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Abstract—This paper presents the development and
application of a fuzzy inference system (FIS) to an
agent-based model of non-industrial private forest
owner (NIPFO) timber harvesting activity. The FIS
inputs and rules are developed based upon survey and
literature data on NIPFOs and agents are embedded
into a forested landscape similar to real conditions.
Model results indicate harvesting patterns similar to
what is actually observed. I argue that these encour-
aging results indicate the technique merits further
development.

I. Introduction

In heavily forested regions bioenergy produced using
woody biomass has the potential to be a significant part
of a renewable energy portfolio. Globally it is estimated
that by 2050 14 to 18% of the world’s energy could be
derived from woody biomass [1]. Despite this, it remains
unclear who will provide the necessary feedstocks [2].
Non-industrial private forest owners (NIFPOs) are one
possible source, but the current rate of timber harvesting
by NIPFOs is low [3]. One potential solution to this is the
use of policy interventions to encourage timber harvesting,
such as those that are used to support traditional log-
ging industries [4]. However, development of appropriate
policies is dependent in part upon an understanding of
NIPFO harvesting behavior. Given the timeframes asso-
ciated with tree growth, computer models are useful in
projecting timber harvests. Agent-based models (ABMs)
allow NIFPOs to be implemented as agents and embedded
in a virtual representation of a regional landscape to see
how they harvest their land. However, development of the
agent immediately begs the question, how should the agent
decision making be implemented?

Fuzzy logic offers one possibility for agent decision mak-
ing in the form of fuzzy inference systems (FIS) [5]. Since
its introduction by Zadeh [6] fuzzy logic has continued to
be formalized and is now a reasonable tool when vagueness
is involved [7]. The vagueness of descriptive language
by humans (e.g., “That tree is tall.”) is the basis of an
argument that humans may make use of fuzzy information
in their reasoning [8]. If this same logic is applied to ABMs
then a case can be made for the application of “computing
with words” [9]. Effectively, the nature of fuzzy logic

and FISs make them a good candidate for agent decision
making when vagueness is involved with reasoning.

Despite the promise of fuzzy logic and extensive work
on the decision making of agents in ABMs [10]–[13],
the use of FISs or fuzzy logic has remained surprisingly
limited. Early work, sometimes using the term “Fuzzy
Agent-based Model” (FAM), was encouraging with fuzzy
rules used to simulate agents on river trips [14], exploring
spatial perception and behavior [15], and modeling aircraft
evacuations [16]. However more recent work has been
sparse with limited examples of FIS in agents representing
organizations [17], conceptual work [18], and explorations
of dialog models [19]. One explanation for this may be
the ongoing debate over how simple or complicated ABMs
should be [20], where an FIS may be viewed as a more
complicated (or problematic) approach [21].

In the next section an FIS for NIFPO harvest decision
making is developed. Section III describes a simulation
framework which uses the FIS in an ABM. Section IV
presents the model results followed by discussion in Section
V where concerns from the literature are readdressed. The
paper concludes with Section VI where potential future
work is pointed out.

II. Fuzzy Inference System
Development of the FIS began with a literature search

to identify NIPFO surveys or interviews. Surveys are a
common means of eliciting information on why NIPFOs
own their forested land and how they manage it. They also
offer an good basis for fuzzy rules since a number of the
questions are formatted as Likert items [22] with responses
ranging from “Not Important” to “Very Important.” How
terms such as “Very Important” are defined can vary from
person to person, implying a vague concept suitable for
fuzzification.

The U.S. Forest Service’s National Woodland Owner
Survey (NWOS) [3], [23] was selected as the primary basis
of the FIS. Interviews of NIPFOs [24], [25] along with a
surveys of NIPFOs in and around the state of Michigan
[26], [27] were also selected to support the development
of the FIS. The NWOS is distributed to landowners in
the United States that have at least one acre of forested
land, although analysis is typically limited to ten acres or



TABLE I
Description of FIS input variables

Input Description

parcel The size of the NIPFOs parcel
CNC CLIM NIPFO’s concern about climate change
CNC FIRE NIPFO’s concern about wildfire
OBJ BEA How highly the NIPFO rates enjoyment of

natural beauty as an objective
OBJ NAT How highly the NIPFO rates protection of

nature or biological diversity as an objec-
tive

OBJ WIL How highly the NIPFO rates protection
or improvement of wildlife habitats as an
objective

OBJ TIM How highly the NIPFO rates timber pro-
duction is an objective

CUT LOG SALE Has the NIPFO previously harvested their
parcel?

CERT Does the NIPFO have a green certifica-
tion?

MAN PLAN Does the NIPFO have a forest manage-
ment plan?

more [23]. Since it is a national survey, the questions are
of a general nature regarding landowner concerns (e.g.,
wildfires), objectives for owning the land (e.g., timber
production), and how the forest is managed as opposed
to regional concerns.

A. Inputs
From the NWOS data and the literature a total of ten

inputs were identified, which are summarized in Table I
with terms given in Table II. The parcel input corresponds
to the number of forested acres in the NIPFO and is fuzzi-
fied using a trapezoidal membership function (Figure 1).
The terms for parcel were selected due to the literature
reflecting a clear bias towards harvesting by NIFPOs with
more than 100 acres [3], [23], [26] with patterns shift-
ing at about 50 acres. The objectives (i.e., OBJ BEA,
OBJ NAT , OBJ WIL, and OBJ TIM), and con-
cerns (i.e., CNC CLIM and CNC FIRE) are writ-
ten as Likert items making them ideal for fuzzification
using a triangular membership function (e.g., Figure 2).
The remaining inputs, CUT LOG SALE, CERT , and
MAN PLAN , correspond to yes/no questions on the
survey and were fuzzified using singletons (e.g., Figure 3).

B. Rules
Following identification and fuzzification of the inputs,

the rules shown in Listing 1 were developed using ex-
pert analysis and correlation with the literature. Rules 1
through 3 are based upon the size of the NIFPOs forested
land indicating that harvesting is likely as size increases.
Rule 4 was developed on the basis that NIPFOs are not
likely to harvest timber if they are concerned about climate
change. While the primary concern of the FIS is timber

TABLE II
FIS input terms

Input Terms

parcel small, medium, large

CNC CLIM no concern, of little concern,
moderate concern, concern,
great concern

CNC FIRE

OBJ BEA
not important, of little importance,
moderately important, important,
very important

OBJ NAT
OBJ WIL
OBJ TIM

CUT LOG SALE
yes, noCERT

MAN PLAN

Fig. 1. Membership for parcel sizes, in acres. Note that the chart is
truncated and values exceeding 100 are assigned the value large.

Fig. 2. Membership function for NIPFO objectives for ownership,
shown here for the OBJ TIM variable.

harvesting, if NIPFOs are concerned about wildfire they
may thin or harvest trees as, or in lieu of, fuel reduction
treatments [28]. Rule 6 indicates that if enjoyment of na-
ture is a major ownership objective, the owner is unlikely
to harvest. The OBJ BEA input and associated rule also
makes a good proxy for other ownership objectives such as
recreation and hunting, reducing the size of the rule set.
Rules 7 and 8 both relate to conservation objectives which



Listing 1
NIPFO agent rule set

RULE 1 : IF parcel IS small THEN result IS no;
RULE 2 : IF parcel IS medium THEN result IS maybe;
RULE 3 : IF parcel IS large THEN result IS yes;
RULE 4 : IF (CNC_CLIM IS concern) OR (CNC_CLIM IS great_concern) THEN result IS no;
RULE 5 : IF (CNC_FIRE IS concern) OR (CNC_FIRE IS great_concern) THEN result IS maybe;
RULE 6 : IF (OBJ_BEA IS important) OR (OBJ_BEA IS very_important) THEN result IS no;
RULE 7 : IF (OBJ_NAT IS important) OR (OBJ_NAT IS very_important) THEN result IS no;
RULE 8 : IF (OBJ_WIL IS important) OR (OBJ_WIL IS very_important) THEN result IS no;
RULE 9 : IF (OBJ_TIM IS important) OR (OBJ_TIM IS very_important) THEN result IS yes;
RULE 10 : IF CUT_LOG_SALE IS yes THEN result IS maybe;
RULE 11 : IF CERT IS yes THEN result IS yes;
RULE 12 : IF MAN_PLAN IS yes THEN result IS yes;

Fig. 3. Singleton membership function for yes/no survey responses,
shown here for the CERT variable

typically indicate the NIPFO is not willing to harvest.
Rule 9 weights the NIPFO saying that they are concerned
about timber production as indicating they are intending
to harvest. Since previous harvesting activity is a good,
but not definitive, indicator of future intent, rule 10 biases
towards harvesting. Finally, rules 11 and 12 are both based
upon yes/no responses indicating has a green certification
or forest management plan. Since these typically indicate
timber production, they are a good indicator that the
NIFPO will harvest in the future.

C. Output
The rules of the FIS only has one output variable, result

which has the terms ‘yes’, ‘no’, and ‘maybe’ (Figure 4).
When activated, rules are accumulated as a union using
the formula max(µA(x), µB(x)) where µA and µB are
membership functions for the sets A and B respectively.
To defuzzify the result into a crisp value, the standard
center of gravity defuzzifier is used.

D. Preparation of FIS Input Data
Since the basis of the FIS is the NWOS survey, it is

necessary to ensure that the simulation uses the survey
results as the basis of agent attributes. Algorithm 1 was

Fig. 4. Membership function for the output variable indicating the
NIPFOs likeliness to harvest

developed to process the original NWOS response data.
The algorithm works by eliminating irrelevant and invalid
data before binning data on the basis of the fuzzified
parcel term and survey response. A data clean-up step is
needed to ensure that an accurate frequency of responses
can be found. Likewise, some values such as ‘NA’ are
relabeled to ensure consistency between the Likert scales
used in the questions. After data clean-up, the frequency
of responses are turned into a cumulative sum of the
percentiles. These can then be used probabilistically to
determine the the value assigned to an NFIPO agent
during initialization (see Section III-B). Thus allowing the
actual survey response distributions to be used by the
NIPFO agents during model execution.

III. Simulation Framework
The simulation1 is built upon the ForestSim2 ABM

framework which is briefly described in [29]. The frame-
work is intended to be used in models of NIPFO inter-
actions with forested landscapes. As such is ideal for this

1Source code available at https://github.com/rjzupkoii/
FuzzyNIFPO

2Available at https://github.com/forestsim-mtu/forestsim



Algorithm 1 NWOS data processing algorithm
Input: Aggregate survey responses as matrix, data
Output: Matrix with processed results

Initial load and processing
1: Discard rows from data where frequency = 0
2: Discard rows from data where acreage ≤ 10

Survey response processing
3: Discard rows from data with invalid or missing survey

responses
4: Rescore ‘NA’ responses as ‘no concern’

Fuzzification of acreage
5: Add a parcel column to data with value ‘medium’
6: if acreage ≤ 40 then
7: parcel is ‘small’
8: else if acreage ≥ 100 then
9: parcel is ‘large’

10: end if
11: Delete acreage column from data

Calculate response distributions as a continuous sum
12: Delete irrelevant columns from data
13: Sort data rows by response in ascending order

Aggregate frequency on other unique row values in
data

14: for size in [‘small’, ‘medium’, ‘large’] do
15: total = sum of frequency where parcel = size
16: for each row where parcel = size do
17: frequency = frequency/total
18: frequency = frequency plus previous frequency
19: end for
20: end for
21: return data

simulation. ForestSim is written in Java and provides cus-
tomization though interfaces or abstract methods that are
invoked during model execution. Due to the use of Java,
jFuzzyLogic [30] was used to implement the FIS defined
in Section II using Fuzzy Control Language. In order to
use the ForestSim framework, the forested environment
needs to be defined along with agent (i.e., NIPFO) decision
making which we now describe.

A. Environment
The Western Upper Peninsula (WUP) of Michigan,

USA (see Figure 5), was selected as the basis for the
model’s environment. This region is ideal since it is heavily
forested [31] with approximately one third of forested land
owned by NIPFOs [32]. Parcel maps in the form of GIS
shapefiles were collected for the WUP counties of Baraga,
Gogebic, Houghton, Iron, Keweenaw, and Ontonagon. The
parcel maps were processed to ensure that plats had
private ownership and at least ten acres of forested land.
Forested land was identified based upon landcover data
from the 2011 National Land Cover Database (NLCD)
[33]. During model execution an agent will be assigned to
each of 23,362 plats in the final shapefile by ForestSim en-

Algorithm 2 NIPFO Agent Decision Method
Input: Matrix of labels and values, attitudes; reference

to FIS, fis
Load attitudes into fis

1: score = fis.evaluate()
2: if isNo(score) then
3: return
4: end if
5: if isMaybe(score) and random() ≤ score then
6: return
7: end if

Get a list of harvestable stands
8: if area of stands ≥ MINIMUM then
9: Request a harvest of stands

10: end if

suring results are spatially relevant and have distributions
consistent with the real world.

The forest model is based upon a whole-stand even-
aged growth model [34]. With this approach, each NLCD
pixel that is coded as forest or woody wetlands rep-
resents a stand of trees of the same species, age, and
size. Upon model initialization, forest stands are randomly
distributed using Perlin noise [35] and NLCD data. NLCD
pixel codes are used to identify the species of the stand
with Red Maple (Acre rubrum) and White Pine (Pinus
strobus) being selected due to their dominance in the
region [31]. The Perlin noise at the pixel is then used as the
basis of tree stand parameters (i.e., age, diameter at breast
height, and tree count) which are scaled based upon the
species and actual forests in the region [31]. The annual
growth of the stands then occurs based the mean growth
of the species with a 10% variance. In the event the stand
becomes over crowded, up to 10% of the trees present may
be removed simulating natural thinning.

B. Agent Decision Making
Implementation of the NIFPO agent in the simulation

requires the agent initialization and agent decision making
code be defined. Upon model initialization, agents are
sequentially created and assigned to each of the plats
defined in the shapefile (see Section III-A). Agents are
assigned attitudes, which correspond to the inputs of the
FIS, based upon the processed NWOS survey results (see
Section II-D). A uniformly distributed random number is
used to select the value based upon the bins defined for
the input. Agent decision making takes place when the
doHarvestOperation method is called by ForestSim each
time step of the simulation. When the method is called,
the agent executes Algorithm 2. Since the result of the
FIS is a crisp value, additional methods were written to
fuzzify the value. In the event of a ‘maybe’ response, the
crisp value is used to stochastically determine if the agent
will harvest. This is typical of ABMs and reflects natural
uncertainty. When the agent does harvest, a minimum of



Fig. 5. WUP region of Michigan, USA showing the parcels that were featured in the model.

ten acres of forests are required, the same as the minimum
forested plat size.

IV. Results
As shown by Figure 6 the number of harvested parcels

per time step (i.e., year) was quite low. Across the entire
simulation timespan, approximately 51.9% of the agents
conducted at least one harvest. Overall this compares quite
favorably to actual NWOS survey results since in any
given year a small minority of NIPFOs may harvest, while
overall about 46% of them will at some point [23]. The
overall trend of the plot is consistent with how ForestSim
gradually introduces agents into the model (approximately
450 per time step) to simulate changes in land tenure
which accounts for the gradual increase in harvesting over
time. Furthermore, the sawtooth pattern exhibited is also
characteristic of the cycle of tree growth and harvesting.

V. Discussion
Izquierdo et al. [21] argued that “the use of [fuzzy

logic] in Social Simulation should not be taken lightly.”

This statement bears consideration. As this paper demon-
strates, an FIS of NIPFO harvest decision making can
prove effective. However, the concerns of Izquierdo et
al. appear to be two fold: first, fuzzy sets apply precise
definitions to vague concepts; second, rule interpolation is
not a method of logical deductive inference. Both of these
concerns appear to be resolvable with proper development
and application of the fuzzy logic. With regards to the first
point, the FIS developed in this paper ultimately defers
to individual interpretations by making input set terms
the same as the Likert item labels where appropriate.
This allows the model to base agent attitude assignment
(see Section III-B) on patterns observed in the survey
data, thus preserving the vagueness of the individual
interpretations. The second point is more nuanced since
it effectively depends upon what are the objectives of a
model. When the goal is replicating observed behavior of
a large population, interpolation of fuzzy rules may be the
best approach. One reason for this is that the full extent of
individualized decision making may be impossible to fully
capture. However, fuzzy rules may allow the dominant,



Fig. 6. NIPFO harvest rates per year, mean over 100 runs.

generalizable, IF-THEN patterns to be used.
One issue with the development of the FIS that

Izquierdo et al. did not address is the availability of data.
Since NIFPOs are well studied, a sufficient amount of
data could be found to develop the FIS. In other cases
modelers may not be so fortunate. One possible way to
address the problem is to develop a survey to capture
the needed data. This presents its own challenges due
to the development, distribution, and collection of the
survey must take place before FIS development can take
place. Developing a survey, knowing it will be used for
an FIS, presents opportunities as well. One possibility is
to modify the survey questions to support responses as a
best estimate and associated uncertainty [36] leading to
the development of membership functions based upon the
responses.

Another intriguing aspect of an FIS based ABM, which
could also address scholarly concerns, is the use of the
participatory approach in developing the rules [37]. The
participatory approach engages with members of the ap-
plication domain (e.g., NIPFOs) to develop an appropriate
rule set. While this may present a higher barrier to the
development of the FIS, the resulting product could also
be of higher quality since rules not apparent from the
survey data may be developed. One potential issue with
this approach is that care needs to be used to ensure that
focus groups are properly balanced. For example, in the
case of NIPFOs, a robust selection of individuals that
harvest as well as those that do not would be needed.

Despite these issues, the results of the FIS developed
in this paper are encouraging. The techniques used open

agent decision making up for inspection and criticism
helping to address one of may reasons ABMs are accused
of being “black boxes” [38]. Furthermore, the availability
of tools such as jFuzzyLogic help to reduce programmatic
burden on modelers allowing them to focus on the model
itself as opposed to the underlying code. While there
remain issues such as data availability, these problems are
endemic to ABMs and should not be a barrier to the use
of fuzzy logic in agent decision making.

VI. Conclusions and Future Work
This paper presented the development of an FIS of

NIPFO harvest decision making for use in an ABM. When
agents using the FIS for decision making were embedded
into a virtual landscape, harvesting behavior consistent
with the real-world was observed. These results are en-
couraging for the further use of FIS in ABMs.

This technique offers rich opportunities for future work,
starting with the refinement of the FIS using survey data
from NIPFOs in the WUP. Increasing application of FIS to
ABMs also offers chances for methodological development
in the areas of participatory research and surveys as well.
A robust comparison of the use of FIS-based decision
making compared to common approaches in ABMs (ex.,
logistic regression) is warranted. Ultimately, members of
the social simulation community may also find that the
development FIS based ABMs offers rich opportunities for
novel research.
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