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ABSTRACT
This paper uses Data Envelopment Analysis (DEA) to evaluate how the technical efficiency of forest 
harvesting operations is influenced by terrain conditions and forest attributes, in addition to exploring 
the existence of other influencing factors. To this end, 643 shift-level observations of harvesting opera
tions on 253 distinct harvested sites were used. The aim of this study is to highlight the harvester’s ability 
to maximize the outputs, represented by the number of assortments for various tree species, given inputs 
such as harvest volume, harvest time for various tree species, and distance traveled by the harvester. 
Operational environment variables such as harvest, or decision-making unit (DMU) size, shape, and terrain 
characteristics were included. We found large variations in efficiency scores, and that inefficient harvest 
operations could theoretically be improved by reducing input by up to ca. 80%. A second stage regression 
estimation was applied to identify which factors significantly affected inefficiency. It was found that the 
inefficiency decreases with increasing stem-volume for pine and broadleaves, increasing stand density, 
and increasing share of pulpwood and non-marketable timber, while it increases with the number of logs 
produced per tree (in broadleaves). Inefficiency increases also with an increasing ratio of actual travel 
distance to minimal travel distance. The study shows how adopting DEA methods in forest operations 
might be used in combining efficiency analysis and environmental factors, by identifying and measuring 
inefficiency due to, for example, difficult terrain.
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Introduction

Forests represent one of Europe’s most important renewable 
resources, providing multiple benefits to economies and 
society. EU priorities in this sector are to promote sustainable 
and equitable forest management to reduce poverty, increase 
the use of sustainably produced wood and other forest pro
ducts, and meet international environmental obligations 
(European Commission 2013). At the same time the sector is 
expected to ensure access to valuable resources and sustain the 
competitiveness of the industries that depend on forests and 
forest products (Piotrowski et al. 2016). Efficient forest harvest
ing is crucial in enabling a sustainable timber value chain. Over 
the past 50 years, time and motion studies have been carried 
out with the aim of improving efficiency and competitiveness 
of mechanized harvesting operations. Opportunities for ratio
nalization are continuously being sought, as modern timber 
harvesting is an economically marginal process requiring rela
tively high capital investment (Hiesl and Benjamin 2013) in 
producing low value commodities. These studies have there
fore looked into a range of factors that might improve produc
tivity, including technical machine adaptations (Jundén et al. 
2013; Ortiz Morales et al. 2014; Ziesak and Strydom 2014; 
Lindroos et al. 2015), the effects of stem volume and stand 
density (Plamondon and Pitt 2013; Spinelli and Magagnotti 

2013; Strandgard et al. 2013), the effect of terrain slope 
(Stampfer and Steinmüller 2001; Alam et al. 2013; Visser and 
Stampfer 2015), the selection of assortments and bucking pat
terns (Räisänen and Nurmi 2014; Labelle et al. 2017), the 
sequencing of harvest sites in terms of product availability 
(Öhman and Lämås 2003; Shahi and Pulkki 2015), product 
destination (Bergdahl et al. 2003), and seasonality of harvest 
(Karlsson et al. 2004), or simply in minimizing effective work 
time losses when relocating between work sites (Talbot and 
Suadicani 2015).

The provision of larger datasets and key performance indica
tors (KPI) for performance analyses in harvesting operations is 
possible nowadays thanks to technical developments facilitating 
the transmission or remote collection of standardized forest 
machine and communications data, StanForD (Arlinger et al. 
2012). In Scandinavia alone, the high percentage of mechanized 
cut-to-length (CTL) operations and mean stem volumes of 
roughly 0.3 m3 at final harvest imply that data from some 
hundreds of millions of trees are recorded in StanForD files 
each year. These provide a considerable basis for the in-depth 
analysis of harvesting operations, providing the forestry sector 
with the potential for a significant knowledge gain (Baardsen 
et al. 2009). Widespread automated data collection and analysis 
may not only be useful for improving the understanding of the 
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multi-dimensional aspects of efficiency. Real-time estimation of 
efficiency scores and feed-back of benchmarking reports to the 
operator may contribute to increased learning and behavioral 
change of operators which may feed forward to a further 
increase in overall performance (Astrup et al. 2018). A number 
of studies have applied StanForD generated data to describe cut- 
to-length machine productivity (Palander et al. 2013; Strandgard 
et al. 2013; Eriksson and Lindroos 2014; Walsh and Strandgard 
2014; Manner et al. 2016; Olivera et al. 2016; Brewer et al. 2018). 
Productivity is conventionally analyzed using multiple regres
sion techniques.

A more general case including multiple inputs and multi
ple outputs requires the use of simultaneous equations which 
are fitted to the input-output data. This may be a rather 
complex process, assigning weights to aggregate the outputs 
or to aggregate the inputs (Thanassoulis 1993). Furthermore, 
regression analysis may impose strong functional form 
restrictions. An example of such an assumption is that the 
input and output can be scaled proportionally (i.e. constant 
returns-to-scale). Non-parametric approaches such as Data 
Envelopment Analysis (DEA) allows for various scale 
assumption, whether input–output relations are constant, 
increasing, decreasing, or variable to scale. Another problem 
with traditional KPIs is that they do not capture relation
ships related to the substitution of inputs and outputs. This 
means that it is often impossible to perform well on multiple 
KPIs. Thus, these partial benchmarks may create misleading 
comparisons by ignoring the interaction between production 
factors (Bogetoft 2012).

Benchmarking methods such as DEA and Stochastic 
Frontier Analysis (SFA) have been applied to study how multi
ple factors may influence machine and systems productivity 
and efficiency (Lebel 1996), both in terms of technical and 
allocative efficiency (Farrell 1957). Despite the popularity of 
these methods within management literature (Lebel et al. 
1999), they have been less frequently applied in forest opera
tions research. A search for relevant DEA and SFA studies in 
Web of Science (October 2018) using “dea,” “sfa,” “efficiency,” 
and ”benchmarking” as keywords, revealed 48 references. 
Excluding conference proceedings, reviews, methods papers 
without case applications, and papers mentioning DEA or 
SFA studies but not implementing an efficiency analysis, the 
search resulted in 18 studies. DEA and SFA have generally been 
used to assess the efficiency of forestry organizations or wood 
and paper industries as a whole (Lebel and Stuart 1998; 
Baardsen et al. 2009). Only a few studies have applied DEA 
to assess the efficiency of harvest operations (Aalmo and 
Baardsen 2015; Obi and Visser 2017a, 2017b).

The current study applied DEA to quantify the efficiency of 
harvesting operations. We applied data from 253 distinct phy
sical harvested sites in Norway, constituting 643 shift-level 
observations to quantify how inefficiency is influenced by 
forest attributes (tree species and species mixes, stocking den
sity, tree sizes, defects), harvest site topography (terrain rug
gedness, mean slope, and stand shape) and operational 
parameters (driving distances within the stand, number of 
assortments produced, manual overriding in bucking). 
Previous studies (Obi and Visser 2017b) quantify the efficiency 
of harvest operations from various environmental conditions 

(e.g. topography). The current study modifies the DEA model 
to estimate the efficiency scores of harvest operations on com
parable sites. The aim of this study is to illustrate a non- 
parametric performance analysis of harvest operations which 
are assumed to be comparable according to working conditions 
of the harvester. Another aim was to apply second-stage regres
sion of efficiency to discuss how inefficiency is influenced by 
forest attributes, harvest site topography, and operational para
meters. We also discuss how the application of DEA may not 
only provide information on efficiency but also on possibilities 
for improvement.

Materials and methods

Efficiency

Productivity, e, of forest harvesting operations is traditionally 
expressed as the total volume of harvested wood divided by 
total harvesting time(Eq. 1). 

The higher the ratio Y/X, the more efficient the harvesting 
operation. However, there are other inputs (e.g. fuel consump
tion) and outputs (e.g. production of certain assortments) 
which affect the profitability of the business and need to be 
incorporated into (Equation 1) while retaining an intuitive 
representation.

Let N inputs X ¼ ðx1; . . . ; xNÞ 2 R N
þ produce M outputs 

Y ¼ ðy1; . . . ; yMÞ 2 R M
þ . An obvious candidate is to aggregate 

both the inputs and outputs using some weights u 2 R M
þ for 

the outputs and v 2 R N
þ for the inputs (Eq. 2): 

The interpretation of this ratio is the same as above but in 
this case, appropriate weights must be chosen. When com
paring different decision-making units (DMU) e.g. harvest
ing operations, each of them might show different 
preferences in the weights they assign to the different inputs 
and outputs. In fact, they will assign a lot of weight to inputs 
of which they use very low quantities and a lot of weight to 
the outputs they produce a lot of such that Equation 2 
becomes as large as possible.

Similarly, they will assign littleweight to high use inputs and 
to outputs that can only be producedin a small quantity. As 
DMUs differ a lot in their use of inputs and outputs, it is 
difficult to reach a consensus on the choice of weights. 
Charnes et al. (1978) proposed to solve this dilemma by letting 
every DMU choose their weights such that its value of (2) is 
maximized. In mathematical terms their solution to the non
linear programming problem was as follows (Eq. 3): 
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Here the subscript 0 refers to the DMU under evaluation. The 
program picks weights u0, v0 for DMU 0 such that DMU 0 
appears as best as possible. By construction, (2) cannot be 
larger than 1. This program is nonlinear because of the 
unknowns v0 in the denominator. In order to operationalize 
this, Charnes et al. (1978) normalize the denominator by 
imposing the extra normalizing constraint v0X0 = 1. This 
turns the program into a linear programming problem. From 
duality results of convex analysis, this linear program has an 
equivalent dual linear program whose objective has the same 
value (Rockafellar 1970). This dual linear program has a useful 
connection to the production theory.

Data envelopment analysis

The above-mentioned contribution by Charnes et al. (1978) 
came to be known as Data Envelopment Analysis (DEA). The 
technology set is defined as follows (Eq. 4): 

It is also assumed that this technology set satisfies the following 
axioms (Färe and Primont 1995):

Axiom 1 (Closedness). T is closed.
Axiom 2 (Free disposability of inputs and outputs). 

if X0t; � Y0tð Þ � Xt; � Ytð Þ

then Xt;Ytð Þ 2 T ) X0t;Y0tð Þ 2 T.
Axiom 3 (Convexity). T is a convex set: i.e. Xt;Ytð Þ;

X0t;Y0tð Þ 2 T ) "α 2 0; 1½ � : α Xt;Ytð Þ þ 1 � αð Þ X0t;Y0tð Þ

2 T.
The closedness axiom is a mathematical regularity property 

ensuring that its limit points (i.e. the boundary) are also 
within the set. The free disposablity of inputs and outputs 
axiom means that if Xt;Ytð Þ 2 T then more inputs and less 
outputs are also feasible: i.e. one can always “freely” dispose of 
additional inputs and additional outputs. Finally, convexity 
implies that a convex combination of feasible observations is 
also feasible. Convexity implies the presence of divisibilities in 
time and space.

Inefficiency is measured by means of the directional dis
tance function (Chambers et al. 1996) (Eq. 5): 

if X0 � βgx;Y0 þ βgyÞ 2 T for some β and DðX0;Y0; gx; gyÞ ¼

� 1 otherwise. Intuitively, this measure finds the largest con
traction of inputs in the direction gx and expansion of outputs 
in the direction gy by a common factor β while still remaining 
within the same technology set. Thus, the directional distance 
function projects an observation (X0, Y0) onto the frontier of 
the technology for a given direction (gx, gy).

Empirically, we approximate the above by the linear pro
gram (Eq. 6): 

The last constraint on λ imposes variable returns-to-scale.
The three-stage approach of Ruggiero (1998) was followed 

to incorporate environmental variables Z 2 R F into the above 
model:

(1) Compute Equation 6;
(2) Regress Z on β obtained from the previous step using 

Ordinary Least Squares (OLS) and compute the aggre
gate environmental index Zind ¼

PF
f¼1 αf Zf using the 

regression coefficients α;
(3) Compute (6) with the additional constraint: 

The additional constraint applied in the final step ensures 
that only those peers operating in an equal or worse environ
ment than the benchmarked observation are selected, as mea
sured by the aggregate environmental index (i.e. Zindk ≤ 
Zind0). We refer the interested reader to Ruggiero (1998) for 
more details and to Estelle et al. (2010); Muñiz et al. (2006) for 
simulation analysis of different methods to incorporate envir
onmental variables.

Data

Data were collected between 2014 and 2017 in Stjørdal and 
Selbu municipalities in the county of Trøndelag, central 
Norway. This region is characterized by a mix of rugged and 
relatively accessible terrain. StanForD data (primarily.stm files) 
was submitted by three participating contractors and parsed to 
the database using an R-script. The dataset is constituted by 
four harvesters, including two John Deere and two Komatsu 
machines.

DEA is used to empirically measure the productive effi
ciency of decision-making units (DMUs). In this study, the 
DMU was not defined by input and output data at the har
vested site level, but rather at a subsite level corresponding to 
the area harvested during one machine-day. To be able to 
calculate area, stand density, and location for topographic 
analysis, perimeters for all DMUs had to be generated from 
the GPS points. Harvest dates and GPS points automatically 
registered at the time of felling were used in allocating trees to 
DMUs. Each GPS point represents the approximate position of 
the base machine when felling or processing a tree. To generate 
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the perimeter, a buffer with a 10 m radius was created around 
each GPS point from a given day, and these overlapping buffers 
were then dissolved to demarcate the outer perimeter of the 
DMU (Figure 1).

The dataset originally contained some 299,891 individual 
stem level observations. The data were cleaned of inconsisten
cies, and clusters containing less than 30 stems were excluded. 
The clusters removed mostly represented roadside cleaning, 
clearings around buildings and homesteads, or the sporadic 
opening up of trails in providing access to the forest stand. 
Removing these from the dataset resulted in a final 253 har
vested sites, constituting 643 distinct DMUs that were retained 
for the final analysis.

For each of the 643 DMUs, topographic data including the 
slope, the terrain ruggedness index (TRI), and the isoperi
metric quotient (ISOPER) was calculated on the basis of a 10m
× 10m aerial laser scanning (ALS) derived digital terrain model 

(DTM). The TRI represents the sum of differences in elevation 
between a cell and its surrounding cells and provides an indi
cation of the unevenness of the terrain in the DMU (Riley et al. 
1999). The ISOPER, defined as the ratio of the DMU area to the 
area of a circle with equal perimeter (Machl et al. 2013), was 
calculated as an indicator of a DMUs shape, based on the 
premise that a more convoluted shape would have a negative 
effect on efficiency (Figure 2). The metrics Slope and TRI were 
calculated directly using the tools of the same name available in 
the QGIS base package (QGIS 2019), while ISOPER was 
derived from the area and perimeter data. The QGIS zonal 
statistics tool was used to output the mean and standard 
deviation of the 10 m × 10 m grid cells for Slope and TRI 
represented within each DMU.

The dataset is comprised of production data including: har
vest volume (HV), stem volume (STEMVOL), harvesting time 
taken to fell and process each tree (PHTS), the proportion of 

Figure 1. A scattering of some of the 253 harvested sites seen in the rugged terrain at landscape level (red polygons, left) and a close-up illustrating how one harvested 
site is made up of multiple DMUs, each shown in a different gray tone (right). Spatially, a DMU represents the area felled by a harvester on any single day. The dataset 
constituted 643 such DMUs.

Figure 2. Examples of how stand shape is quantified by the isoperimetric ratio, which is the ratio between stand area and the area of a circle with the same perimeter; (a) 
a roughly circular stand with isoperimetric ratio = 0.81, and (b) an elongated stand with isoperimetric ratio = 0.13. The points represent the position of the harvester at 
felling, while the stand polygon is created by buffering these points by 10 m.
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manual overriding (MANOVR), and the volume distribution to 
four different assortments (sawlogs, pulpwood, energywood, 
and reject offcuts). These variables were further distributed to 
three species groups; pine (S1), spruce (S2), and mixed broad
leaves (i.e. birch, willow, alder, and other (S3)). Other data 
included number of logs (LOGSS), number of stems (STEMS), 
and the stem share between species in the daily production 
(SPPshare). An overview of all the variables with their units is 
given in Table 1. Stems with a harvesting time of more than 
360 seconds were excluded from the analysis. Descriptive statis
tics were calculated for all variables related to all the stems on 
each site. All stem and log volumes are given in m3 solid volume 
under bark (sub). Summary statistics are provided in Table 2.

Analysis beyond standard efficiency/benchmarking: the 
harvesting sequence

In order to evaluate the effect of driving distance within the 
DMU, a theoretical optimal route – disregarding terrain 

and other influencing factors – was computed. This optimal 
route provides a lower bound on the actual optimal route 
and was calculated from the sequential GPS coordinates 
captured by the harvester at the time of each felling cut. 
The route was calculated through a two step process: first 
by creating a distance matrix between every position and 
then by computing the shortest ”Hamiltonian path” that 
visits every recorded location only once. The length of this 
shortest path yields the minimum total travel distance.1 

Figure 3 shows an example of the actual harvesting route 
(green line) and the computed optimal route (red line) for 
one of the harvesting sites part of our study. The ratio of 
the actual travel distance over the computed minimal travel 
distance measures the worst-case routing inefficiency. 
Figure 4 shows the distribution of this ratio and indicates 
that the majority of the observations have a ratio between 1 
and 2 with outliers up to 4.

Model specification

Several productivity functions for timber harvesters are avail
able from the existing literature, but for this specific study, we 
want to highlight the machines’ ability to maximize the outputs 
represented in the given case by: 

as the given set of inputs. Furthermore, we choose the 
environmental variables: Z ¼ � ðAREA; MTRI; MslopeÞT . 
Note that we negate these environmental variables such that 
z � z0 satisfies the interpretation “z0 is an equal or worse 
operating condition than z”. Finally, we use the direction 
vectors:

gx ¼ ðPHTS1; PHTS2; PHTS3; DISTANCEÞT for the 
inputs and gy ¼ 0M for the outputs. Thus, our DEA analysis 
seeks only for improvements in harvest time and travel dis
tance on the DMU while keeping outputs constant and only 
comparing with operating on other DMUs in equal or worse 
conditions as measured by the given topography (site area, 
mean terrain ruggedness and mean slope).

Results

The analysis for measuring the performance of timber produc
tion in the area considered indicates that the average β is 0.11, 
the standard deviation (SD) is 0.17, the maximum β is 0.77 and 
the minimum is 0. Figure 5 shows the distribution of the 
inefficiency scores β for all observations. There are many effi
cient observations (409/643 ≈ 63.61%) and the inefficient ones 
could be largely improved by input reduction up to 77%, as 

Table 1. Variables description.

Variable name Variable description

Topography
AREA DMU area (ha)
MTRI Mean Terrain Ruggedness Index (index)
SDTRI TRI standard deviation around the mean
Mslope Mean Slope (percentage)
SDslope SLOPE standard deviation around the mean
ISOPER Isoperimetric ratio (index)

Machine related
DISTANCE Distance driven by harvester (m)
ADIST/MINDIST Ratio of actual travel distance to minimum 

distance
PHTS1, PHTS2, PHTS3 Productive harvesting time, pine (S1), spruce (S2) 

and broadleaves (S3) (s)
MANOVRS1, MANOVRS2, 

MANOVRS3
Frequency of manually overriding optimal 

bucking pattern, pine (S1), spruce (S2) and 
broadleaves (S3)

Site/forest parameters
NoSTEMS Total number of stems harvested per DMU
STANDdens Stand density within each DMU (n/ha)
HVS1, HVS2, HVS3 Harvested volume, pine (S1), spruce (S2) and 

broadleaves (S3) (m3sub3) per DMU
SPPshareS1, SPPshareS2, 

SPPshareS3
Proportion of pine (S1), spruce (S2) and 

broadleaves (S3) to total stem number
SVS1, SVS2, SVS3 Merchantable stem volume, pine (S1), spruce (S2) 

and broadleaves (S3) (m3sub)
SDSTEMVOLS1, 

SDSTEMVOLS2, 
SDSTEMVOLS3

Standard deviation of stem volume of each pine 
(S1), spruce (S2), broadleaves (S3)

DBHS1, DBHS2, DBHS3 Stem diameter at breast height, pine (S1), spruce 
(S2) and broadleaves (S3) (cm)

Products/assortments
LOGSS1, LOGSS2, LOGSS3 Number of logs produced, pine (S1), spruce (S2) 

and broadleaves (S3) (n)
LOG/STEMS1, LOG/STEMS2, 

LOG/STEMS3
Number of logs made per stem, pine (S1), spruce 

(S2) and broadleaves (S3)
SAWLOGS1, SAWLOGS2, 

SAWLOGS3
Sawlog volume, pine (S1), spruce (S2) and 

broadleaves (S3) (m3sub)
PULPS1, PULPS2, PULPS3 Pulpwood volume, pine (S1), spruce (S2) and 

broadleaves (S3) (m3sub)
FWS1, FWS2, FWS3 Fuelwood volume, pine (S1), spruce (S2) and 

broadleaves (S3) (m3sub)
OFFCS1, OFFCS2, OFFCS3 Offcuts from log trimming, pine (S1), spruce (S2) 

and broadleaves (S3) (m3sub)
OFFSHARE Ratio of offcut volume to total volume
FUELSHARE Ratio of fuelwood volume to total volume
PULPSHARE Ratio of pulpwood volume to total volume
SAWSHARE Ratio of sawlog volume to total volume
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similarly found in (Lebel and Stuart 1998). The distribution of 
the different input slacks indicates which of the inputs bear 
inefficiencies (Figure 6). This gives an idea of the size of the 
improvements in efficiency that can be achieved by regulating 
the different inputs. Harvesting time for S2 shows a higher 
variation (or slack) compared to the other three inputs and this 

means that by reducing this input the operator would 
obviously gain higher efficiency. It is important to note that 
spruce (S2) accounts for approximately 85 of the harvested 
stems in the dataset (see Table 2). Therefore, it can be expected 
that the potential improvement is higher for S2 than for the 
other species as the number of efficient peers are higher.

Table 2. Summary statistics for the ground conditions (Topography), the machine (Machine related), the site (Site/Forest parameters), and the output produced 
(Products/Assortments).

Topography

Variable N Mean St. Dev. Min 25% 75% Max

AREA 643 10.01 10.48 0.20 2.41 13.31 37.51
MTRI 643 5.36 2.17 0.78 4.21 6.82 11.06
SDTRI 643 1.61 0.87 0.04 0.95 2.18 5.30
MSlope 643 20.67 8.52 2.96 16.18 27.08 45.01
SDslope 643 6.67 3.56 0.09 3.95 9.03 22.01
ISOPER 643 0.27 0.16 0.11 0.14 0.36 0.84

Machine related

Variable N Mean St. Dev. Min 25% 75% Max

ADIST/MINDIST 642 1.39 0.26 1.00 1.20 1.54 3.93
DISTANCE 643 1,261.23 982.07 0.00 514.72 1,715.22 6,600.12
PHTS1 643 1,212.95 3,748.11 0 0 463 32,869
PHTS2 643 16,592.49 11,704.08 0 6,878 23,514.5 54,436
PHTS3 643 1,517.33 1,840.63 0 124.5 2,235.5 11,329
MANOVRS1 643 0.33 0.38 0.00 0.00 0.69 1.00
MANOVRS2 643 0.63 0.18 0.00 0.51 0.77 1.00
MANOVRS3 643 0.03 0.05 0 0 0.04 0

Site/Forest parameters

Variable N Mean St. Dev. Min 25% 75% Max

NoSTEMS 643 466.09 332.41 1 190 695.5 1,730
STANDdens 643 467.69 228.89 32.60 314.47 588.17 2,709.57
HVS1 643 9.03 29.77 0.00 0.00 3.04 287.01
HVS2 643 103.86 83.39 0.00 39.17 147.79 538.50
HVS3 643 4.47 5.74 0.00 0.36 6.30 38.19
SPPshareS1 643 0.06 0.15 0.00 0.00 0.02 1.00
SPPshareS2 643 0.85 0.18 0.00 0.81 0.97 1.00
SPPshareS3 643 0.09 0.10 0.00 0.02 0.13 1.00
SVS1 643 0.18 0.24 0.00 0.00 0.32 1.97
SVS2 643 0.27 0.11 0.00 0.19 0.34 0.79
SVS3 643 0.09 0.06 0.00 0.07 0.12 0.50
SDSTEMVOLS1 643 0.09 0.14 0.00 0.00 0.20 1.07
SDSTEMVOLS2 643 0.23 0.10 0.00 0.17 0.29 0.68
SDSTEMVOLS3 643 0.06 0.05 0.00 0.03 0.09 0.27
DBHS1 643 12.75 13.54 0.00 0.00 24.93 54.50
DBHS2 643 21.65 4.08 0.00 19.24 24.11 36.50
DBHS3 643 13.90 6.30 0.00 13.54 17.52 29.80

Products/Assortments

Variable N Mean St. Dev. Min 25% 75% Max

LOGSS1 643 63.44 214.69 0 0 20 2,227
LOGSS2 643 945.16 721.92 0 371 1,409.5 3,841
LOGSS3 643 52.86 66.38 0 4 78 448
LOG/STEMS1 643 1.12 1.19 0.00 0.00 2.16 5.00
LOG/STEMS2 643 2.39 0.49 0.00 2.08 2.65 4.50
LOG/STEMS3 643 1.07 0.51 0 1 1.3 4
SAWLOGS1 643 4.85 17.01 0.00 0.00 1.34 206.14
SAWLOGS2 643 49.84 43.66 0.00 15.92 70.73 286.30
PULPS1 643 3.96 13.41 0.00 0.00 1.50 171.52
PULPS2 643 42.43 34.19 0.00 15.44 60.72 190.71
PULPS3 643 4.39 5.65 0.00 0.36 6.18 37.86
FWS1 643 0.03 0.18 0 0 0 3
FWS2 643 9.54 11.27 0.00 1.41 14.01 83.99
OFFCS1 643 0.18 0.97 0.00 0.00 0.00 18.64
OFFCS2 643 2.05 2.66 0.00 0.29 2.92 21.94
OFFCS3 643 0.08 0.16 0 0 0.1 1
OFFSHARE 643 0.05 0.05 0.00 0.02 0.07 0.71
FUELSHARE 643 0.07 0.07 0.00 0.02 0.09 1.00
PULPSHARE 643 0.61 0.11 0.00 0.54 0.67 1.00
SAWSHARE 643 0.27 0.10 0.00 0.21 0.33 0.67
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Our preliminary analysis in Figure 4 indicates the presence 
of considerable slack in the travel route of the harvesters. 
Hence, it is anticipated that the model might pick up this effect 
by means of higher inefficiency. Figure 7 shows β as a function 
of the ratio of the actual distance between the machines’ posi
tions in which the felling took place (in this study called “travel 
distance”) over the computed minimal travel distance. In case 
of full efficiency, this ratio would be equal to one otherwise this 

would be higher than one. Although the variation in the data is 
large, the trend – as measured by a local linear kernel regres
sion – indicates slack in the travel route translates into higher 
inefficiency. This suggests that slack in travel route has an effect 
on efficiency: the regression line shows that the inefficiency 
increases with higher distances.

Table 3 shows OLS regression results of site characteristics 
and other variables on β.2 The other variables included in the 

Figure 3. Example of actual route of a harvester vs. the computed minimal route for one harvest site (sparse forest cover, area of DMU is 24.86 ha). The connecting green 
line shows the order in which trees were cut and the red connecting line shows the order in which the trees should have been cut to minimize the total traveling 
distance.

Figure 4. Histogram of actual/minimal travel distance (m).
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analysis are listed in Table 1. The relative share of the different 
species is definitely unbalanced with S2 having a much higher 
value than S1 and S3, i.e. the stands were spruce dominated. 
Because of the difference in tree/crown shapes between broad
leaves and spruce, manual override would most likely be more 
often necessary with S3 leading to an artificial increase in 
efficiency. Efficiency would also be artificially increased and 
because of the destination of the timber produced, i.e. less 
processing time would be used for non-marketable and pulp
wood increasing the output per effective work hour as is 
further explained below with the species share. As the data 
must be set in context we believe our results being valid. The 

stem volume for the different tree species (SVS2, SVS3) and the 
share of tree species (SPPshareS1, SPPshareS2, SPPshareS3) are 
statistically significant and they have a negative effect on inef
ficiency. The larger the stem volume the higher the efficiency. 
An unexpected outcome are that a higher share of broadleaves 
in the species mix positively affected the efficiency. Despite its 
low share of stems and lower number of assortments, the 
correlation between efficiency and share of broadleaves may 
be a result of over measurement. In Norway, there is an 
undocumented experience that the broadleaves often lead to 
over measurement as the forking/branchiness compels the 
operator to open the head (also because it is not necessary to 

Figure 5. Histogram of inefficiency scores β.

Figure 6. Boxplot of slacks in inputs (βgx).

8 G. OTTAVIANI AALMO ET AL.



achieve a high debranching quality for this timber). This results 
in larger measurements, an incorrect assumption of larger tree 
volume, and therefore a false increase in efficiency. We note 

that it may be one of several reasons for this unexpected result. 
For S3, the average number of logs produced per day is also 
positively correlated with the efficiency. The results show that 
among the considered environmental conditions, inefficiency 
is positively affected by the SD of terrain ruggedness, i.e. with 
increasing variation in terrain ruggedness, inefficiency 
increases, and therefore efficiency decreases. Finally, actual/ 
minimal travel distance (ADIST/MINDIST) has a statistically 
significant effect on inefficiency. An increasing gap in ADIST/ 
MINDIST leads to increased inefficiency. This supports our 
earlier observation in Figure 7.

We would expect that inefficiency increased with the share 
of harvested broadleaves in the stand. We find the opposite that 
the share of S3 significantly decreases inefficiency. This result 
may be caused by uncertain and inflated volume estimates of 
S3 which can be associated with branchiness. However, we 
have no data to document this is the reason.

Finally, Figure 8 shows that the gap between actual and 
minimal travel distance decreases somewhat with tree density, 
as expected.

Discussion

Levels of productivity in CTL timber harvesting operations are 
generally well established in many countries and settings. This 
study substantiated this knowledge by demonstrating how 
productivity is affected by stand characteristics and location- 
specific characteristics. Factors influencing productivity have 
conventionally been studied with regression analysis. Multiple 
regression outputs averages as it estimates a level for the 
dependent variable (whether it is input or output) given the 
level of the independent variables.

The models allow for random noise which reflects the 
inefficiency but it doesn’t separate the two components. 
Several assumptions about the inefficiency distribution of the 

Figure 7. Nonparametric regression of (actual/minimal) travel distance on inefficiency scores.

Table 3. Regression results with site level variables in Z variables 
but not in regression.

Dependent variable: β

ISOPER 0.059* (0.031)
SDTRI 0.043*** (0.015)
SDslope −0.007* (0.004)
NoSTEMS 0.0001 (0.0001)
DBHS1 0.001 (0.001)
DBHS2 0.004 (0.003)
DBHS3 0.001 (0.002)
LOGSS1 −0.00000 (0.00005)
LOGSS2 −0.00005 (0.00003)
LOGSS3 −0.00004 (0.0001)
SVS1 −0.034 (0.045)
SVS2 −0.448*** (0.170)
SVS3 −0.419** (0.179)
SDSTEMVOLS1 −0.005 (0.045)
SDSTEMVOLS2 0.096 (0.105)
SDSTEMVOLS3 −0.147 (0.129)
SPPshareS1 −0.427* (0.248)
SPPshareS2 −0.353 (0.243)
SPPshareS3 −0.511** (0.249)
LOG/STEMS1 −0.021* (0.011)
LOG/STEMS2 0.030 (0.024)
LOG/STEMS3 0.048** (0.021)
STANDdens −0.0001** (0.00003)
ADIST/MINDIST 0.077*** (0.020)
OFFSHARE −0.103 (0.108)
FUELSHARE −0.096 (0.095)
PULPSHARE −0.076 (0.078)
MANOVRS1 0.001 (0.024)
MANOVRS2 −0.026 (0.034)
MANOVRS3 −0.146* (0.086)
Constant 0.325 (0.275)
Observations 642
R2 0.173
Adjusted R2 0.132
Residual Std. Error 0.105 (df = 611)
F Statistic 4.261*** (df = 30; 611)

*p < 0.1; **p < 0.05; ***p < 0.01
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error term have to be made, in order to disaggregate the 
inefficiency from the random noise, making this disaggregation 
somewhat unreliable. This might however be possible with 
“Stochastic Frontier Analysis” (Kumbhakar and Lovell 2003). 
In the current study, we applied Data Envelopment Analysis 
which is a frontier or boundary method and has the advantage 
of being able to identify the sources of inefficiencies by high
lighting which resources are used in excess or which outputs 
are not produced in sufficient volumes. This is done for each 
inefficient DMU. Additionally, using a two-step analysis (sec
ond stage regression), this method, can also identify which of 
the variables significantly contributes to the inefficiency.

In our study, it was possible to assess how a range of stand 
characteristics, terrain characteristics, and operational charac
teristics would affect the technical efficiency of 643 harvesting 
operations in Norway. We found large variations in efficiency 
scores, and that the inefficient harvest operation could be 
theoretically improved by reducing input by up to 50%, 
which is comparable to results found in Lebel and Stuart 
(1998). We applied a second stage regression estimation to 
identify which factors significantly affected inefficiency. In 
most cases we found that the inefficiency is credible and con
forming to the conventional understanding of these effects, 
though their statistical significance was not always proven.

Inefficiency depends on a range of stand characteristics, e.g. 
stem size (Spinelli and Magagnotti 2013; Strandgard et al. 
2013). The analysis confirmed that inefficiency decreases (i.e. 
efficiency increases) with both increasing volume of processed 
stems and stand density for pine and broadleaves within 
a DMU. For complicated trees to process, such as broadleaves 
it seems coherent that inefficiency increases with the mean 
number of logs produced per tree. Finally, it is also coherent 
that efficiency increases with an increasing share of non- 
marketable products timber and timber for the bioindustry as 
this is the share requiring less processing time. Our second 

stage regression results also conformed to the expectations. 
Literature reviews on harvesters’ productivity in relation to 
topographic parameters such as those considered in this 
paper are limited and have given mixed results. Aside from 
the production rate and the operating costs in relation to the 
sole stand characteristics as in (Eriksson and Lindroos 2014), 
not much research has been done in order to understand the 
influence of other parameters related to the operating 
environment.

The majority of the literature addresses the slope factor as in 
Akay et al. (2004); Eriksson and Lindroos (2014); Visser and 
Stampfer (2015). Other publications consider the terrain bear
ing capacity and the impact over the stand Akay et al. (2006) or 
location-specific factors such as slope of the terrain and terrain 
ruggedness (Stampfer and Steinmüller 2001; Alam et al. 2013; 
Eriksson and Lindroos 2014; Visser and Stampfer 2015) and 
trafficability.

We estimated the impact of the slope, terrain ruggedness 
index, and the isoperimetric quotient (an indicator of the shape 
of the stand). It was found that the terrain ruggedness and the 
site shape index, have a statistically significant effect on the 
efficiency. Inefficiency increases with increasing variation in 
ruggedness. Large variations in terrain likely reduce trafficabil
ity and demand more time and mental effort in maneuvering 
the machine. As only harvesting was considered in this work, 
the topographic variables considered did not have as great an 
effect on efficiency as they might have had if forwarder extrac
tion had been included. A site shape that is convoluted 
(decreasing isoperimetric ratio) also increases the inefficiency 
as the operators have to move to a higher extent in order to 
reach all the points of the harvesting site. These results are in 
line with the significance of the ratio of actual travel distance to 
minimal travel distance in the first stage regression (ADIST/ 
MINDIST), meaning that the more a machine deviates from 
the ideal minimum path the less efficient the operation will be, 

Figure 8. Nonparametric regression of tree density on (actual/minimal) travel distance (m).
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implicating the relevance of ruggeddness and site shape. In this 
study, it was found that increasing slope increased the effi
ciency, which contradicts conventional knowledge (Visser 
and Stampfer 2015). In this data-set the slope was considered 
as the SD of the slopes of all the polygons within each site and 
therefore a high SD means that the slope values are more 
spread around the mean while a low SD will mean the opposite. 
As the SD was calculated at 3.52% and the significance and the 
value of the β are so low it could actually be expected such a 
uncommon result as the slopes’ angle in this specific case study 
do not represent an hindrance for the machine mobility. 
Irrespective of that, slope typically affects forwarder extraction 
to a much greater degree than the harvester.

Human factors may also play an important role in deter
mining the DMU’s technical efficiency. Significant differences 
have been noted between the productivity levels of operators. 
Ovaskainen et al. (2004) compared six harvest operators work
ing with the same harvester in similar stands. They found that 
the most efficient operators were the ones who avoided unne
cessary boom movements in the felling phase. Murphy and 
Vanderberg (2007) documented that the length of shifts and 
their configuration may have both positive and negative 
impacts on productivity and revenue. We did not consider 
the hours worked per day.

Other infrastructural variables, not included in the current 
study, such as the design and layout of the extraction trails may 
also impact productivity (Flisberg et al. 2007; Hosseini et al. 
2018). The travel route of the harvester depends on a range of 
factors, including terrain slope, ruggedness, distance to land
ing, etc. To estimate the travel route, we applied an estimated 
ratio between actual distance and minimal distance as a proxy 
of optimal driving distance and potentially the usage of fuel. 
We found slack in the travel route translates into higher ineffi
ciency suggesting that slack in travel route has an effect on 
efficiency. The regressions showed that the inefficiency 
increases with the higher disparity between actual and minimal 
distances. We would expect a range of factors could affect the 
operator’s decision on harvesting sequence, including local 
terrain conditions affecting access and maneuverability, visibi
lity (i.e. avoiding looking into the sun), wind conditions, and in 
some cases, avoiding proximity to the forwarding operation. 
The individual operators may make different navigation 
choices, which have different outcomes on travel distances. 
However, although only for six operators, Ovaskainen et al. 
(2004) found that with similar harvesters and harvesting 
conditions the average travel distance did not differ signifi
cantly. We acknowledge that the difference between actual 
and minimal distance may depend on terrain and stand 
characteristics in addition to other parameters linked to oper
ating any machine such as refueling, maintenance repair, shift 
changes, etc.

We argue that the applications of DEA on harvest operations is 
limited. Therefore, the current study aims at contributing with an 
application of non-parametric methods to quantify the efficiency 
of harvesting operations and the inefficiency due to a range of 
harvest site characteristics. The results not only provide informa
tion on the inefficiency but also on possibilities for improvement. 
The contractor may apply DEA to systematically identify peers for 
comparison, or directional estimation of how much input should 

be reduced or output increased to become efficient. Furthermore, 
DEA also makes it possible to dis-aggregate efficiency into tech
nical and scale efficiency and potentially to suggest mergers of 
harvest operations (Bogetoft et al. 2003).

Advances in the way that data is being collected and trans
mitted are facilitating larger-scale benchmarking analyses of 
forest harvesting operation efficiency Obi and Visser (2017a, 
2017b). In Norway alone, data from some 30 million trees are 
recorded in StanForD files each year, making the widespread 
analysis of such data worthwhile in contributing to an overall 
lift to the sector (Baardsen et al. 2009). Such automatic data 
collection may not only be useful for understanding the multi- 
dimensional aspects of efficiency. Real-time estimation of effi
ciency scores and feed-back of benchmarking reports to the 
operator may contribute to increased learning and behavioral 
change of operators which may increase overall performance 
(Astrup et al. 2018). Furthermore, the rapid development of 
sensors and control systems in other industries is beginning to 
gain influence in the field of forest operations, and the stan
dardized production data used in this study may be supple
mented with a range of qualitative information captured by on- 
board sensors in the medium term Talbot et al. (2017). Suitable 
methods for analyzing this broader range of data types and 
sources will need to be assessed in conjunction with these 
developments Rossit et al. (2019).

Conclusions

In our study, Norwegian forest sites were used as a background 
for assessing the technical efficiency of forest harvesting opera
tions in relation to the site characteristics. Overall, this work 
has contributed to promote the relative merits of DEA (Data 
Envelopment Analysis) in the assessments of comparative effi
ciencies of decision-making units in comparison to parametric 
methods. The originality of this paper lies in the combination 
of the already developed method with an innovative applica
tion related to the environmental parameters linking those to 
the classic operational research and leaving room for further 
research in order to assess the change in performance under 
the influence of external factors.

An indirect and not anticipated outcome of this study, is the 
relative role that human factors can play in achieving higher 
efficiency. It can be argued that the decision-making process to 
harvest specific trees first or how to avoid a certain obstacle and 
the specific operators’ modus operandi can influence travel 
distance which has an economic and statistically significant 
effect on inefficiency. Increased attention to human factors 
especially in addressing training needs and improved work 
organization may, therefore, contribute to efficiency improve
ment. This is left for future studies.

Notes

1. This problem is NP-complete and thus very hard to solve. No 
algorithm exists that guarantees an optimal solution: rather heur
istics are used that can guarantee to come close to the optimal 
solution. In a small minority of cases (i.e. 5/643 0.8% observations), 
the computed path was worse than the actual path. For these cases, 
we set the optimal path to the actual path. We use the TSP package 
in R for the computation (Hahsler and Hornik 2007).
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2. There was discussion in the literature that OLS yields biased 
results, because β is truncated at the lower end (Simar and 
Wilson 2007). Instead, the proposed solution was to use truncated 
regression. However, this has largely been rebuked by Banker and 
Natarajan (2008), McDonald (2009) and Johnson and Kuosmanen 
(2012) who showed that OLS yields consistent results after all.
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