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Abstract

Skidding is one of the most important methods for wood extraction globally, necessitating
updated models to assess its performance based on the technical characteristics of the fleet
in use. Based on a nation-wide, all-season dataset, this paper aimed to develop time and
fuel consumption models for currently used cable skidders and farm tractors fitted for
skidding in Romania. Although some statistical assumptions were not met, our models
characterized the performance well in terms of time and fuel consumption, allowing for
a differentiation in performance between skidders and farm tractors. For skidders, cycle
time was explained to a degree of 58% (R2 = 0.58) by payload volume, number of pieces,
and extraction distance, highlighting the importance of these variables when assessing
cycle time performance of machines equipped with a double-drum winch. In contrast, for
farm tractors, cycle time was explained solely by extraction distance (R2 = 0.87), which
indicates a lower variability induced by payload size and number of pieces for machines
equipped with a single-drum winch. Similar models were developed for fuel consumption,
showing the significance of payload volume and extraction distance for skidders (R2 = 0.54)
and extraction distance alone (R2 = 0.75) for farm tractors. Beyond an extraction distance
of 50 m, the productivity of farm tractors decreased sharply, reaching half of that of
skidders at an extraction distance of 1500 m, indicating a better time and fuel consumption
performance of skidders, particularly in the case of excessively long extraction distances.
Further studies should focus on finding effective methods and developing automated
systems able to track the performance of operations and keep the pace with improvements
in machine performance.

Keywords: time-and-motion; work elements; skidders; farm tractors; models; prediction;
performance; fuel use; nation-wide

1. Introduction
Ground-based timber harvesting encompasses a wide range of operational systems,

ranging from manual to fully mechanized methods. Skidding using specialized machines
and farm tractors constitutes a significant share of practices at both the global [1] and
European levels [2]. Cable skidders are machines equipped with a winch, typically used
to pull the wood from the stand to a trail by cables, where the payload is then secured for
extraction to the forest road; farm tractors equipped with a winch for forest operations are
similar to cable skidders in terms of operational function but differ in their capacity and
construction design [3–5].
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Understanding the performance of skidding operations is important for several levels
of decision-making. At the strategic and tactical levels, efficiency, productivity, and fuel
use are factors that inform decisions about the most suitable machines for a given area [6].
Additionally, assessment on fuel consumption is critical in forest operations [7] because
it may impact policies and decision-making related to climate change and the carbon
neutrality of human-made systems [8], which may involve decisions regarding the types of
machines and processes to be employed. Accordingly, it has received considerable attention
in forest engineering, by studies based on census data, e.g., [9,10], or direct measurement,
e.g., [11,12].

Furthermore, forestry encompasses many processes and levels of decision-making,
where the performance of some may affect the decisions regarding others. For instance,
planning and developing the forest road network typically requires information about
the systems used or forecasted in timber harvesting and their performance [13,14], which
is generally expressed in the form of models developed by time and motion studies [15].
In other cases, the developed productivity models are useful to understand the technical
limitations of machines in relation to their operational environment [16]. For a forest
company, performance models are important for its business design and practice; at the
operational level, they are useful for operational planning, understanding cost trends [17]
and setting up fair compensation systems [3,6].

Modeling of skidding performance has received considerable attention in the dedi-
cated literature, by developing time and fuel consumption models for cable skidders and
farm tractors equipped for cable skidding. For instance, studies of [18–25] focused mainly
on providing statistics and models of time consumption and productivity, whereas the stud-
ies of [26–28] included fuel use assessments at various scales to model and characterize fuel
consumption, energy efficiency, and emissions. Such models, however, have limitations,
and their validity is constrained by the range of data used to develop them, local practices,
and the type of forest management. These factors prevent their generalizability to other
areas of the world [29]. In addition, many of these models were developed considering a
single work team and harvesting site, which means they incorporate limited variability in
terms of operator experience, as well as stand and terrain factors. Other important factors
that relate to a limited generalizability of the developed models include the size of the
samples used, the accuracy of estimates regarding time consumption, production, fuel use,
and the range of operational factors such as extraction distance. Additionally, collecting
long-term data and using it to develop models may help mitigate bias induced by the
season in which data is collected. For instance, the condition of the trails used for skidding,
which in turn influences machine performance, as well as performance during pre-skidding
with a winch, may be affected by the season, weather, and ground state.

In Romania, cable skidders and farm tractors equipped for skidding dominate the
practice of timber harvesting, e.g., [2,3,30]. This situation is related to factors such as
the availability of local machine manufacturers that release machines on the market at
competitive prices, the tradition of cable skidding, and compatibility with motor-manual
tree felling and processing procedures, which are commonly used. Additionally, cable
skidding requires a lower level of operational skills compared to cable yarding. However,
in many cases, it requires a well-developed network of skid roads and trails [3,21]. Local
manufacturers have released new models of skidders, whereas the old Romanian-made
farm tractors used in forest operations have been gradually replaced with affordable, mostly
foreign models. As of now, there are at least three newer domestic cable skidder models
operating in the Romanian forests, along with several imported farm tractors. However,
the available performance models have not kept pace with technological development,
making the decision-making process difficult. For instance, the new machines are equipped
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with improved engines that deliver increased power while consuming less fuel, whereas
the latest aggregated productivity rates in timber harvesting date back to the 1990s [31].

This study aimed to develop time and fuel consumption models for the commonly
used cable skidders and farm tractors equipped for skidding in Romania, as a prerequisite
for modeling their efficiency, productivity, and unit fuel use based on a comprehensive
dataset that is representative at the national level. The main goal was to develop a set of
models able to characterize the operational performance at the national level. The objectives
of the study were to: (i) model the skidding cycle time as a function of relevant factors
such as extraction distance, payload volume, and the number of skidded wood pieces;
(ii) model fuel consumption as a function of relevant factors such as extraction distance,
payload volume, and the number of skidded wood pieces; and (iii) estimate and model
the efficiency, productivity and unit fuel consumption of skidding based on the developed
time and fuel consumption models.

2. Materials and Methods
2.1. Study Locations and Machine Types

A comprehensive data set was collected for cable skidders and farm tractors at the
national level (Figure 1). This data set consists of detailed time consumption and location
information, documented using state-of-the-art video cameras (GoPro HERO series, GoPro
Inc., San Mateo, CA, USA) mounted on the rear of the machines, as well as handheld GNSS
receivers (Garmin GPSMAP series, Garmin International Inc., Olathe, KS, USA) placed on
the machine cabs. The initial dataset included 304 work cycles for cable skidders collected
over a 71 day period and 117 work cycles for farm tractors equipped for skidding, collected
over a 16 day period (Table 1).

 

Figure 1. Map of Romania showing the locations of the data collection counties and local study areas.
Note: SK—study location for cable skidders, FT—study location for farm tractors. Note: the names of
the counties and study areas are reported in Romanian.
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Table 1. Description of the initial dataset.

Study Site Machine Type Season Trail
Condition Type of Forest Number of Observed

Work Cycles

SK1 Skidder Winter
(November) Moist Mixed 16

SK2 Skidder Autumn
(September) Moist Mixed 10

SK3 Skidder Winter
(November) Moist Coniferous 20

SK4 Skidder Winter
(November) Moist Mixed 14

SK5 Skidder Winter
(November) Moist Mixed 2

SK6 Skidder Winter
(November) Moist Mixed 19

SK7 Skidder Spring
(March/May) Moist Mixed 29

SK8 Skidder Spring
(March/May) Moist Mixed 59

SK9 Skidder Summer
(August) Dry Broadleaved 32

SK10 Skidder Summer
(July) Dry Broadleaved 23

SK11 Skidder Summer
(July) Dry Broadleaved 30

SK12 Skidder Summer
(August) Dry Broadleaved 53

FT1 Farm tractor Autumn
(September/October) Moist Broadleaved 85

FT2 Farm tractor Summer
(August) Dry Broadleaved 32

Both machine types (Table 1) were classified in the same power-rating category ac-
cording to [32], specifically up to 80 kW. The skidder category included, with one exception
(an older Romanian model TAF 657, 48 kW), the Romanian-made TAF 690 OP (70 kW).
In contrast, the farm tractor category included machines within the same power-rating
class—Zetor Proxima (series CL 59–74 kW). With respect to trail condition, moist trails
characterized all observations where the ground exhibited moisture, such as muddy terrain
or ground covered with melted snow. In contrast, dry trails included all observations
where the ground was in a dried state (Figure A1). The forest type category encompassed
beech forests, as well as forests featuring various broadleaved species (Broadleaved), mixed
forests containing different proportions of coniferous and broadleaved trees (Mixed), and
Norway spruce forests (Coniferous). It is important to note that data regarding species
share, tree size, and terrain slope was not specifically collected for this study.

The data was collected from 14 sites distributed throughout Romania, encompassing
a variety of conditions related to forest type, age, tree size, ground conditions, and work
season. Skidders were observed in 12 study areas, primarily in steep, hilly, and moun-
tainous terrain—cases in which the work teams were dominantly composed of 3 workers.
Farm tractors were observed at 2 sites characterized by moderate to low slopes in the hilly
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and plain regions of the country; in these cases, the work teams were composed mostly of
2 workers. The dominant harvesting method for cable skidders was tree length, while both
tree-length and cut-to-length methods were utilized with farm tractors.

2.2. Data Collection

The video cameras were strategically placed at the back of the machines to provide
a panoramic view of the operations, allowing for a comprehensive recording of all tasks
carried out during the process. They were set to continuously collect high-resolution video
data in files approximately 20 min in length. To extend battery life, the cameras were
connected to portable power banks. For accurate measurement of distances traveled and
precise location tracking, the receivers were configured to record geospatial information at
a rate of one second. By adjusting the devices’ parameters, it was verified that they were in
continuous tracking mode, enabling data collection throughout the sampling period.

For each piece within a work cycle-based payload, diameter sampling was conducted
at intervals of 0.5 m using a caliper and measuring tape. This data was recorded on paper
sheets and subsequently used to compute the volume of each piece and the entire payload
during the office phase of the study. The data was collected at the landing once the payload
was detached from the machine after each observed work cycle.

The evaluation of fuel consumption was conducted at the end of each work cycle
using a graded and calibrated plastic container (shaped like a jar for ease of use) to ensure
accurate measurements. At the beginning of each work cycle, the machine’s fuel tank was
filled to capacity, which allowed for the recording of the amount of fuel consumed during
that cycle once the tank was refilled. Fuel consumption measurement tasks were carried
out in the same location on the site, specifically on a leveled portion of the landing, to
ensure accurate readings.

2.3. Data Processing

Data processing consisted of several steps. All data were classified by day, creating
folders that contained recorded videos, GNSS data, fuel consumption figures, and diameter
measurements. The data were organized in Microsoft Excel to create a spreadsheet for
each study site. Each sheet contained specific data for the days on which information
was collected in that area. During the review of video files, relevant data were extracted,
including the day, video code, log number, start time, end time, effective time, task code
(Table 2), and any comments regarding unusual observations. This activity primarily
focused on extracting the time in seconds dedicated to each task during the work cycle, as
well as refining the data to remove those work cycles that were not fully documented by
video and GNSS data. After these steps, 182 work cycles for skidders and 45 work cycles for
farm tractors were preserved for further processing and included in dedicated spreadsheets.

With the help of the Garmin BaseCamp software (v. 4.7.4), the distances traveled cycle-
wise by the observed machines were determined using the methodology proposed by [28],
which included a detailed and synchronized analysis of GNSS tracks in Garmin Base Camp
software (v. 4.7.4) coupled with data documentation based on video files for each single
data registry collected by GNSS devices. Accordingly, GNSS tracks were examined on a
daily and work cycle basis to determine the distances travelled from the landing area to the
pre-skidding site and back, as well as the extraction distance.

The final database included cycle-wise elemental time consumption for the elements
described in Table 2, driving distances, including the average extraction distance (AED, m),
number of pieces per turn, payload volume (PV, m3), and cycle-wise fuel consumption
estimates (FC, L).
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Table 2. Description of the time consumption categories observed in the datasets.

Task Name Task
Code

Time
Consumption Code Description

Driving to the
pre-skidding site DET tDET

Started when the machine leaves the landing area and ended
when it arrives at the pre-skidding site. It occurred in all

skidding work cycles and excluded any interruptions.

Maneuvering at
the pre-skidding

site
MAN tMAN

Started when the machine arrived at the pre-skidding site and
ended when it was positioned for pre-skidding. It occurred in
most of the skidding work cycles, excluded any interruptions,

and included maneuvers performed outside the skid trails.

Pulling out
the cable POC tPOC

Started when the driver released the cables and one or more
workers started moving with the cables to the wood pieces to be
attached and ended when the worker(s) arrived at the pieces of

wood. It occurred one to several times in all skidding work
cycles and excluded any interruptions.

Attachment of
the payload APL tAPL

Started when the worker(s) arrived at the wood pieces to be
attached and ended when the wood pieces were attached to the
cable(s). It occurred one to several times in all skidding work

cycles and excluded any interruptions.

Pulling in the
payload PIP tPIP

Started when the driver operated the winch to pull in the
payload and ended when the payload reached the rear of the

machine. It occurred one to several times in most of the
skidding work cycles and excluded any interruptions.

Detaching the
payload from

the cable
DPC tDPC

Started when the worker(s) started to move towards the
payload and ended when the payload was detached from the

cable(s). It occurred one to several times in most of the skidding
work cycles and excluded any interruptions.

Attaching the
payload for
extraction

APE tAPE
Started when the cable(s) is released and ended when the

payload was secured for extraction. It occurred in most of the
skidding work cycles and excluded any interruptions.

Driving with the
payload to the

forest road
DFR tDFR

Started when the machine engaged in driving loaded to the
forest road and ended when it reached the place for payload
detaching at the forest road (landing). It occurred in all the

skidding work cycles and excluded any interruptions.

Detaching the
payload at the

forest road
DPR tDPR

Started when the driver started to lower the payload and ended
when the worker detached the cables. It occurred in all the

skidding work cycles and excluded any interruptions;
sometimes the payload was released without the assistance of

manual worker.

Maneuvering
and bunching at
the forest road

MBR tMBR

Started with the first maneuver to group wood and ended once
the wood pieces were bunched at the required place at the

landing. It occurred in most of the skidding work cycles and
excluded any interruptions.

Skidding
work cycle SWC CT

Groups all of the above work elements as they occurred and/or
repeated between starting to move from the landing and

completing the maneuvering and bunching at the forest road. It
excluded any interruptions.

Delays caused by
the study DS tDS

Delays attributable to the tasks of the researchers carrying out
the study, such as placing and taking down the dataloggers,

measuring the fuel consumption and/or the biometrics of the
wood. Most of them occurred at the landing.
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Table 2. Cont.

Task Name Task
Code

Time
Consumption Code Description

Delays caused by
personal reasons DP tDP Delays caused by personal activity of workers.

Delays caused by
mechanical

reasons
DM tDM Delays due to mechanical problems of the machine.

Delays caused by
operational

reasons
DO tDO

Delays due to operational organization problems, including
waiting and performing other tasks not related to pre-skidding

and skidding operations.

2.4. Statistical Analysis

Statistical analysis was conducted on the refined dataset, which included 182 work
cycles for skidders and 45 work cycles for farm tractors. For both datasets, the following
sequence of statistical analysis steps was implemented, taking as a reference the work
of [33,34]:

1. The variables of elemental time consumption (tDET, tMAN, tPOC, tAPL, tPIP, tDPC,
tAPE, tDFR, tDPR, tMBR, tDS, tDP, tDM, tDO, converted in hours), cycle time con-
sumption (tSWC, h), fuel consumption (FC, L), payload volume (PV, m3), number of
pieces (NP), and extraction distance (ED, m) were checked for normality using the
Shapiro–Wilk test;

2. To characterize the data, descriptive statistics were calculated and reported for these
variables, including minimum and maximum values, range, mean, and median values;

3. Cycle time (CT, h) and fuel consumption (FC, L) models were developed using mul-
tiple linear regression techniques, ensuring that initial assumptions of multi-linear
regression were met, as well as that the developed models were significant globally
while retaining the statistically significant predictors. The initial assumptions included:

a. The existence of a linear relationship between the dependent variables (time
or fuel consumption) and the independent variables, which was preliminary
checked by scatter plots;

b. Multivariate normality (i.e., normal distribution of residuals, which was
checked by rigorous tests—Shapiro–Wilk, histograms, and boxplots);

c. The absence of multicollinearity (no significant correlation between indepen-
dent variables, using a correlation threshold of 0.8, which was checked by a
correlation analysis based on a correlation matrix); and

d. Homoskedasticity (i.e., ensuring the variance of residuals was consistent across
all levels of independent variables, which was checked by rigorous techniques,
i.e., Breusch–Pagan and White tests).

The statistical analysis was conducted using Microsoft Excel (Microsoft office profes-
sional plus 2013), which was equipped with the Real Statistics add-in, version 9.4 [35]. A
confidence threshold of 95% (α = 0.05) was assumed throughout the analysis, and relevant
p-values were considered either smaller or larger than 0.05, depending on the specific
statistical method applied.

2.5. Modeling of Efficiency, Productivity, and Unit Fuel Use

For both cable skidders and farm tractors, cycle time (CT, h), efficiency (E, h/m3),
productivity (P, m3/h), fuel consumption (FC, L) and unit fuel consumption (UFC, L/m3)
were modeled based on the developed time and fuel consumption models, considering
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the average values of the predictors related to payload size (volume and/or number of
pieces). Efficiency was defined as the amount of delay-free time required to process one
unit of production (m3), while productivity was defined as the quantity processed in
one delay-free hour; unit fuel consumption was defined as the amount of fuel used per
processed unit of wood. Efficiency and productivity, as metrics used in the study were
defined and understood as those described in the work of [15], whereas the unit fuel
consumption was defined and understood as in the work of [28]. The modeling procedure
accounted for variations in extraction distance for both types of machines, ranging from
0 to 3000 m, with a step of 50 m. The decision to model these metrics using extraction
distances up to 3000 m was based on observed data, which indicated that extraction
distances occasionally exceeded 3000 m for skidders and 1000 m for farm tractors. The
results of the modeling are presented as bivariate plots, where the extraction distance was
selected as the independent variable.

3. Results
3.1. Descriptive Statistics of Operational, Time and Fuel Consumption Variables

The main descriptive statistics of the skidder dataset are shown in Table 3. None of the
variables passed the normality test. For an average payload composed of about four pieces
and having a volume of about 5 m3, and by considering an extraction distance of about
1100 m, the dominant work elements in a work cycle were driving to the pre-skidding site
and driving with the payload to the forest road, which accounted for about 86% of the
work cycle.

There was significant variability in operational variables, characterized by ranges of
20 pieces, 9.59 m3, and 1180 m for the number of pieces, payload volume, and extraction
distance, respectively. Altogether, the study covered an average total extraction distance of
approximately 216 km, with the primary movements of the machine exceeding 400 km. The
estimated total volume extracted was nearly 1000 m3, with 777 pieces of wood processed
during the 182 observed work cycles. Based on the total driven distance and the delay-free
driving time, the average speeds for driving to the pre-skidding site and from the pre-
skidding site to the forest road were 5.98 km/h and 4.35 km/h, respectively. In an average
work cycle, pre-skidding accounted for about 30% of the delay-free time consumption.

Table 4 presents the descriptive statistics of the farm tractor dataset. In this case,
only the payload volume passed the normality test. Similar to skidders, there was high
variability in operational conditions for farm tractors, with ranges of 11 pieces, 3.94 m3 for
payload volume, and 1156 m for average extraction distance, respectively. Under average
conditions for payload characteristics and extraction distance, the dominant work elements
in a work cycle were driving to the pre-skidding site and transporting the payload to
the forest road, which together accounted for about 58% of the work cycle. Compared to
skidders, this reflects the characteristics of the machines used and the shorter extraction
distances observed. Additionally, pre-skidding work elements accounted for about 35% of
the delay-free time in a work cycle, further highlighting the machine’s capability in pre-
skidding, where the capacity of the machine is reached more quickly due to the limited
amount of logs extracted per turn.

Based on the total driven distance and the delay-free driving time, the average speeds
for driving to the pre-skidding site and from the pre-skidding site to the forest road were
5.42 km/h and 3.51 km/h, respectively, reflecting lower figures compared to skidders,
which can be attributed to the operational and technical characteristics of the machines.
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Table 3. Descriptive statistics of the skidder dataset.

Variable
Code and

Measurement
Unit

Descriptive Statistics

Number of
Observations

Minimum
Value

Maximum
Value Range Mean

Value
Median
Value Sum Share

Operational
variables

Number of pieces NP 182 1 21 20 4.27 3.00 777 100.00

Payload volume PV (m3) 182 1.70 11.29 9.59 5.05 4.69 919.16 100.00

Extraction distance ED (m) 182 63 3081 3018 1186 1037 215,917.00 100.00

Time and fuel
consumption

variables

Driving to the
pre-skidding site tDET (h) 182 0.077 0.432 0.385 0.201 0.186 36.640 29.23

Maneuvering at the
pre-skidding site tMAN (h) 141 0.001 0.190 0.189 0.018 0.010 2.542 2.03

Pulling out the cable tPOC (h) 182 0.002 0.110 0.108 0.030 0.026 5.508 4.39

Attachment of the
payload tAPL (h) 182 0.003 0.095 0.092 0.024 0.020 4.437 3.54

Pulling in the payload tPIP (h) 173 0.003 0.229 0.226 0.057 0.043 9.831 7.84

Detaching the payload
from the cable tDPC (h) 141 0.002 0.080 0.078 0.023 0.018 3.182 2.54

Attaching the payload
for extraction tAPE (h) 139 0.002 0.169 0.167 0.035 0.025 4.872 3.89

Driving with the
payload to the

forest road
tDFR (h) 182 0.093 0.565 0.472 0.269 0.251 48.928 39.03

Detaching the payload
at the forest road tDPR (h) 178 0.001 0.039 0.038 0.011 0.011 1.999 1.59

Maneuvering and
bunching at the

forest road
tMBR (h) 177 0.001 0.281 0.280 0.042 0.031 7.416 5.92

Skidding work cycle CT (h) 182 0.237 1.527 1.290 0.689 0.648 125.354 100.00

Fuel consumption FC (L) 182 0.900 12.300 11.400 5.259 4.450 957.200 100.00

Note: none of the variables passed the normality test.

Table 4. Descriptive statistics of the farm tractor dataset.

Variable
Code and

Measurement
Unit

Descriptive Statistics

Number of
Observations

Minimum
Value

Maximum
Value Range Mean

Value
Median
Value Sum Share

Operational
variables

Number of pieces NP 45 1 12 11 4.91 4 221 100.00

Payload volume PV (m3) 45 0.98 4.92 3.94 2.80 2.94 126.05 100.00

Extraction distance ED (m) 45 15.5 1171.5 1156.0 590.13 645 26,556.00 100.00

Time and fuel
consumption

variables

Driving to the
pre-skidding site tDET (h) 45 0.019 0.199 0.180 0.108 0.130 4.83 22.57

Maneuvering at the
pre-skidding site tMAN (h) 28 0.001 0.022 0.021 0.007 0.005 0.18 0.87

Pulling out the cable tPOC (h) 45 0.003 0.127 0.124 0.037 0.034 1.65 7.71
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Table 4. Cont.

Variable
Code and

Measurement
Unit

Descriptive Statistics

Number of
Observations

Minimum
Value

Maximum
Value Range Mean

Value
Median
Value Sum Share

Attachment of the
payload tAPL (h) 44 0.003 0.079 0.076 0.025 0.023 1.10 5.16

Pulling in the payload tPIP (h) 45 0.003 0.199 0.196 0.060 0.048 2.69 12.58

Detaching the payload
from the cable tDPC (h) 45 0.000 0.051 0.051 0.017 0.014 0.76 3.55

Attaching the payload
for extraction tAPE (h) 45 0.000 0.098 0.098 0.026 0.019 1.14 5.35

Driving with the
payload to the forest

road
tDFR (h) 45 0.035 0.362 0.327 0.170 0.198 7.66 35.77

Detaching the payload
at the forest road tDPR (h) 42 0.003 0.026 0.023 0.009 0.009 0.37 1.73

Maneuvering and
bunching at the forest

road
tMBR (h) 42 0.000 0.079 0.079 0.024 0.021 0.99 4.65

Skidding work cycle CT (h) 45 0.112 0984 0.872 0.476 0.584 21.43 100

Fuel consumption FC (L) 45 0.200 7.200 7.000 2.864 3.200 128.90 100

Note: only the payload volume passed the normality test.

3.2. Time and Fuel Consumption Models

Table 5 reports the developed time and fuel consumption models along with their rele-
vant statistics. For both time consumption models, the linearity assumption was checked
by analyzing scatter plots that show cycle time consumption as a function of extraction dis-
tance (Figures A2 and A3). Following multicollinearity tests, the number of pieces, payload
volume, and extraction distance were found to be very weakly correlated (R = −0.05 to 0.12)
in the skidder dataset. Therefore, all independent variables were retained for model devel-
opment. However, in the farm tractor dataset, the correlation between the number of pieces
and extraction distance exceeded the threshold of 0.8. Consequently, for modeling purposes,
only the extraction distance and payload volume were retained. The homoskedasticity
assumption was confirmed by the Breusch–Pagan and White tests (p > 0.05), but only when
considering payload volume as an independent variable for modeling cycle time in the
skidder dataset. The same findings were also observed in the farm tractor dataset. Rigorous
statistical tests (Shapiro–Wilk) indicated that the distribution of residuals was normal only
for the farm tractor dataset, although some graphical data support this assumption also
for the skidder dataset (Figure A2). Supporting data related to some assumptions of the
time consumption model are shown in Figures A2 and A3 for both datasets as prerequisites
before running the regression analysis. Following the regression analysis, all considered
predictors were found to be significant for the model developed for the skidder dataset
(Table 5). However, payload volume was not significant at the selected confidence level for
the farm tractor dataset; therefore, the final model included only extraction distance as a
predictor (Table 5).

Similar reasoning led to the development of the final models for fuel consumption, as
shown in Table 5 for the skidder and farm tractor datasets. For these models, the number
of pieces became irrelevant for the skidder dataset, whereas extraction distance was found
to be the only significant predictor for the farm tractor dataset. In this case, the data were
homoscedastic when considering linear forms of heteroskedasticity (Breusch–Pagan test,
α = 0.05, p > 0.05), but the residuals failed the normality assumption (Shapiro–Wilk test,
α = 0.05, p > 0.05).
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Table 5. Time and fuel consumption models.

Variable Model

Model Statistics

Number of
Observations R2 Model

Significance
Independent

Variable
Significance of

Independent Variable

Skidding work
cycle time

Skidder
CT (h) = 0.09364 + 0.04509 × PV (m3)
+ 0.03014 × NP + 0.00020 × ED (m) 182 0.58 <0.001

PV <0.001

NP <0.001

ED <0.001

Farm tractor CT (h) = 0.125355 + 0.00060 × ED (m) 45 0.87 <0.001 ED <0.001

Fuel consumption

Skidder FC (L) = 0.80921 + 0.27753 × PV (m3)
+ 0.00257 × ED (m) 182 0.54 <0.001

PV <0.001

ED <0.001

Farm tractor FC (L) = 0.86869 + 0.00338 × ED (m) 45 0.75 <0.001 ED <0.001

3.3. Efficiency, Productivity and Unit Fuel Consumption Models

Figure 2 shows the models developed for efficiency, productivity, and unit fuel con-
sumption by considering the average payloads and the number of pieces as relevant and
shown in Tables 3 and 4 for each machine type. By using the models presented in Table 5,
efficiency, productivity, and unit fuel consumption were modeled in the range of extraction
distances from 0 to 3000 m, which is consistent with the data range for the skidder dataset
and covers the data range of the farm tractor dataset. Selecting and using this range in data
for extraction distance was useful to compare the performance of the two machine types.
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Figure 2. Cycle time, efficiency, productivity, fuel consumption and unit fuel consumption as a
function of extraction distance by considering the average payload size and the number of pieces per
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load for the skidder (a,b) and farm tractor (c,d) datasets: (a) variation in cycle time, efficiency and
productivity for the skidder dataset, (b) variation in fuel consumption and unit fuel consumption for
the skidder dataset, (c) variation in cycle time, efficiency and productivity for the farm tractor dataset,
(d) variation in fuel consumption and unit fuel consumption for the farm tractor dataset.

In terms of cycle time, the models were comparable within the observed range of
extraction distances, with only minor differences indicating a higher cycle time for farm
tractors when exceeding an extraction distance of 1000 m. However, the slope of the
models for extraction distance differed for the two machines (Table 5), highlighting the
impact of other variables on the skidder dataset, particularly at lower ranges of extraction
distances. Considering the differences in average payload sizes and the number of pieces
per payload, the effects of extraction distance on productivity were contrasting, especially
when exceeding approximately 50 m. Beyond this point, the productivity of farm tractors
decreased more sharply as a function of extraction distance, reaching only half that of
skidders at an extraction distance of about 1500 m. Consequently, skidders became more
efficient (Figure 2a,c) at higher extraction distances.

In terms of fuel consumption, the findings were consistent with those related to produc-
tivity and efficiency. At comparable fuel consumption levels, farm tractors demonstrated
almost double the unit fuel consumption at extraction distances approaching 3000 m, likely
as a result of payload size.

4. Discussion
The goal of this study was achieved, as models to predict time and fuel consump-

tion were successfully developed and subsequently used to model and predict efficiency,
productivity, and unit fuel use under the average conditions observed in the study. Fur-
thermore, the data used to develop these models is nationally representative, allowing
the models to reflect the average operational conditions concerning forest type, tree size,
ground conditions, and season of operation. Additionally, our refined datasets included
a significant number of work cycles and a diverse range of observed variables, such as
extraction distances, payload sizes, and the number of pieces per payload, all of these being
relevant for the currently used machines in skidding operations.

However, the assumptions of regression analysis modeling were only partly met.
While the assumptions of linearity and absence of multicollinearity were satisfied for all
models, the assumptions of multivariate normality (i.e., a normal distribution of residuals)
and homoskedasticity (i.e., consistent variance of residuals across all levels of independent
variables) were only partially satisfied. Regarding multivariate normality, our results
indicated slight deviations from normality in some cases—specifically, in the cycle time
and fuel consumption models for the skidder and farm tractors, respectively. We observed
a departure from normality in the skidder fuel consumption model, while the farm tractor
fuel consumption model exhibited normality of residuals.

Heteroskedasticity can also be present in studies analyzing operational performance,
given the high variability in data as the magnitude of predictors, such as extraction distance,
increases, due to unaccounted factors. While these factors can be relevant to the predictive
power of the developed models, it is often quite difficult, if not impossible, to exercise
control over all relevant variables [33]. Furthermore, accounting for too many factors
may lead to other issues, such as compromising the accuracy of the study [36]. From this
perspective, the cycle time consumption models were affected by slight heteroskedasticity,
primarily due to the influence of extraction distance.

Notwithstanding this, the predictions shown in Figures A2 and A3 still indicate a
high predictive power of the developed models, particularly when extraction distance
and payload volumes are considered as predictors. Indeed, factors such as the ground
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conditions of the trails, the silvicultural systems implemented, extraction intensity, the
season of work, and the personal experience of the work crews are among the recognized
factors affecting operational performance [37–39]. Therefore, there will always be a trade-
off between a model’s predictive power and the factors accounted for in the model. The
aim of this study was to offer a general set of models for the country, primarily focused on
informing decision-making and depicting the performance of operations at both tactical
and strategic levels, which we believe we have achieved. This comes in the context in which
the existing rates [31] are obsolete for the machines in use, whereas the existing national
data comes only from disparate studies addressing targeted conditions, e.g., [11,21,22,28].
For operational planning, however, other factors need to be accounted for to better reflect
the situation in specific harvesting areas concerning forest and trail conditions, worker
experience, and season of operation. Such models, however, will always suffer from limited
amounts of data used to build them, as well as from low inclusion and quantification of
diversity in crew experience.

Skidding models for purpose-built skidders operating in steep terrain consistently
identify skidding distance, winching distance, and slope (or trail slope) as the most influ-
ential variables for predicting cycle time, productivity, and cost. In a selection cut on a
30% slope using a Timberjack 450C, it was found that these three variables—especially the
interaction between skidding distance and slope—were the primary predictors of cycle
time [40]. The study reported gross and net productivity rates of 20.51–22.93 m3 h−1 at an
average skidding distance of approximately 290 m, with unit costs of 6.31–6.22 USD m−3.
Comparatively, Horvat et al. [41] examined the ECOTRAC 120V skidder in hilly (+4% trail)
and mountainous (−9.6% trail) conditions, illustrating how steeper and more adverse trails
can amplify the effect of distance on time consumption. Travel speeds decreased from 5.69
to 2.20 km h−1 unloaded and from 3.55 to 1.67 km h−1 loaded. Time increased from 10.35 to
12.03 min m−3, and daily output dropped as distances grew, despite downhill loaded travel
in the mountainous site [41]. This contrast shows that heavier average loads and adverse
trail slopes force operators to reduce travel speed more drastically, thus increasing the time
required per cubic meter [40,41]. On gentle terrain (~4.5◦) with good trail conditions, the
wheel configuration itself may be a significant driver of performance, as demonstrated
by [42]. Rubber tires achieved the highest productivity and lowest unit cost at longer extrac-
tion distances, while adding tracks improved mobility in weak or steep ground but reduced
driving speed and productivity on firm, level trails. The fuel cost share also increased to
approximately 29%–32% of the total when tracks were used due to higher rolling resis-
tance. Compared to the steep-slope results from [40,41], on favorable terrain, equipment
configuration can outweigh slope as a determinant of productivity and fuel efficiency. In
contrast, on steep terrain, slope remains an important factor regardless of wheel type. With
these in mind, our study successfully incorporates key variables into the developed models
for specialized skidders, including payload volume, number of pieces, and extraction
distances. These variables serve as relevant predictors, reflecting the time consumption
for pre-skidding with double-drum winches, which involve multiple repetitions to form a
payload, as well as the variability in load weights and extraction distances.

For farm tractors, the effect of slope and trail gradient can be even more pronounced.
Gilanipoor et al. [25] found that in mountainous forests, a tractor’s delay-free produc-
tivity was 2.60 m3 h−1 (2.43 m3 h−1 with delays), with only skidding distance and trail
slope emerging as significant predictors of cycle time. They reported sharp declines in
performance above a 15% trail slope, recommending that tractors be restricted to longer
but gentler skid trails. In contrast, Acar et al. [43], while observing farm tractors working
on very steep ground (60% slope) in uphill skidding, recorded an average cycle time of
7.49 min at approximately 95 m skidding distance and a productivity of 8.467 m3 h−1,
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with winching alone accounting for 31% of cycle time. Under favorable terrain and trail
conditions, farm tractors can perform much more competitively. Spinelli & Magagnotti [44]
have found that in small-scale forestry operations using a sulky and adequate suspension,
tractors could achieve productivity levels above 3 m3 and up to about 8 m3 SMH−1. Their
models identified piece size, winching distance, tractor power, skidding distance, and crew
size as significant predictors. Fossil energy consumption ranged from 50 to 100 MJ m−3

(about 1.3–2.7 L diesel m−3), and extraction costs could be reduced to below EUR 10 m−3

when working on lowland sites with good trails, large piece sizes, and short winching
distances. Compared to the steep terrain cases of [25,43], these results emphasize how
favorable site and trail conditions, combined with appropriate equipment configuration,
can transform tractor productivity and fuel efficiency, and our study indicates a similar
performance for farm tractors when working on gentle slopes.

Overall, the literature indicates that for skidders, core predictive variables across
models include skidding and winching distance, slope (or trail slope), and load size,
with equipment configuration (wheels vs. tracks) also being relevant in favorable terrain.
For farm tractors, key variables such as skidding and winching distance, piece or load
size, power, and trail slope dominate model structures. Steep or adverse trails impose
significant performance penalties, while gentle, well-maintained trails facilitate competitive
productivity, efficiency, and fuel consumption. Comparisons between authors highlight
that while skidders generally outperform tractors in steep and complex terrain, tractors
can rival or even exceed skidder efficiency in lowland or gently sloped conditions with
good trails.

As the technology progresses, long-term operational data may be sourced by other
techniques that integrate GNSS tracking. Machine learning has already progressed substan-
tially and has shown a high potential for classification tasks based on sensor data [45–47],
which, coupled with improved GNSS tracking [48,49], can offer a solution also for com-
monly used cable skidders and farm tractors that lack data collection capabilities. Moreover,
computer vision techniques were found lately to be highly performant in activity recog-
nition. Such techniques could probably solve the problem of long-term data collection,
processing, and analysis, providing valuable tools to improve our understanding on op-
erational performance. This will enhance our ability to run automated time studies by
advancing already used techniques [50–53].

5. Conclusions
This study developed updated models to estimate cycle time and fuel consumption

for double-drum winch skidders and single-drum winch agricultural tractors adapted for
skidding, using a nationally representative all-season dataset. The models incorporate
key variables such as extraction distance, payload volume, and the number of pieces per
cycle, which enable the characterization and differentiation of both machine types under
diverse operational conditions in Romania. For skidders, variability in cycle time and fuel
consumption is primarily explained by the combined effects of extraction distance, payload
volume, and number of pieces. In contrast, for agricultural tractors, extraction distance is
the only significant predictor, indicating lower sensitivity to load characteristics. Simula-
tions reveal that at short extraction distances, productivity differences are minor; however,
beyond 50 m, farm tractors lose competitiveness, achieving only half the productivity of
skidders at approximately 1500 m, along with a notable increase in unit fuel consumption.
These results provide a reliable tool for planning skidding operations and offer a scientific
basis for comparing machines and guiding decisions on their allocation based on working
conditions. However, for a better fit and application in more localized contexts, the models
should be adjusted to include specific factors such as slope, trail conditions, forest type,
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equipment configuration, and crew experience. Additionally, the study emphasizes the
need for developing automated methods and systems for long-term performance assess-
ment, which would enhance the accuracy and timeliness of the models, as well as their
ability to reflect the technological evolution of machines and timber harvesting practices.
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Figure A1. Examples for the time consumption categories described in Table 2, as collected by the
video cameras: (a) driving to the pre-skidding site with a cable skidder, (b) driving with the payload
to the forest road with a cable skidder, (c) pulling in the payload with a cable skidder, (d) maneuvering
and bunching at the forest road with a cable skidder, (e) driving to the pre-skidding site with a farm
tractor, (f) driving with the payload to the forest road with a farm tractor, (g) pulling out the cable
from a farm tractor, (h) maneuvering and bunching at the forest road with a farm tractor.
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Figure A2. Supporting data for the cycle time consumption model of skidder dataset: (a) normal
probability plot of the CT variable, (b) line fit plot of CT based on ED variable, (c) line fit plot of CT
based on NP variable, (d) line fit plot of CT based on PV variable, (e) residual plot of ED variable,
(f) residual plot of NP variable, (g) residual plot of PV variable, (h) boxplot of model’s residuals, and
(i) histogram of model’s residuals.
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Figure A3. Supporting data for the cycle time consumption model of farm tractor dataset: (a) normal
probability plot of the CT variable, (b) line fit plot of CT based on ED variable, (c) line fit plot of CT
based on PV variable, (d) residual plot of ED variable, (e) residual plot of PV variable, (f) boxplot of
model’s residuals, and (g) histogram of model’s residuals.
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