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ABSTRACT
The forestry sector is constantly looking for ways for making data-driven decisions and improving 
efficiency. The application of Data Envelopment Analysis (DEA) and Stochastic Frontier Analysis (SFA) 
allow the users to go beyond looking at simple key performance indicators. Benchmarking is one of the 
most common tools in business for improving efficiency and competitiveness. This study searched for 
benchmarking studies in Web of Science until December 2020. It reviewed 56 benchmarking studies in 
forestry and discusses the potential advantages of using benchmarking in forestry. More than 80% of the 
studies apply DEA. This review found that almost half of the benchmarking studies in forestry have 
attempted to estimate the efficiency of forest management organizations at regional scale, mostly being 
public or state-owned forest districts. A bit more than one-third of the studies have focused on bench-
marking forest industries and one-fifth, benchmarking of forest operations. Forest management organiza-
tions mainly applied benchmarking for internal comparison and forest industries entirely focused on 
competitive benchmarking. Surprisingly, in most cases the studies do not necessarily overlap geographi-
cally with forest rich countries (e.g., Russian Federation or Brazil). A number of studies address multiple 
criteria. The future potential for applying automatic data transfer from harvest machines to interactive 
benchmarking systems are discussed. Finally, the paper discusses the advantages and weaknesses of 
benchmarking and future research on improving usefulness and usability of benchmarking in forest 
businesses.
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Introduction

Improving performance and efficiency is a fundamental goal 
across all sectorss including forestry. Traditionally, key perfor-
mance indicators (KPIs) have been applied in the forestry 
sector to track business performance and efficiency (Rafiei 
et al. 2014; Proto and Zimbalatti 2016). Depending on the 
goal, specific KPIs are often expressed as the ratio of an output 
to an input where naturally the higher KPI the better. Each KPI 
is then a partial measure of performance. However, KPIs have 
limitations because they are based on several explicit assump-
tions, e.g., input and output can be scaled proportionally (i.e., 
constant returns-to-scale). This means that production does 
not depend on the size of the production unit, and that a small 
production unit can generate the same income per unit pro-
duced as do larger units. Furthermore, KPIs usually do not 
capture relationships associated with the substitution of inputs 
and outputs. In order to address this limitation of KPIs, other 
benchmarking approaches have been developed. In modern 
benchmarking the two main approaches are Data 
Envelopment Analysis (DEA) and Stochastic Frontier 
Analysis (SFA). DEA has the advantage that it is non- 
parametric, it does not require a functional form specification 

and it is easy to compute using linear programming. 
Furthermore, it directly allows for learning from dominating 
peers. SFA usually requires a parametric functional form spe-
cification and distributional assumptions on the noise and 
inefficiency term, but has the advantage that it naturally han-
dles noise in the data (Kumbhakar and Lovell 2003; Bogetoft 
and Otto 2011). The potential of such applications of bench-
marking has so far merely been discussed in the research 
community (Aalmo and Baardsen 2015; Wang et al. 2019; 
Obi and Visser 2020; Aalmo et al. 2020).

The main aim of this paper is to review the applications of 
DEA and SFA for benchmarking in the forestry sector. Earlier 
literature reviews on their applications can be found in 
Salehirad and Sowlati (2005) and Sowlati (2005). Since then 
a number of studies applying SFA and DEA in the forestry 
sector have been published. The review is followed by 
a discussion of the potential for operators, machine owners 
and forest owners to make use of the vast amount of data 
modern harvesters store from harvest operations for bench-
marking. However, most often benchmarking analysis is made 
on a static data set not allowing for more frequent updating of 
the data which forms the production set (Agrell and Bogetoft 
2017). Therefore, we discuss the potential of automated data 

CONTACT Niels Strange nst@ifro.ku.dk Department of Food and Resource Economics, University of Copenhagen, Rolighedsvej 23, Copenhagen 1958, Denmark
Supplemental data for this article can be accessed on the publisher’s website.

INTERNATIONAL JOURNAL OF FOREST ENGINEERING 
2021, VOL. 32, NO. S1, 87–96 
https://doi.org/10.1080/14942119.2021.1914809

© 2021 The Author(s). Published with license by Taylor & Francis Group, LLC. 
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License (http://creativecommons.org/licenses/by-nc-nd/4.0/), 
which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited, and is not altered, transformed, or built upon in any way.



capture from machines, online monitoring of productivity and 
interactive benchmarking as a tool for improving productivity 
in forest operations.

Benchmarking with DEA and SFA

Benchmarking has been applied as a management tool to 
improve performance by identifying and applying best docu-
mented practices. Managers compare the performance of their 
respective organizations, products and processes externally 
with competitors and best-in-class companies and internally 
with other operations within their own firms that perform 
similar activities.

In contrast to KPI’s, the starting point of benchmarking is 
the “production process” describing the physical relationship 
between resources (called “inputs”) and products/outcomes 
(called “outputs”). The granularity of this specification can be 
very high (i.e. all inputs contribute in production of all out-
puts), but can also be more refined e.g., (i) one can specify 
different sub-processes with their own process-specific inputs, 
shared inputs and (intermediate) outputs; (ii) one can specify 
an output-specific production process for every output with its 
own output-specific inputs and joint inputs. The granularity of 
this specification mostly depends on the information available 
to the analyst, who also needs to consider a sufficient level of 
discrimination (Dyson et al. 2001).

Together, the inputs and outputs form a production set on 
which a number of plausible assumptions in the form of math-
ematical axioms are postulated. Together with the observations, 
these assumptions serve to approximate the production set. The 
efficient frontier of the defined production set represents all the 
“technically efficient” input-output combinations. This frontier 
gives the maximal outputs that can be produced for some given 
underlying inputs, or the minimum input required to produce 
a given output (Bogetoft 2012, p. 8). One of the first DEA models 
(named DEA-CCR), suggested by Charnes et al. (1978) assumes 
a constant returns to scale between inputs and outputs. A second 
and frequently applied model is the DEA-BCC model, which 
assumes variable returns to scale (Banker et al. 1984). Often 
technical efficiency from DEA-CCR and DEA-BCC models are 
applied to estimate the scale inefficiency due to increasing or 
decreasing returns to scale (Cooper et al. 2000). The actual 
benchmarking is done by comparing the observation under 
evaluation against the efficient frontier by measuring the dis-
tance between the evaluated observation and the frontier using 
a distance function. Depending on the specification, this distance 
function effectively gauges for potential improvements in (i) 
inputs keeping outputs constant, (ii) outputs keeping inputs 
constant or (iii) both. Approximation of the specific production 
set can be done using either DEA or SFA. Productivity may 
change over time and to capture such changes in efficiency 
analysis the most popular method has been the Malmquist 
index, which measures how much a firm improves from one 
period to the next (Färe et al. 1994).

Materials and methods

Drawing upon the literature and practice of systematic reviews 
in social sciences (Gough et al. 2012; Petticrew and Roberts 

2012), a systematic review methodology was applied to identify 
and collect relevant studies. The systematic review process 
consisted of identification of scope of the review and research 
questions, development of the search strategy, literature search 
and selection of relevant publications and data extraction and 
synthesis. The scoping focused on identifying all applications 
of DEA and SFA studies in forestry. Based on this we devel-
oped a search for relevant DEA and SFA studies in Web of 
Science (December 2020) using Term Searched = TS = ((forest* 
OR wood OR sawmill OR “wood industr*“ OR “forest sector*“) 
AND (”stochastic frontier analysis” OR SFA OR DEA OR ”data 
envelopment analysis”)) as keywords. This stage of the search 
revealed 360 references, and we extracted a final set of refer-
ences by excluding conference proceedings, theoretical or 
methods papers without case applications, and papers men-
tioning DEA or SFA studies but not implementing an efficiency 
analysis on a forestry relevant case. We synthesized these 
studies’ by their general characteristics, country case, metho-
dological approaches and data. Furthermore, the studies were 
assigned a benchmarking type according to whether they were 
performance, process or strategic benchmarking, and if they 
were applied for internal or competitive benchmarking 
(Andersen and Pettersen 1996, p. 7). Performance benchmark-
ing determines how well a company compares to others. 
Process benchmarking is a comparison of methods and prac-
tices to learn and improve a company’s processes. Strategic 
benchmarking is a comparison of the strategic choices and 
disposition made by other companies to improve 
a company’s own strategic planning. Internal benchmarking 
is a comparison within the same company or organization, and 
competitive benchmarking compares a company with compe-
titors (ibid.).

Results

The final selection included 56 studies that were classified as to 
whether they applied DEA, SFA or both, together with a brief 
description of the subject they analyzed. Furthermore, we 
noted the returns to scale assumptions of the model (technol-
ogy), efficiency measures, benchmarking types, inputs, outputs, 
country case, and data sources (see Figure 1 and 
Supplementary Information Table S1).

Case countries and focus area of the benchmarking

We identified the case countries and categorized the studies 
according to the focus area of the benchmarking.

DEA and SFA studies in forestry have been conducted in 
many countries. However, the most numerous investigations 
have been applied in United States, Canada, Taiwan, China, 
and Norway. The results indicate that the applications of 
benchmarking approaches such as DEA and SFA in forestry 
are concentrated on a few countries (Table 1). Most of the 
studies, like Kao and Yang (1991) and LeBel (1996) verify the 
viability of DEA within forestry. The study subjects range from 
the operational assessment of forest workers’ performance to 
the efficiency of sawmills and forest management organiza-
tions. These studies use DEA or SFA as methods to measure 
efficiency and establish a foundation for comparison. The 
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efficiency assessment becomes the first step for subsequent 
analysis. Examples include the identification of potential mer-
gers (Bogetoft et al. 2003), the identification of scale efficiency 
(Nyrud and Bergseng 2002) and statistical analysis and verifi-
cation (Viitala and Hänninen 1998). To be able to better 
distinguish between these studies, they have been categorized 
according to the subjects they address, which is the efficiency 
estimation of three main focus areas: benchmarking of forest 
management organizations, benchmarking of forest industries, 
and benchmarking of forest operations (Figure 1, panel A). 
More than 46% of the 56 studies attempted to estimate the 
efficiency of forest management organizations, with the major-
ity addressing public or state-owned forest districts (Korkmaz 
2011; Lin and Ge 2019; Zadmirzaei et al. 2019). A relative large 
number of studies (36%) have investigated the application of 

DEA within the forest industry. These studies have been con-
ducted in a highly competitive environment, with marginal 
profit margins (Salehirad and Sowlati 2005). The primary 
focus of these studies was the productivity of individual pulp 
and paper plants and sawmills that produced a range of differ-
ent products. For such reasons a narrow focus on input and 
outputs, which best describe a cost efficient production, was 
applied. For example Yin (1998) investigated the application of 
DEA to measure the productivity efficiency of 44 mills. This 
study found that most of the mills were technically efficient, 
but not allocative efficient. Similar performance studies were 
conducted by Nyrud and Bergseng (2002) and Nyrud and 
Baardsen (2003), each using DEA as a part of an analysis to 
estimate productivity growth in technical and scale efficiency 
over multiple periods for a large number of sawmills. Finally, 

Figure 1. Distribution of the 56 reviewed studies according to focus of the benchmarking (panel A), benchmarking with DEA, SFA or both (panel B), type of efficiency 
measure (panel C), ratio between number of Decision Making Units (DMUs) and three times the sum of input and output variables (panel D), and internal versus 
competetive benchmarking studies (Andersen and Pettersen 1996) according to focus of the benchmarking (panel E).
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a study conducted by Penfield et al. (2014) combined DEA 
analysis with a survey of 15 sawmills, where the DEA was used 
to verify the results of the questionnaire. Approximately 18% of 
the 56 studies estimated the efficiency of operational forest 
management and logging. A few studies have applied DEA to 
investigate forest contractors’ efficiency (LeBel 1996; Obi and 
Visser 2018). LeBel (1996) made a very comprehensive study of 
23 competing logging contractors, applying DEA to evaluate 
annual performance over 6 years. They also studied the factors 
determining efficiency, like how local conditions affected pro-
ductivity. Šporčić et al. (2009b) applied DEA to research the 
maintenance of 13 mechanized forestry units that executed 
forest operations in the Croatian State Forest. They assessed 
the mechanized units’ efficiency to operate when waste (waste 
tyres, solid waste, and waste oil) from the mechanized units 
was taken into account, along with financial measures. Their 
results show potential for the different mechanized units to 
minimize waste compared to the best performers. They con-
cluded that DEA was applicable in a context where the ecolo-
gical and financial efficiency of organizational units were 
aggregated. This approach could be used as the first part of 
a process to identify the best performing units, while another 
conclusion was that the method was highly sensitive to outliers 
and that DEA can identify best performance, but not provide 
the answers. More than 81% of the 56 studies applied DEA, 
14% SFA, and the remaining 5% both approaches for studying 
efficiency (Figure 1, panel B).

Efficiency measures

The focus of the majority of the studies is on evaluating 
technical efficiency (Figure 1, panel C). Almost 20 studies 
investigated scale efficiency (Viitala and Hänninen 1998; Yin 
1998, 2000; Nyrud and Bergseng 2002; Bogetoft et al. 2003; 
Salehirad and Sowlati 2005). For example, Kao and Yang 

(1991) estimated the technical and scale efficiency of 13 
national forest districts based on their ability to produce 
wood, their recreational value and their ability to prevent soil 
erosion. They showed that, by disaggregating efficiency into 
technical and scale efficiency, forest managers can identify 
inefficiency and propose policies that improve efficiency of 
the forest districts. Martinic et al. (2009) conducted a similar 
study using a much larger dataset. The authors grouped the 
forest offices by basic structural characteristics, like region, 
number of hectares and growing stock. Results showed clear 
differences between technical and scale efficiency amongst 
groupings. Shiba (1997) also conducted a technical efficiency 
study of a forest owners association. The author made three 
partial models, each using several combinations of inputs and 
outputs, to test their effect on efficiency score. This study 
concluded that a key component in DEA is to choose the 
right inputs and outputs that best describe efficiency, and that 
DEA allows for the identification of Decision Making Units 
(DMUs) with the highest efficiency scores to gain further 
information about how to achieve the same performance. 
The same conclusions were reached by Korkmaz (2011) by 
applying three partial models, and a fourth model that included 
all inputs and outputs. Viitala and Hänninen (1998) conducted 
similar studies of 19 public forestry boards within the same 
organization. Because the managers in each forestry board 
could allocate resources freely to each input, the estimation of 
efficiency and scale efficiency where done so that each input 
that was specified in costs and regarded as an activity had its 
own efficiency and scale efficiency score. Their conclusion was 
that because of increasing returns to scale, it would be feasible 
to merge some of the units to improve efficiency. Furthermore, 
they concluded that DEA proved useful but that it is prone to 
extreme values, so that verification of results is necessary. 
Similar studies assessing organizational efficiency and scale 
efficiency for eventual merger propositions based on increasing 
returns to scale were done by Kao and Yang (1991). Bogetoft 
et al. (2003) estimated the technical efficiency of 14 private 
forests cooperatives. Their efficiency assessment led them to 
propose a potential merger of specific districts based upon 
further decomposition of the efficiency measure, so that 
increases in efficiency can be based upon changes in returns 
to scale, technology and increased knowledge about the 
organization.

LeBel (1996) applied cost information for the input and 
could compute the cost efficiency. Other studies that consid-
ered contractors applied SFA to estimate technical efficiency, 
such as Aalmo and Baardsen (2015) and Bonds and Hughes 
(2007). Aalmo and Baardsen (2015) conducted an operational 
study that used the SFA approach to estimate the technical 
efficiency of 11 harvesting crews, to identify sources of ineffi-
ciency among environmental parameters such as terrain 
roughness, steepness, weather conditions and snow-depth 
that influenced the productivity of steep terrain harvesting. 
Their conclusion was that the SFA method could be success-
fully applied to measure inefficiencies in these logging opera-
tions. Carter and Cubbage (1995) conducted a related study 
where SFA was used to estimate technical efficiency and 
sources of inefficiency within the Southern U.S. pulpwood 
timber harvesting industry by assessing efficiency of forest 

Table 1. Rank, countries/regions, records, and percentage of the 56 forestry 
relevant DEA and SFA records found in Web of Science (December 2020).

Rank Countries/Regions
Number of 

studies
% of 56 
records

1 USA 8 14.3
2 TAIWAN 7 12.5
3 CANADA 6 10.7
3 CHINA 6 10.7
4 IRAN 4 7.1
5 NEW ZEALAND 3 5.4
5 NORWAY 3 5.4
6 CROATIA 2 3.6
6 FINLAND 2 3.6
6 JAPAN 2 3.6
6 GLOBAL 2 3.6
7 22 EUROPEAN COUNTRIES (SLOVAKIA IS 

CASE COUNTRY)
1 1.8

7 CROATIA AND SLOVENIA 1 1.8
7 DENMARK 1 1.8
7 EU 1 1.8
7 ITALY 1 1.8
7 NORTH AMERICA 1 1.8
7 POLAND 1 1.8
7 SLOVAKIA 1 1.8
7 SLOVENIA 1 1.8
7 SPAIN 1 1.8
7 TURKEY 1 1.8

Total 56 100.0
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contractors on a crew level. In the forest management organi-
zation studies where the efficiency of forest districts was 
assessed, technical efficiency was the main efficiency measure 
applied, one example is the study by Šporčić (2009a). In studies 
assessing the efficiency of individual sawmills, technical effi-
ciency was the main efficiency measure applied (Nyrud and 
Bergseng 2002; Penfield et al. 2014). Yin (1998, 2000) were able 
to obtain technical and cost information to decompose effi-
ciency into technical and allocative efficiency. As such, these 
studies were able to estimate the cost and allocative efficiency 
of different sawmills. We found it is rather common to apply 
panel data to study productivity change over time. More than 
16 studies estimate and compare the efficiency scores of several 
years or periods (Nyrud and Bergseng 2002; Bogetoft et al. 
2003; Nyrud and Baardsen 2003; Vahid and Sowlati 2007; 
Helvoigt and Adams 2008, 2009; Kao 2013; Zadmirzaei et al. 
2015; Obi and Visser 2017a; Xiong et al. 2018; Zhang et al. 
2018; Kropivšek and Grošelj 2019; Shahi and Dia 2019; Wang 
et al. 2019; Chen et al. 2020; Toma et al. 2020). Six studies 
applied Malmquist indices to evaluate the changes in produc-
tivity over time (Kao 2000; Sowlati and Vahid 2006; Salehirad 
and Sowlati 2007; Lin and Ge 2019; Kropivšek et al. 2019; Obi 
and Visser 2020). To reduce the risk of using extreme values 
from a particular year some studies use data from several years 
to estimate average values (Kovalčík 2018, 2020).

Returns to scale

Depending on the scope of the intended research, studies in the 
forestry sector have proposed different approaches for applying 
DEA and SFA. All of the DEA studies applied the Constant 
Returns to Scale (CRS) and Variable Returns to Scale (VRS) 
technologies, with the exception of Shiba (1997) and Penfield 
et al. (2014), which only applied one of them. The efficiency 
measures produced by the CRS and VRS technologies are often 
compared in the studies and different types of sensitivity ana-
lyses are conducted to verify and compare the efficiency from 
these two technologies, as in Bogetoft et al. (2003). The choice 
of scale assumption is crucial in setting up a model.

Choice of DMUs and inputs and outputs

As mentioned by Bogetoft (2012), a major issue to consider 
when applying DEA is the choice of DMUs and appropriate 
inputs and outputs. These must have relevance and the DMU 
should have a certain managerial control. An example of this is 
Viitala and Hänninen (1998), where each manager on the 
forest board could distribute resources freely amongst activities 
(outputs). In this example, each forest board is regarded as 
a DMU. The same can be seen in the sawmill studies, where 
each sawmill is considered a DMU (Yin 1998). Another com-
mon approach is to pool data for the same districts or units 
over a number of years, so the number of DMUs increases 
(Diaz-Balteiro et al. 2006; Kovalčík 2020; Gutiérrez and Lozano 
2020). Bogetoft et al. (2003) and LeBel (1996) pooled data over 
3 and 6 years, respectively, so that a contractor’s annual per-
formance represented a DMU. While there is no fixed rule, an 
often encountered rule-of-thumb is that the number of DMUs 
relative to 3 times the sum of input and output variables should 

be at least 1 (Dyson et al. 2001). It was found that more than 
72% of the studies complied with this criterion (Figure 1, 
panel D).

Benchmarking categories

According to the classification developed by Andersen and 
Pettersen (1996), every study can be categorized as perfor-
mance benchmarking because they all assess efficiency, to 
identify the best performers. Studies of the sawmill industry 
can be categorized as competitive benchmarking, as data from 
several companies was included in each study. It was not 
possible to categorize any of the studies as process benchmark-
ing or strategic benchmarking. The majority (81%) of forest 
management organization studies can be characterized as 
internal benchmarking, because the different units are com-
pared within the same organization (Figure 1, panel E). All 
studies concerned government or public organizations, with 
the exception of Bogetoft et al. (2003), which investigated 
a private cooperative. Data used in these forest management 
organizations studies was mostly obtained directly from forest 
bureaus and district offices (Shiba 1997; Kao 2000; Korkmaz 
2011). LeBel's (1996) study of forest contractors can be char-
acterized as competitor benchmarking. Besides the assessment 
of performance, field inspections were conducted to assess 
equipment and the working process, like the sorting of timber. 
According to Andersen and Pettersen (1996) framework, this 
study could potentially also be categorized as process bench-
marking. All benchmarking studies of forest industries were 
assessed as competitive. Benchmarking studies on forest opera-
tions were assessed as 40% internal and 60% competitive 
(Figure 1, panel E).

Information sources

Data applied in the forest management organization studies 
was primarily based on data from forest districts, while the 
forest industrial studies mainly applied data from national 
statistics (Yin 1998; Nyrud and Baardsen 2003), consultancies 
or directly from sawmills (Penfield et al. 2014). The data 
obtained for the forest contractors came from harvest opera-
tions. The number of inputs and outputs ranged from two to 
more than nine. Data entered as cost or revenues or biophysical 
quantities (e.g., volume of forest various forest products, 
volume stock, numbers of workers). A limited number of 
studies include environmental variables which may affect pro-
ductivity (Aalmo and Baardsen 2015; Aalmo et al. 2020) (see 
Supplementary Information Table S1).

Discussion

General discussion of review results

Focus of the benchmarking studies
The forestry sector strives for increased efficiency in produc-
tion and environmental performance. It is crucial for the sector 
that it is continuously able to increase competitiveness with 
reduced costs and lower environmental impacts. One approach 
to understand what drives production efficiency is applying 
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advanced benchmarking. The current study reviews the appli-
cations of Data Envelopment Analysis and Stochastic Frontier 
Analysis in forestry. More than 81% of the studies apply DEA 
only, 5% apply SFA only, and 14% both DEA and SFA. 
Therefore, the scope of this discussion is mainly focused on 
DEA. We found that the majority of studies (about half) have 
investigated the efficiency of forest management organizations 
at a regional or national scale with the main part addressing 
public or state-owned forest districts. More than one-third of 
the studies focused on benchmarking forest industries and one 
fifth benchmarked forest operations. This may also reflect that 
benchmarking is one of the most common tools applied by 
business for comparing their competitiveness and making 
strategic decisions about organizational development (Bain & 
Company 2018). We found that the number of studies focusing 
on internal benchmarking was comparable to the number of 
studies focusing on competitive benchmarking, but it varied 
between three categories of focus areas of benchmarking. 
Forest management organization studies addressed internal 
benchmarking more frequently in evaluating the performance 
within their organization or company. Benchmarking of forest 
industries was often framed as competitive benchmarking, as 
data from several companies was included in each study. 
Internal benchmarking is useful for initiating a process of 
identifying, sharing, and using the knowledge and practices 
inside an organization and to learn how the organization may 
improve its performance (O’Dell and Grayson 1998). 
Competitive (external) benchmarking is important for man-
agers and boards to compare the performance of their respec-
tive organizations with competitors and best-in-class 
companies. Selection criteria for when to implement either 
have been discussed by Southard and Parente (2007).

DEA and SFA applications in forestry compared to other 
domains
We found 56 applications of DEA or SFA in the forestry 
domain. However, a similar Web of Science search, which 
only included the search term TS = (“stochastic frontier ana-
lysis“ OR SFA OR DEA OR ”data envelopment analysis”) 
resulted in 33,113 records. The major categories included 
operations research and management science (4657 records), 
economics (4268 records), management (4107 records) and 
environmental science (2565 records). This may indicate that 
benchmarking studies within the forestry sector are less fre-
quent than in other sectors and research domains.

We found 56 studies, which complied with our inclusion 
criteria. However, a total of 96 studies (of 33,113 records) in 
Web of Science, which use the terms of stochastic frontier 
analysis, data envelopment analysis, SFA OR DEA have been 
classified as belonging to the forestry research field. The differ-
ence is mainly caused by the inclusion criteria that the study 
should include an application of DEA or SFA on forest-related 
data. Not surprisingly, research fields such as business eco-
nomics (25.8%), engineering (17.3%), operations research 
management science (14.2%), and computer science (9.5%) 
dominate the literature. Interestingly, agriculture represents 
6% of all studies compared to only 0.3% presenting evaluations 
in forestry. A recent study on dynamic DEA found that most 
studies address efficiency analysis in the agriculture and 

farming sector, followed by banking and energy sectors 
(Mariz et al. 2018). This may indicate that the uptake of 
modern benchmarking may also be higher in the agricultural 
sector than in the forestry sector. Examples document that 
benchmarking has been applied extensively in agricultural 
practice. One such example is the UK Farm Business Survey 
(farmbusinessurvey.co.uk) which provides online information 
on the physical and economic performance of farm businesses 
in England and Wales. Farmbench (ahdb.org.uk/farmbench) is 
another online tool which farmers can anonymously sign up to 
and compare key performance indicators (KPI) with neighbor-
ing, local or national farmers.

Geographical distribution of studies in forestry and other 
domains
The geographical distribution of the 33,113 records is pre-
sented in Table 2. Comparing this with Table 1 we see overlaps 
with some countries, e.g. United States, China, Canada, and 
Iran. However, it is also clear that some continents and a lot of 
countries are not covered in the forestry literature. Missing 
countries include, e.g., the Russian Federation and Brazil, 
which account for more than 32% of the world’s forest (FAO 
2020) and a forestry sector, which is important for their 
national economies. This could also indicate a mismatch 
between supply of benchmarking studies and demand for 
improving efficiency analysis in the forestry sector. Such geo-
graphical mismatches have been studied in other research 
domains, e.g. climate change (Pasgaard and Strange 2013; 
Pasgaard et al. 2015). It should be noted that the Web of 
Science country classification is based on a search in the affilia-
tion field. This means for some of the records the author 
addresses may not reflect the case country of the research. 
However, all 56 applications of DEA or SFA in forestry did 
include author addresses from the case country. We applied 
English search terms, which may cause a language bias and lead 
to an underestimation of publication written in non-English 
languages.

Identifying relevant input, output, and environmental 
variables

The studies presented a large range of input and output vari-
ables as well as environmental variables. Selecting the best 
possible variables and aggregation of data may be facilitated 
through discussions with various stakeholders who understand 
the relevance of various decision-making units (DMUs) and 
the production process one wants to model. Expert knowledge 
may also be necessary to select potential useful variables for the 
benchmarking analysis. DMUs can be identified at multiple 
levels: from a highly aggregated level (e.g., harvester operator 
organization) to a very low level (e.g., individual harvester 
operators). Furthermore, the DMUs must be comparable in 
the sense that they perform similar tasks and transform the 
same types of inputs to the same types of outputs, cf. also 
Golany and Roll (1989).

Ideally, the selection of input and output variables should 
characterize the technology, which describes the production. 
However, sometimes the criteria for the selection of inputs and 
outputs are primarily based on availability of data in databases 
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and relevant literature (Obi and Visser 2017b). Bogetoft (2012) 
recommends that the selection should be comprehensive and 
suggest organizing the variables into a hierarchy, where higher 
at the top we have the overall inputs and outputs level variables 
reflecting the properties of lower level ones. If only lower level 
variables are available, one should assure that all facets of the 
overall variables are taken into account when selecting candi-
date variables. Generally, the studies apply inputs (e.g., labor, 
machine time, fuel) which represent the resources used in the 
production process and outputs (e.g., cubic meters of harvested 
wood of different assortments) which represent the resulting 
outcomes. The underlying assumption is that more inputs lead 
to more outputs and thus a positive correlation between inputs 
and outputs. Environmental variables (e.g., terrain ruggedness 
(Aalmo et al. 2020)) represent operating conditions that 
directly affect the production process, but which are beyond 
the control of the DMUs. In the modeling, environmental 
variables can sometimes be dealt with as non-controllable 
inputs (if this facilitates the production) or outputs (if they 
complicate the production), while in other cases one must 
specifically account for these environmental conditions via 
the potential peer units such that DMUs are only benchmarked 
against other DMUs operating in similar or worse environ-
ments. Related studies have applied DEA to investigate the 
environmental efficiency of the forestry sector, recognizing 
that forest production also involves the production of environ-
mental externalities (Lin and Ge 2019).

There are a number of issues to consider in the selection of 
variables: (i) the number of variables relative to the number of 
DMUs; (ii) factor measurement and (iii) correlation of vari-
ables. The first issue is particularly relevant in DEA. If the 
number of inputs and outputs is large relative to the number 
of DMUs then DEA may lose discriminatory power. We found 
when applying a rule of thumb that the ratio between number 

of DMUs and 3 times the sum of inputs and outputs should be 
higher than 1 (Dyson et al. 2001), that more than 72% of the 
studies did meet this criteria. If the ratio is smaller than 1 the 
risk is that the discriminatory power is too small. Some of the 
studies suggest alternative procedures to overcome too few 
DMUs, e.g., by using overlapping windows of data and window 
analysis (Helvoigt and Adams 2008; Kropivšek and Grošelj 
2019). A number of studies emphasized the need to ensure 
a sufficient number of DMUs compared to the number of input 
and output variables (Diaz-Balteiro et al. 2006; Šporčić et al. 
2009a). The second issue is that one must be careful not to mix 
indices, percentages, or ratios with absolute numbers. 
Improper mixing can result in incorrect efficiency results. All 
studies complied with this criteria except Kropivšek and 
Grošelj (2019) which uses leverage and liquidity ratios mixed 
with e.g. size of assets, capital, number of employees, net sales, 
gross profit, and gross value added. Third, in an effort to reduce 
the number of variables in order to increase discriminatory 
power one might be tempted to remove highly correlated 
inputs (outputs). Dyson et al. (2001) warn against this practice 
as removing highly correlated inputs (outputs) can substan-
tially alter the efficiency analysis. One can only safely remove 
one of two highly correlated inputs (outputs) if one is a scalar 
multiple of the other.

Selection of DEA models

An important property of a benchmarking approach is its 
ability to reflect and respect the characteristics of the technol-
ogy that we aim at modeling (Bogetoft 2012). One weakness of 
DEA is that it does not include any statistical tests to help the 
user to select the most appropriate model. Use of stakeholders 
and expert knowledge may be insufficient to select the most 
robust models. It is generally recommended to use a flexible 

Table 2. Rank, countries/regions, records, and percentage of all DEA and SFA records found in Web of Science (December 2020).

Rank ‘Countries/Regions Records % of 33,113 Rank ‘Countries/Regions Records % of 33,113 Rank ‘Countries/Regions Records % of 33,113

1 PEOPLES R CHINA 7109 21.469 26 SWITZERLAND 299 0,903 50 SLOVENIA 95 0,287
2 USA 5937 17.930 27 AUSTRIA 297 0,897 51 ARGENTINA 89 0,269
3 IRAN 1997 6.031 28 DENMARK 277 0,837 52 U ARAB EMIRATES 88 0,266
4 SPAIN 1885 5.693 29 NORWAY 272 0,821 53 COLOMBIA 85 0,257
5 ENGLAND 1774 5.357 30 SLOVAKIA 269 0,812 54 WALES 82 0,248
6 TAIWAN 1509 4.557 31 RUSSIA 231 0,698 55 BANGLADESH 81 0,245
7 GERMANY 1380 4.168 32 SINGAPORE 226 0,683 56 HUNGARY 80 0,242
8 JAPAN 1302 3.932 33 NEW ZEALAND 205 0,619 57 OMAN 75 0,226
9 CANADA 1216 3.672 34 SOUTH AFRICA 200 0.604 58 JORDAN 69 0.208
10 ITALY 1154 3.485 35 THAILAND 171 0.516 59 UKRAINE 61 0.184
11 FRANCE 1117 3.373 36 SERBIA 164 0.495 60 NIGERIA 60 0.181
12 INDIA 1045 3.156 37 VIETNAM 163 0.492 61 GHANA 55 0.166
13 AUSTRALIA 984 2.972 38 IRELAND 160 0.483 62 ICELAND 52 0.157
14 TURKEY 921 2.781 39 ROMANIA 159 0.480 63 NORTH IRELAND 52 0.157
15 SOUTH KOREA 916 2.766 40 MEXICO 157 0.474 64 PERU 41 0.124
16 BRAZIL 885 2.673 41 SCOTLAND 156 0.471 65 PHILIPPINES 37 0.112
17 POLAND 636 1.921 42 ISRAEL 154 0.465 66 IRAQ 36 0.109
18 NETHERLANDS 623 1.881 43 PAKISTAN 153 0.462 67 ALGERIA 31 0.094
19 CZECH REPUBLIC 599 1.809 44 TUNISIA 144 0.435 68 BULGARIA 29 0.088
20 MALAYSIA 580 1.752 45 CROATIA 134 0.405 69 BOSNIA HERCEG 27 0.082
21 PORTUGAL 557 1.682 46 CHILE 129 0.390 69 CYPRUS 27 0.082
22 GREECE 525 1.585 47 INDONESIA 121 0.365 70 MOROCCO 26 0.079
23 BELGIUM 519 1.567 48 SAUDI ARABIA 120 0.362 71 KENYA 25 0.075
24 SWEDEN 386 1.166 49 EGYPT 116 0.350 71 LUXEMBOURG 25 0.075
25 FINLAND 321 0.969 50 LITHUANIA 112 0.338 72 LATVIA 23 0.069
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model in the sense that its structure can adapt to data, and cope 
with changes in the number of variables and range sizes 
(including procedures for excluding outliers), covariance 
between input variables or output variables (Smith 1997). 
Several accompanying methods have been developed to assist 
in the identification of more robust models. They include the 
F-tests, Principal Component Analysis, regression-based tests 
and bootstrapping approaches which are applied to evaluate 
the inclusion and exclusion of input/output variables (Pastor 
et al. 2002). Others point at applying probabilistic/combinator-
ial approaches that provide DEA efficiency scores which are 
robust against the selection of inputs/outputs to be included in 
the model (Landete et al. 2017). None of the studies included in 
this review report selection procedures and test for robustness.

Potential for making benchmarking useful in forestry

This review revealed that the majority of studies used data from 
either public statistics, reports from forest or company offices, 
surveys or field plots and harvest operations. While this type of 
analysis allows the analyst to investigate a range of operational, 
tactical or strategic decisions, the analysis is based on historical 
and potentially outdated information. Furthermore, the studies 
rarely involve industrial partners or report any stakeholder 
interaction. Only a few examples of the reviewed studies involve 
authors with affiliations from the private sector parties, e.g., 
consultancies (Helvoigt and Adams 2008, 2009) or the bank 
sector (Zhang et al. 2018). Reviewing the 56 studies only 
revealed that Obi and Visser (2017a, 2017b, 2018, 2020), Shahi 
and Dia (2019), Aalmo and Baardsen (2015), and Gutiérrez and 
Lozano (2020) discuss how their studies could provide some 
useful decision support to forest companies, forest industries 
policymakers, and general industry stakeholders involved in the 
measurement and overall improvement of performance. This 
may indicate that DEA and SFA studies are mainly prepared by 
specialists with high technological skills. Even though most 
managers have experience with key performance indicators, 
DEA and SFA may be difficult to comprehend and implement 
for managers. The potential gain from using benchmarking is 
then constrained by both applying outdated information and 
users/decision makers having insufficient technical and theore-
tical knowledge to run the analysis on their own. However, 
taking benchmarking to the next level, the forestry sector may 
benefit significantly from developing software solutions which 
combine state-of-the-art benchmarking methods with an easy 
and intuitive user interface (Bogetoft 2012). Digital and techno-
logical progress has created new opportunities for the forestry 
sector (Müller et al. 2019). Today data on harvested volumes, 
assortment and tree species distributions, log sizes, fuel con-
sumption and other types of information are stored by on board 
computers in harvesters. Data that are highly relevant for char-
acterizing the productivity (Olivera et al. 2016) of forest opera-
tions. Transmission of such data to databases may allow for day- 
to-day benchmarking analysis of forest operations, a daily com-
parison of performance against past operations. Such data cap-
ture and integration with modern benchmarking software 
would make it possible to create learning labs for the machine 
operator or owner who can explore operational, tactical and 
strategic decisions (Bogetoft 2012). They could serve as online 

monitoring and interactive learning tools and allow the user to 
explore various features of a firm (Post and Spronk 1999; 
Bogetoft et al. 2006). Interactive benchmarking would allow 
the user to ask a lot of what-if questions. This may include 
selecting and testing various data sets, the KPIs of the firm, 
choosing a model and deciding who to be compared to, identi-
fying peers in the sector or inside the firm, evaluating dynamic 
development over time, and extracting reports which may form 
part of the information needed to make long-term strategic 
decisions. Comparisons to other sectors, e.g., agriculture, and 
observations of tremendous gains across sectors in efficiency 
due to digitization document large potentials for advancing 
modern benchmarking in the forestry sector.

Another potential future application of benchmarking may be 
to facilitate incentive provision. The operator may also be the 
machine owner, however often the machine owner may have 
several operators in the team or sub-contract with other machine 
owners. Even if a benchmarking proves that efficiency gains 
could be obtained by the machine operators and this informa-
tion is part of the operational plan, there are no guarantees that 
the operators will follow the plan. The operators involved in the 
plan must also have incentives to implement it, and the incen-
tives must be attractive enough to make the operators partici-
pate. The benchmarking literature describes this relationship 
between the benchmarking model and the motivational aspect 
as either implicit or explicit. An implicit or informal relationship 
is found when the mere existence of a model improves behavior 
because performance now receives more attention in the minds 
of the operators. A more explicit and formalized relationship is 
found when the payment to an operator is made a direct func-
tion of the benchmarking results (Bogetoft 2012). Benchmarking 
and so-called yardstick competition has been suggested for reg-
ulating such asymmetric incentive structures (Agrell et al. 2005, 
2007), mostly for regulating large monopolistic companies. 
However, it may be relevant for future work to address how 
this and other benchmarking approaches could be applied for 
increasing competition and efficiency within and between orga-
nizations or firms in the forestry sector.

Conclusion

The efficiency of the forestry sector has increased for the last 50 
years, mainly as a result of technological development and 
mechanization of processes. Benchmarking may be an impor-
tant part of exploring new opportunities for increasing effi-
ciency in the forestry sector. This review found that almost half 
of the benchmarking studies in forestry have attempted to 
estimate the efficiency of forest management organizations at 
a regional scale, mostly being public or state-owned forest 
districts. A bit more than one-third of the studies have focused 
on benchmarking forest industries and one-fifth benchmark-
ing of forest operations. Surprisingly, the studies are in most 
cases not geographically overlapping with forest rich countries. 
We also found that almost half of the studies evaluate the 
productivity change over time. Most often, the productivity 
data is based on annual reports or longer periods (months to 
several years). We suggest that the forestry sector may benefit 
further from the potential advantages of digitalization and use 
of interactive benchmarking based on frequently updated 
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performance data automatically captured from harvesters and 
forwarders. The challenge is to establish incentives and make 
the benchmarking tools user-friendly and interesting learning 
labs for the potential users in the forestry sector.
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