calculated parameters.

The minimum employment for harvesting of dif-
ferent species was obtained from the questionnaires.

After collecting the data of the questionnaires, 
the fuzzy AHP was used to specify the weights of 
the goals. The outlines of Chang’s extent analysis 
method on fuzzy AHP are explained as follows:

Let X = {x1, x2, …, xn} be an object set and G = {g1, 
g2, …, gn} be a goal set. According to Chang’s extent 
analysis, each object is taken and extent analysis for 
each goal gi is performed. Therefore, m extent anal-
ysis values for each object can be determined by the 
following steps: ,

Table 1. Allometric equations for species (Function  
Y = a × DBHb

)

Species a b Source
Beech 0.003 2.802 Kabiri Koupaei (2009)
Hornbeam 0.013 2.492 Kabiri Koupaei (2009)
Oak 0.0021 3.306 Yuste et al. (2005) 
Alder 0.000003 2.8805 Yuste et al. (2005) 
Other species 0.005 2.696 Kabiri Koupaei (2009)

Y – total tree dry biomass at above ground; a, b – coefficients 
and they usually vary with species, stand age, location quality, 
climate and stand stock, DBH – diameter at breast height 
as reported in Baskerville (1965)

https://www.agriculturejournals.cz/web/jfs/
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where all Mgi (j = 1, 2, 3, …, m) in equations are 
triangular fuzzy numbers (Haghighi et al. 2010).

 The steps of (Chang 1996) extent analysis can 
be given as follows:

Step 1: The value of fuzzy synthetic extent with 
respect to theobject is defined as Eq. 4

1
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Fig. 2. The intersection between M1 and M2 (Zhu et al. 1999)
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1

D

⊗

where: 
V (M2 ≥ M1) – bigness degree, 
M2 – first S, 
M1 –  secondary S, 
hgt – height of a fuzzy set.

Fig. 2 illustrates Eq. (9) where d is the ordinate 
of the highest intersection point D between μM1 and 
μM2 

to compare M1 and M2, we need both the values 
of V (M1 ≥ M2) and V (M2 ≥ M1).

Step 3: The degree of a possibility for a convex 
fuzzy number to be greater than k convex fuzzy  
Mi (i = 1, 2, k) numbers can be defined by 

V (M ≥ M1, M2, ..., Mk) = V ((M ≥ M1) and V (M ≥ 
M2) and ... and V (M ≥ Mk)) = min V (M ≥ Mi), i = (1, 
2, 3, …, k).

Then the weight vector is given by Eq. 10:

d’(Ai) = min V (Si ≥ SK ), k = 1, 2, …, n; k≠i.  (10)

where: S – successor function (fuzzy synthetic extent). 

Then the weight vector is given by Eq. (11):

W’ = (d’(A1), d’(A2), …, d’(An ))T  (11)

where: 
d’ – calculated from equation 10, (unnormalized value),
A1 = (i = 1, 2, ..., n) are n elements,
T – total objects.

Step 4: Via normalization, the normalized 
weight vectors are in Eq. 12:

W = (d(A1), d(A2), …, d(An ))T   (12)

where: 
W – nonfuzzy number,
d – normalized value.

Step 5: Determination of alternative final weight 
by Eq. 13:

https://www.agriculturejournals.cz/web/jfs/
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A1 = (A1 to C1 × C1 to GOAL)+(A1 to C2 × C2 to 
GOAL) + (A1 to C3 × C3  to GOAL) ….. +  
(A1 to Cn × Cn to GOAL)       (13)

where: 
n – number of criteria, 
A1 = (i = 1, 2, ..., n) are n elements,
C1 = (i = 1, 2, ..., n) are n elements,
GOAL – optimal value.

A decision-maker compares the criteria or al-
ternatives via linguistic terms shown in Table 2.

The goal programming model is an extension of 
the LP model to be able to take care of various goals 
and each of them has a value. Undesirable devia-
tions should be minimized in an achievement func-
tion. All of the included goals in the GP are handled 
in a similar way: indicated by the goal limitation 
(Mohammadi limaei et al. 2014).The included 
objective constraint contains objective variables 
that estimate the quantity by which the augmen-
tation of all actions to the target in question has 
a shortage and a surplus with respect to the goal 
level. The sum of the weighted deviations in the ob-
jective function of goal programming model should 
be minimized from all target levels. When goal 
variables are involved in a constraint, we avoid the 
problem of unfeasibility related to the constraint 
(Kangas et al. 2008). The GP objective Eq. 14 is as 
follows (Mohammadi limaei et al. 2014):

 (14)

where: 
di

– – underachieved deviation,
di

+  – overachieved deviation,
Wi – weight of each deviation from the target value.

A goal programming model has some limitations 
that include goal variables that measure the varia-
tion between goal levels and real results. The model 
(Eq. 15) below is the function of goal constraints 
(Buongiorno, Gilless 2003):

 (15)

where:
xj – jth decision variable,
aij – contribution to target i per unit of action j,
bi – level of achieve to target i,
G – measured numerical value to target i. 

Variables of the objective fill the gap between 
the goal levels. Other limitations may exist of the 
typical linear program variety (Buongiorno, Gil-
less 2003); see Eq. 16:

 (16)

where:
xi – ith decision variable,
aij – contribution to target i per unit of action j,
gi – calculating the aim of goal i, of which there are G 
and xj di

–, di
+ >= 0.

When the primary constraint or inequality is 
higher than a quantity, the negative deviation is in-
serted in the equation. Then it is written on the left 
side of the function and the inequality is changed to 
equality. In contrast, when the original constraint 
is lower than a quantity, the positive deviation is re-
duced from the left side of the function (Moham-
madi limaei et al. 2014). The optimum volume 
was specified using prior functions (12 to 14). First 
of all, we determined limitations and the positive 
or negative deviation from the goals. In this study, 
there is not any positive deviation from the goal. 
For the next step, we minimized the negative de-
viations from the goal to determine the objective 
function (Mohammadi limaei et al. 2014).

Therefore, objective and constraint functions of 
the goal programming model are determined be-
low by Eq. 17:

   (17)
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Definitions
All the definitions which are needed to under-

stand the model in Eq. 17 are presented below:
d– – negative deviation from goal value, w – weight 

given to each unit of deviation, j – 1 to 10: total stock, 
beech stock, hornbeam stock, oak stock, alder stock, 

other species stock, sequestered carbon, growth, la-
bour and NPV]; i – 1 to 5: indicates decision variables 
such as beech, hornbeam, oak, alder and other spe-
cies]; gT, gVi, gC, gG, gL, gNPV – minimum total feasible 
stock (m3⋅ha–1), minimum feasible stock of each spe-
cies, carbon sequestration (t⋅ha–1), growth per hect-
are, labour and NPV (EUR⋅ha–1); a, b, m, n –  coef-
ficients of sequestered carbon, growth, labour and 
NPV; dT, dVi, dC, dG, dL, dNPV – negative deviation of 
total stock, n.d. of each species species stock; n.d. of 
carbon sequestration, n.d. of growth, negative devia-
tion of labor, negative deviation of NPV.

Finally we solved the GP model consisting of ob-
jective function and constraints using the LINGO 
software (Version 12.0, Lindo system).

RESULTS AND DISCUSSION

Results from regression analysis show that the 
logarithmic and polynomial equations are the best 
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Fig. 3. Regression analysis between annual volume growth (m3⋅ha–1) and stock in beech (a), hornbeam (b), oak (c), alder (d), 
other species (e) (m3⋅ha–1)
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Fig. 4. Regression analysis between sequestered carbon and stock in beech (a), hornbeam (b), oak (c), alder (d), other 
species (e) 

Table 3. Growth equations

Species Function R2

Beech Y = 0.6287 ln(X) – 1.284 0.92
Hornbeam Y = 0.3479 ln(X) – 0.5916 0.91
Oak Y = 0.096 ln(X) – 0.0115 0.90
Alder Y = –0.0005X2 + 0.0328X + 0.0038 0.95
Other species Y = 0.0007X2 + 0.0494X + 0.0787 0.89

Y = average growth (m3⋅ha–1⋅a–1, X = stock (m3⋅ha–1).

by the allometric function for each species (Fig. 4 
and Table 4). Results of regression analysis indicate 
that all of the functions are reliable to estimate car-
bon sequestration (R2 = 0.99).

Table 5 shows the values of expected mean prices 
and parameters of the regression analysis which 
were calculated using Equation (2) at the signifi-
cance level of 0.05.

The fuzzy comparison matrices are prepared 
with the help of questionnaire. The fuzzy compari-

Table 4. Estimated functions of carbon sequestration for 
different species

Name of species Function R2

Beech Y = 0.2527X 0.99
Hornbeam Y = 0.3134X 0.99
Oak Y = 0.7356X 0.92
Alder Y = 0.2509X 0.92
Other species Y = 0.3655X 0.99

Table 5. Expected mean price and estimated parameters 
of each species

Name of species

Estimated parameters

a b P-value
Expected 

mean price
(EUR/m3)

Beech 163.222 0.755 0.0152 66.6212
Hornbeam 51.633 0.894 0.0631 33.7025
Oak 166.926 0.623 0.0051 44.2775
Alder 161.074 0.719 0.0114 57.3217
Other species 131.654 0.719 0.0235 46.8520
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Table 7. The fuzzy comparison matrix of species criteria

Beech Hornbeam Oak Alder Other species
Beech (1,1,1) (3,4,5) (3,4,5) (2,3,4) (1,2,3)
Hornbeam (1/5,1/4.1/3) (1,1,1) (2,3,4) (2,3,4) (1,2,3)
Oak (1/5,1/4.1/3) (1/4,1/3.1/2) (1,1,1) (1,2,3) (2,3,4)
Alder (1/4,1/3.1/2) (1/4,1/3.1/2) (1/3,1/2.1) (1,1,1) (2,3,4)
Other species (1/3,1/2.1) (1/3,1/2.1) (1/4,1/3.1/2) (1/4,1/3.1/2) (1,1,1)

Table 8. The values of coefficients in GP model

i Species name a b m n
1 Beech 269.533 8.371 61 7931.098
2 Hornbeam 313.889 13.721 61 4012.206
3 Oak 729.607 8.517 61 5271.125
4 Alder 238.329 22.786 61 6824.013
5 Other species 360.011 31.262 61 5577.614

a – coefficient of sequestrated carbon, b – coefficient of growth, 
m – coefficient of labour, n – coefficient of NPV

Table 9. The value of goals and weights based on questionnaire and fuzzy AHP method

j g (m3⋅ha–1) w j g (m3⋅ha–1) w
Total volume 408 0.2446 Other species volume 20.4 0.1135
Beech volume 256.2 0.4130 Sequestered carbon (t⋅ha–1) 128783.16 0.2675
Hornbeam volume 61.2 0.2006 Growth (m3⋅ha–1) 4509.834 0.2446
Oak volume 40.8 0.1243 Labour 25000 0.1829
Alder volume 20.4 0.1485 NPV (EUR⋅ha–1) 281692.937 0.3050

j – criteria, g – minimum feasible stock, w – weight of each deviation, NPV – net present value

son matrices of criteria with calculated weights are 
shown in Tables 6 and 7. These calculations can be 
performed easily using Excel Sheet.

Results of Table 6 show the ranking of economic, 
environmental and social goals based on expert 
knowledge in questionnaires.

The ranking of various species based on expert 
knowledge is shown in Table 7. The parameter val-
ues of constraints are shown in Table 8.
models for predicting the growth function (Fig. 3 
and Table 3).

The relationship between carbon sequestration 
(t⋅ha–1) (Y) and the stock (m3⋅ha–1) (X) was shown 
The optimal values in respect of the questionnaire 

Table 6. The fuzzy comparison matrix of management criteria (NPV – net present value)

Growth (m3⋅ha–1) NPV
Carbon sequestration 

(t⋅ha–1)
Labour

Growth (1,1,1) (1,2,3) (1/3,1/2,1) (1/3,1/2,1)
NPV (1/3,1/2,1) (1,1,1) (1,2,3) (1,2,3)
Carbon (1,2,3) (1/3,1/2,1) (1,1,1) (2,3,4)
Labour (1,2,3) (1/3,1/2,1) (1/4,1/3,1/2) (1,1,1)

and fuzzy AHP are shown in Table 9. NPV and 
beech volume have the highest value for manage-
ment and ranking of species criteria. In contrast, 
social criterion (labour) has the lowest ranking.

Table 10 shows the results of the solution to the 
GP model where DVT, DB, DH, DO, DA and DOS are 
negative deviations of total stock, beech, horn-
beam, oak, alder and other species. DC, DG, DL 
and DNPV are negative deviations of carbon se-
questration, growth, laboor and NPV. The results 
show that the optimal stock of beech, hornbeam, 
alder and other species is 256.2, 61.2, 20.4 and  
20.4 m3⋅ha –1, respectively. Because their negative 
deviations are zero and it means that they have 
quite achieved the goal. Table 10 shows that the 
negative deviations of NPV, labour, growth, oak 
stock and total stock are 8189.396, 782.67, 923.74 
per hectare, 1.99 and 10.99 m3⋅ha-1 respectively. 
These constraints meet the objectives with adding 
the deviations. Results also show that the carbon 
sequestration has not any deviation. 

Accordingly, the total optimal yield stock from 
the achieved result is 397.005 m3⋅ha–1. There-
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fore we fully achieve the goals related to the opti-
mal harvest stock of beech, hornbeam, alder and 
other species. However, for the oak, the optimum 
goal programming method presents a deviation 
with consideration of the primary optimal values. 
Hence, the goal programming model estimates the 
optimal value of different criteria to reach sustain-
able forest harvesting.

This research is performed in order to compute 
the optimum volume by GP based on the fuzzy 
AHP method for attaining sustainable forest man-
agement in Iranian Hyrcanian forests. Mohamma-
di Limaei et al. (2014) used a goal programming 
technique to determine the optimal harvest volume 
for the Iranian Caspian forest. They calculated se-
questered carbon, growth and mean price. Their 
results indicated that the optimum volumes of spe-
cies were 250.25 m3⋅ha–1 for beech, 59 m3⋅ha–1 for 
hornbeam, 73 m3⋅ha–1 for oak, 41 m3⋅ha–1 for alder, 
and 32 m3⋅ha–1 for other species. The total opti-
mum volume was 455.25 m3⋅ha–1. There is some 
similarity between the results of their research and 
this paper. However, the method to determine the 
constraints and the equation coefficients of the 

goal programming model was different in these 
two researches. They used a questionnaire only to 
determine the weights of goals whereas in this re-
search the fuzzy AHP is applied in order to gen-
erate the optimal stock level. Diaz-Balteiro et 
al. (2013) used a GP model to define the optimum 
forest management regarding carbon sequestration 
in Spain. The goal of that model was to maximize 
NPV, harvested volume control, area control at dif-
ferent ages and final volume. Hence, there is some 
similarity between the results of their model and 
this research. 

Ostadhashemi et al. (2014) developed an op-
timal sustainable forest plantation based on goal 
programming and AHP methods in the Iranian 
Caspian forest. Results showed that using math-
ematical modelling provided a more logical set of 
consequences compared to using ecological model-
ling. In addition, the ability to change the weighting 
of the variables in mathematical equations allowed 
decision-makers to choose the best solution. The 
results from this study are in line with the results 
of our research. 

CONCLUSION

In this study we tried to determine the optimal com-
bination for multi-purpose management using fuzzy 
AHP and goal programming approaches with consid-
ering economic, environmental and social goals.

A GP model is the most extensively used method 
for dealing with persistent issues to resolve multi-ob-
jective problems in management. It is also necessary 
to mention that the goal programming model allows 
fining out the contrast between the various criteria in 
the decision-making systems. Briefly, this approach is 
a tactic for decision aids in forest management con-
cerning sustainability. These findings indicate that 
we can achieve economic, environmental and social 
outcomes in a multi-objective forestry program for 
the future forest management plans. Hence, given 
the significance of commercial species in the north-
ern forests of Iran, the threat of species extinction is 
imminent. Making the necessary predictions is nec-
essary in management plans to maintain these spe-
cies. Nowadays, there are many risks like the levels 
of decline, pests and diseases, livestock in the forest 
and so on that threaten Hyrcanian forests in north-
ern Iran. Besides these reasons, climatic changes 
may turn into a threat and be a threat to their exis-

Table 10. Results of GP model

Variable Value Reduced Cost
DVT 10.99464 0.000000
DB 0.000000 11.85468
DH 0.000000 114.2278
DO 1.994640 0.000000
DA 0.000000 505.2847
DOS 0.000000 464.4562
DC 0.000000 0.5317411
DG 923.7415 0.000000
DL 782.6730 0.000000
DNPV 8189.396 0.000000
X1 256.2000 0.000000
X2 61.20000 0.000000
X3 38.80536 0.000000
X4 20.40000 0.000000
X5 20.40000 0.000000

DVT – negative deviation of total stock, DB – negative deviation 
of beech, DH – n.d. of hornbeam, DO – n.d. of oak, DA – n.d. of 
alder, DOS – n.d. of other species,  DC – n.d. of carbon seques-
tration, DG – n.d. of growth, DL – n.d. of labor, DNPV – n.d. of 
NPV, X1 – optimal stock of beech, X2 – optimal stock of horn-
beam, X3 – optimal stock of oak, X4 – optimal stock of alder,  
X5 – optimal stock of other species, NPV – net present value
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tence. An increase in global temperatures, long-term 
droughts, and reduced precipitation are among the 
climate change risks. It is recommended that the ef-
fect of climate changes be taken into account in cli-
mate change strategies and management plans should 
have enough flexibility while facing these threats in 
determining the long-term strategies and manage-
ment plans. Among these measures is the possibil-
ity of decreasing or increasing levels and volume of 
harvesting, increasing levels of afforestation, genetic 
storage, and scion production capacity, and preparing 
for dealing with pests, diseases and so on.
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