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Abstract

To ensure sustainable forest management, the assessment and monitoring of soil com-
paction and rutting are essential. Here, we used airborne light detection and ranging-
derived digital terrain model (LiDAR-derived DTM), available for the forest of Compiégne
in northern France, to compute a spatial index of soil rutting. Following an environmental
systematic sampling design, we selected 45 plots representative of the forest stand con-
ditions where we subsequently extracted information from the DTM to compute the
cumulative length of ruts (CLR). To assess the quality of this LIDAR-derived index, we
related the CLR index to in-situ soil and vegetation parameters such as soil texture, soil
pH, and understory plant species composition. Floristic surveys were carried out across
all 45 plots to generate plant species response curves along the CLR gradient. We found
soil texture, soil type, and soil pH to be important determinants of CLR. For instance,
CLR was the highest in soils with the highest clay content. A total of 22 out of the
94 understory plant species we analyzed showed a significant response curve along the
CLR gradient. Most important, the occurrence probability of species associated with wet
soils and stagnant waters (e.g., Juncus effusus), like those found in ruts, increased with
CLR. Other species associated with dry soils (e.g., Hedera helix) showed a negative
response curve along the CLR gradient. In conclusion, the proposed index (CLR) has

proven useful to remotely assess soil compaction and rutting after logging operations.

KEYWORDS
airborne LiDAR, forest management, remote sensing, soil compaction and rutting, species
response curves

et al, 2015). The long-term effects of logging operations on forest

soils (e.g., compaction) due to the increasing implementation of forest

Forest management practices contribute to the alteration of ecosys-
tem functioning, chiefly through soil compaction and rutting
(Grigal, 2000). Nowadays, forest managers are facing the challenge to
meet the societal demand for wood and non-wood forest products
while complying with the sustainable use of forest resources (Cambi

mechanization urges the need to develop rutting reduction measures
for economical and ethical reasons (Grigal, 2000). Traffic of heavy
machines generates mechanical stress on forest soils, often exceeding
the soil bearing capacity, which leads to the formation of ruts on the
soil surface (Hillel, 2004a; Horn et al., 2007). Even the deep soil
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structure is affected by the reduction of soil porosity and the increase
of soil compaction and penetration resistance (Cambi et al., 2015;
Mohieddinne et al., 2019). Such structural collapses in soils are known
to decrease gas exchanges at the interface between the soil and the
atmosphere, and to reduce the infiltration of water in the deep soil
layers (Ampoorter et al., 2010), enhancing water accumulation at the
soil surface (e.g., stagnant waters in ruts). In general, soil compaction
leads to a decrease in the mineralization activities in soils and to a
reduction of the bioavailability of essential elements, potentially reduc-
ing soil fertility (Arocena, 2000). These alterations hinder water uptake,
oxygen supply, seedling and germination success, as well as root devel-
opment (Brais, 2001; Cambi, Giannetti, et al., 2018; Greacen &
Sands, 1980; Hamza & Anderson, 2005; Pardo et al, 2000;
Schumacher & Smucker, 1981). Consequently, it leads to a decreased
photosynthesis rate, growth, and regeneration of the forest overstory
(Blouin et al., 2008; Cambi et al., 2017; Slesak & Kaebisch, 2016). The
recovery time of compacted soil structures is known to take several
decades, but it will never come back to the initial state (Ebeling
et al, 2016; Goutal et al., 2012; Meyer et al., 2014; Mohieddinne
et al, 2019). The long-term impact of soil compaction and rutting led
forest managers worldwide to search for mitigation strategies to reduce
this impact. For instance, limiting the surface affected by the traffic of
heavy forest vehicles is one of these mitigating strategies. By establish-
ing a designated network of permanent skid trails over which the traffic
should be carried out, forest managers would be able to reduce the
impacted surfaces by about 60% (Augoyard et al., 2017).

Noteworthy, the increase of soil moisture and water accumulation
in ruts, due to poor water infiltration rate in the deeper soil layers, bene-
fits the occurrence and local abundance of several plant species typically
associated with soil compaction and stagnant waters, chiefly wetland
and ruderal plants (e.g, Juncus effusus and Rumex sanguineus)
(Kozlowski, 1999; Wei et al., 2015; Weltecke & Gaertig, 2011). Those
indicator species are enhanced by soil compaction (Godefroid &
Koedam, 2004a; Perry et al., 2008; Weltecke & Gaertig, 2011) and com-
pete with the other vegetation for access to soil nutrients, even contrib-
uting to the reduction of seedling establishment success
(Kozlowski, 1999). Godefroid and Koedam (2004a) have studied the
response of understory forest herbs to soil compaction and reported
highly significant increases in the abundance of wetland and ruderal spe-
cies. In addition, forest and paths' network, including ruts, increase the
number of ruderal plants (e.g., Agrostis stolonifera, Geum urbanum, Rumex
sanguineus) as well as other species indicating forest disturbances by
heavy machines (Avon et al., 2013; Godefroid & Koedam, 2004b). Mer-
cier et al. (2019) showed that skid trails favour rich, light, and moisture-
demanding species that are spatially confined to the trails.

The level of soil compaction and rutting are usually measured in-situ,
using field equipment and observations. Rutting is typically measured as
the depth of the ruts, which is potentially time-consuming if rutting is
measured across large spatial extents (Koren et al., 2015). Soil physical
(e.g., bulk density, penetration resistance, shear strength), physicochemi-
cal (e.g., redox potential, pH), and biological (e.g.,, CO, efflux, microbe
activity) parameters describe the alteration level of the soil after compac-
tion. These properties can also be measured directly in-situ or in the lab
based on soil samples, which does not necessarily optimize the time spent

to evaluate soil alteration, especially across large spatial extents. Recent
scientific advances in remote sensing provide a promising, although
largely untapped, resource for a spatially and temporally standardized
monitoring of soil compaction and rutting in forest systems. Indeed, there
is a strong need to develop methods and approaches relying on remote
sensing to help and guide forest managers to limit the negative impacts
of forest mechanization on forest soils. Recently, numerous studies
highlighted the promising efficiency of remote sensing in the assessment
of soil rutting (Cambi et al, 2018; Niemi et al, 2017; Pierzchata
et al., 2016; Salmivaara et al., 2018). Some of them used high-resolution
photogrammetry to assess soil rutting after forest harvesting (Haas
et al., 2016; Pierzchata et al., 2016). Cambi et al. (2018) reported, across a
limited spatial extent, that high-resolution photogrammetry could be used
to derive proxies of soil compaction that are representative of in-situ
measurements. The same technology was used by Marra et al. (2018)
who found a strong correlation between manual measurements carried
out in the field and the outcomes from high-resolution photogrammetry.
Similarly, Talbot et al. (2018) used unmanned aerial vehicles (UAVs)
equipped with digital cameras, generating 3D images, to characterize the
soil rutting severity after forest harvesting. Yet, such an approach based
on UAVs is only applicable over recently clear-cut/harvested areas and
across relatively small spatial extents. Alternatively, terrestrial laser scan-
ning (TLS) using light detection and ranging technology (LiDAR) has been
suggested as an alternative to map soil compaction and rutting from
below the canopy (Koren et al., 2015). Still, such an approach is limited by
the spatial extent that can be covered using TLS in the field. Airborne
LiDAR (i.e., LIDAR sensors on board of aircraft flying above the forest
canopy) appears as the best alternative for assessing soil compaction and
rutting below the forest canopy and across large spatial extents (Niemi
et al.,, 2017). Despite the accuracy of airborne LIiDAR images, it has rarely
been used so far to assess soil compaction and rutting, except for the
work of d'Oliveira et al. (2012), Niemi et al. (2017) and Callesen et al.
(2020) who mapped rutting trails from LiDAR-derived digital elevation
and terrain models. Here, we propose to use a digital terrain model
(DTM) derived from airborne LIiDAR images acquired across a very large
afforested area (14,000 ha) to build a rutting index based on the cumula-
tive length of ruts (CLR). We subsequently related CLR to in-situ soil and
substrate conditions within the forest (e.g., soil type, soil texture, soil pH,
and geological substrate) as well as other determinants related to forest
stand characteristics (e.g., stand dominant species and stand age) to
assess whether or not it really captures soil rutting and compaction
impacts. As for the mitigation strategies mentioned earlier, we also tested
whether CLR is lower or not on those sites with permanent skid trails as
opposed to other sites without permanent skid trails. Finally, we related
CLR to the occurrence of understory plants to investigate its usefulness

in remotely detecting the vegetation associated with ruts.

2 | MATERIALS AND METHODS
21 | Study site and sampling design

The study was conducted in the forest of Compiégne, located in
northern France (49°22'N; 2°54'E) and characterized by a temperate

85UB01 7 SUOLUWIOD) BAIEBI0 3o idde a4} AQ PoULBAOB 2 SDILE YO 95N JO S9N 10} AIRIG1T BUIIUO AB]1A O (SUOTIPUOO-PLB-SLLLBILICY" B |1 AJ2.q 1 PUIUO//-SNY) SUONIPUOD PLE SWLR | 3L} 39S [£202/90/2T] U0 Akeiqi18u1uo A1 ‘0sdi - 3eiul AQ £5Gt4P1/Z00T 0T /10p/LICD"AB |1 Aic]1jBu|UO//'Scy LI POpROIUMOQ ‘G ‘€207 XGKT660T



50 | WILEY

MOHIEDDINNE ET AL

climate: 619 mm of mean annual precipitation and 10.5°C in mean
annual temperature (Climate-data.org, 2019). This large forest
(ca. 14,000 ha) covers a vast plain and several small mounts or pla-
teaus towards the eastern and southern edges, with an elevation
gradient ranging from 30 to 148 m above sea level. The geological
substrate mainly consists of Paleocene to Eocene, sand, and lime-
stone, locally covered by Quaternary loess or drift sands
(BRGM, 2000). The three dominant soil groups are Cambisol, Luvisol,
and Podzol (IUSS Working Group WRB, 2015). The forest is a state
forest managed by the French National Forest Office (ONF). The
current vegetation is a temperate deciduous forest dominated by
common beech (Fagus sylvatica L.) and oaks (Quercus robur L. and
Quercus petraea Liebl.), with several management units locally domi-
nated by scots pine (Pinus sylvestris L.) (ONF, 2012). Forest manage-
ment practices as well as mitigation strategies to limit soil
compaction inside management units of the forest are detailed in
Mohieddinne et al. (2019). A total of 45 plots were selected across
the study area (Figure 1a) following an environmental systematic
sampling design that maximizes the variability of environmental and
stand conditions available throughout the forest (see Hattab
et al., 2017). Floristic surveys were performed during the summer of
2017 to record all vascular plants (e.g., ferns, grasses, herbs, sedges,

and seedlings) co-occurring inside the herbaceous layer (below 1-m

height) of a circular surface area of 400 m? covering each of the
45 studied plots.

2.2 | ALiDAR-derived measure of soil
rutting (CLR)

Airborne LiDAR images were acquired on February 2014 at leaf-off
conditions by the Aerodata Company (Lille, France) using a Riegl LMS-
680i with a minimum point density of 12 pts per m?, a maximum scan
angle of 30° and a lateral overlap between neighboring flight lines of
65%. Average flight height during LIDAR data acquisition was 530 m
resulting in a beam diameter of about 0.265 m when projected on the
ground. The LIiDAR data as delivered by the Aerodata Company
included a classification of ground and vegetation returns as well as a
digital terrain model (DTM), at 50-cm of resolution, generated from
the ground points (Figure 1b). From the DTM, we ran a local relief
model (LRM) to help visualize the small-scale topographic variations
(Hesse, 2010) allowing us to highlight the ruts of logging paths
(Figure 1c). The LRM process removes the large-scale landscape fea-
tures from the data to present local and small-scale elevation differ-
ences (Hesse, 2010). Based on the images generated by the LRM, we
manually digitized the revealed skid trails in a geographical informa-
tion system (GIS) (Figure 1d). Then, we overlapped the digitized skid
trails (i.e., polylines) with the 45 plots to compute the cumulative
length of ruts (CLR) inside the 400 m? surface area of each plot.

As part of the forest management plan, the implementation of
permanent skidding trails within forest management units (FMUs) is
adopted to limit and reduce the formation of ruts. When regular and

FIGURE 1 The study area.
Spatial distribution of the

45 studied plots across the forest
of Compiégne (a). Zooming
window on one of the 45 study
plots depicting: the light detection
and ranging (LiDAR)-derived
digital terrain model (DTM) (ruts
are displayed by shading) (b); the
local relief model (LRM) which
highlights the trails of compaction
as linear sunken paths (c); and the
digitization of the compaction
trails to calculate the cumulative
length of ruts (CLR) (d) [Colour
figure can be viewed at
wileyonlinelibrary.com]
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parallel-spaced ruts were observed on LiDAR images, we assumed
these were from permanent skidding trails belonging to the focal
FMU, as planned by forest managers. Yet, in many FMUs throughout
the forest, the LRM revealed meandering skidding trails that are not
permanent but opportunistic, which increases the surface area cov-
ered by ruts throughout the forest. Thus, we classified the studied
plots into two categories: those only crossed by permanent and regu-
lar skidding trails versus those crossed by non-permanent and irregu-
lar skidding trails.

All spatial and geographical analyses were performed using QGIS
2.18 Las Palmas.

2.3 | Management, substrate, and stand conditions
effects on CLR

First, we performed a Student t-test to compare the mean CLR
between plots only crossed by permanent skidding trails and plots
crossed by non-permanent skidding trails to assess whether CLR is
higher in plots crossed by non-permanent skidding trails. Second, we
aimed at testing the impact of substrate conditions (soil pH, soil type,
soil texture, and geological substrate) and stand characteristics (domi-
nant tree species and stand age) on CLR. Because the CLR variable
follows a Normal distribution, we used an ordinary least square
regression (OLS) to test the relative influence of substrate conditions
and stand characteristics (i.e., the set of explanatory variables) on CLR
(i.e., the response variable). All explanatory variables, except stand age
and soil pH, are categorical variables: soil type has four levels
(Cambisol, Luvisol, Podzol, and Gleysol); soil texture also has four
levels (clayey sand, high sandy loam, loamy sand, and sand); geological
substrate has six levels (alluvium, calcareous, colluvium, sand, silt, and
the last level grouping clay, lignites, and faluns together); and the
dominant tree species has five levels (beech, oak, scots pine, other
broadleaf species, and other coniferous species). Based on the rather
small sample size of our dataset (n = 45 plots), we could only test for
a few candidate models consisting of none (identity model) to four
explanatory variables without testing for all interaction effects here.
Only the interaction between soil type and pH was tested. All possible
combinations from none to four explanatory variables were tested,
leading to a total of 42 candidate models. The potential redundancy
(i.e., multi-collinearity issues) between the six studied explanatory var-
iables was also assessed, and some variables were excluded from the
candidate models when redundancy was detected, such as between
geological substrate and soil texture, which are highly correlated. The
Akaike information criterion (AIC), corrected for small sample sizes
(AICc), was adopted to select the best candidate model, which is the
one with the lowest AICc value (Table ALl in the Appendix)
(Burnham & Anderson, 2002; Hurvich & Tsai, 1989). The analysis of
variance, two-way ANOVA, was performed on the best candidate
model. In addition, variation partitioning was carried out on the best
candidate model to describe how much variation was explained by
each of the explanatory variables involved in the best candidate

model.

24 | Does CLR relate to understory plant species
distribution?

Here, we aimed at testing the ability of our LIDAR-derived CLR index
to predict the distribution of understory plant species and more spe-
cifically whether or not understory plants associated with wet soils
and stagnant waters in ruts are positively responding along the CLR
gradient. To capture the spectrum of local conditions covered by
understory plants associated with ruts, we used Ellenberg indicator
values (EIVs) for soil moisture (F), soil nutrient conditions (N), light (L),
and soil reaction (R) (Mueller-Dombois & Ellenberg, 1974). For
instance, wetland plants tend to have high EIVs along the F gradient
ranging from 1, for plants associated with dry soils, to 12, for plants
associated with aquatic underwater conditions, through 5-9 for plants
associated with moist and wet conditions. Hence, depending on soil
type and soil texture (i.e., sandy soils are less likely to generate ruts
with standing waters), most of the understory plant species occurring
in or close to ruts with standing waters should have high F EIVs,
between 5 and 10. To test this hypothesis, we computed the mean of
EIVs for F across all vascular plant species that are co-occurring within
each of the 45 plots (EIV-F). Then we related this community-based
metric to CLR, assuming a positive correlation. Likewise, soil compac-
tion affects negatively soil fertility (EIV-N) and soil reaction (EIV-R).
Hence, we assumed a negative correlation between CLR and EIV-N as
well as between CLR and EIV-R. Logging operations also increase light
conditions near the ground surface due to the opening of the upper
canopy layer. Because of that, we assumed a positive correlation
between CLR and EIV-L. As an alternative metric of canopy opening,
we also computed canopy density from the raw LiDAR point cloud
and assumed a negative correlation between CLR and canopy density.
Additionally, we assumed plant-specific richness (SR) within each plot
to increase with CLR, due to the micro-topography generating micro-
climatic conditions that may enhance the occurrence of wetland,
ruderal, and light-demanding species throughout the transport of
seeds by forest vehicles (Avon et al., 2013; Beatty, 1984; Mercier
etal, 2019).

Finally, for each species occurring in at least 10% of the plots and
less than 90% of the plots (being a total of 94 species occurring in 5-
40 plots), we modelled the response curve of the species' occurrence
probability along the CLR gradient. We had to exclude rare species
occurring in less than five plots or very common species occurring on
almost all of the 45 studied plots to be able to fit a model and thus a
species response curve along the CLR gradient. For each of the
94 selected species, we fitted generalized linear models (GLMs) using
a binomial family (i.e., logistic regression) to match the distribution of
the response variable being binary (i.e., each species presence/
absence). As for the explanatory variables, we used CLR as the main
predictor variable as well as four other covariates to account for
potential confounding effects with CLR. Indeed, the amount of light
reaching the ground surface (sunshine) as well as soil conditions (soil
pH, soil type, and soil texture) will affect the distribution of understory
plants such that it could be confounded with the CLR gradient. There-
fore, for each species, seven candidate models were tested: (i) CLR
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+ sunshine + pH + soil type; (ii) CLR + sunshine + pH + soil texture;
(iii) CLR + soil texture; (iv) CLR + sunshine; (v) CLR + pH; (vi) CLR
+ soil type; and (vii) CLR only. The model showing the lowest AICc
was selected as the best candidate model. For each species showing a
significant relationship with CLR, being positive or negative, we gener-
ated the response curve or probability of occurrence along the range
of values covered by the CLR index throughout our study area. We
assumed a positive effect of the CLR variable on the probability of
occurrence for species with high F values (i.e., species associated with
wet conditions) but a negative effect for species with low F values
(i.e., species associated with dry soils).

All statistical analyses were performed using the R software envi-
ronment (R Development Core Team, 2016) and significance was

assessed at a level of p-value < 0.05.

3 | RESULTS

31 |
index

The impact of soil conditions on the rutting

Within our study area, we found the cumulated length of ruts (CLR) to
range from O to 124.5 m (mean + SEM = 66.3 + 5.2). The mean CLR
value in forest management units (FMUs) with permanent skidding
trails (mean + SEM = 91.35 + 9.6, N = 9) was significantly higher (p-
value = 0.01) than the mean CLR value in FMUs without permanent
skidding trails (mean + SEM = 61.75 + 1.82, N = 35) (Figure Al1 in
the Appendix). The best model explaining the observed variation in
CLR included four explanatory variables: soil pH; soil type; soil tex-
ture; and the stand dominant species (Table Al.1, model m23, in the
Appendix). This model explained 32% of the total variation for CLR
(R? = 0.5, Rzadj = 0.32). The analysis of variance in this model
(Table Al-3 in the Appendix) showed a significant effect on soil type,
soil texture, and soil pH (p-value = 0.008, 0.006, and 0.043, respec-
tively). The variation partitioning showed that 25% of the total varia-
tion of CLR is explained by the soil texture, 8% by the soil pH, 8% by
the dominant tree species in the stand, and 4% by the soil type. Then,

5% of the total variation was explained by the overlap between the

TABLE 1

dominant tree species and soil pH, 3% by the overlap between soil pH
and soil type, 3% by the overlap between the dominant tree species
and soil type, 1% by the overlap between soil texture and soil type,
and finally 1% by the overlap between soil pH and soil type. The fit-
ting model of CLR (i.e., m23 in Table Al.1 in the Appendix) showed a
significant decrease of CLR on sandy loam (p-value = 0.01), loamy
sand (p-value = 0.001), and sand (p-value = 0.001) textures compared
to the clayey sand texture used as a reference in the model (cf. the
intercept). We also found a significant decrease in CLR with the
increase in soil pH (p-value = 0.04). According to stand characteristics,
we found the CLR index to be significantly higher in plots dominated
by scots pine (p-value = 0.028) than in plots dominated by beech. For
soil types, the CLR index was lower on Gleysols but higher on Luvisols
compared to Cambisols as a reference (cf. the intercept) (p-
value = 0.003 and 0.08 respectively) (see Table Al-2 in the Appendix).

3.2 | How does the rutting index relate to
understory plants?

As shown in Table 1, none of the variables derived from the floristic
surveys at the community level, like Ellenberg Indicator Values (EIVs)
for soil moisture (F) and species richness (SR), were correlated with
CLR, while canopy density was negatively correlated to CLR
(p = —0.36; p < 0.01). Irrelatively to CLR, SR was positively correlated
with EIV-L, EIV-N, and EIV-R (p = 0.3, 0.55, and 0.5, respectively)
while EIV-R was positively correlated to EIV-N (p = 0.48) and canopy
density was negatively correlated to EIV-L (p = —0.66).

Among the 94 studied plant species for which we studied the
response curve along the CLR gradient, 51 species had CLR as the
only explanatory variable retained in the best candidate model.
Twelve out of 51 had a significant relationship, either positive or neg-
ative, with CLR. Additionally, 10 other species showed a significant
relationship with CLR as well as another covariate such as soil pH,
which makes a total of 22 species showing a significant relationship
with CLR (Table 2). Eleven out of 22 species had a significantly posi-
tive (p-value < 0.05) response curve (i.e., positive sigmoidal shape)

along the CLR gradient (Agrostis stolonifera, Carex pendula, Carex

Correlation values between the index of cumulative length of ruts (CLR), plant community mean Ellenberg indicator values for light

(EIV-L), soil moisture (EIV-F), soil reaction (EIV-R), soil fertility (EIV-N), species richness (SR), and canopy density

CLR SR EIV-L
CLR 1
SR 0.01N% 1
EIV-L 0.000305N° 0.3* 1
EIV-F 0.2N° 0.06N° -0.03"°
EIV-R 0.08N% 0.55*** 0.17N%
EIV-N 0.19N% 0.5*** 0.01N°
Canopy density —-0.36* 0.04N° —0.66***

EIV-F EIV-R EIV-N Canopy density
1
0.09NS 1
0.09Ns 0.48*** 1

—0.07Ns 0.02Ns 0.09N% 1

Note: NS corresponds to a non-significant correlation, * corresponds to a significance level at p < 0.05 ** corresponds to a significance level at p < 0.01,

and *** corresponds to a significance level at p < 0.001.
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TABLE 2 Descriptive statistics of the best candidate models selected to generate species response curves along the studied gradient of
cumulative length of ruts (CLR). Only species having a significantly positive or negative relationship with CLR are listed here

Species Explanatory factor Coefficient estimate Standard error z-value p-value
Agrostis stolonifera Intercept —-4.70 1.51 -3.12 0.0018
CLR 0.04 0.02 249 0.0129
Carpinus betulus Intercept 2.11 0.81 2.59 0.0095
CLR —-0.03 0.01 -2.59 0.0097
Carex digitata Intercept 11.64 5.27 2.21 0.0273
CLR —0.05 0.02 -212 0.0345
pH -1.94 0.85 -2.29 0.0221
Carex flacca Intercept 7.04 3.88 1.82 0.0692
CLR —0.04 0.02 —2.25 0.0245
pH -1.07 0.58 -1.84 0.0656
Carex pendula Intercept —3.68 1.11 -3.31 0.0009
CLR 0.04 0.01 3.04 0.0024
Carex remota Intercept -3.62 1.20 -3.02 0.0025
CLR 0.03 0.01 2.20 0.0281
Circaea lutetiana Intercept -0.86 0.70 -1.23 0.2184
CLR 0.02 0.01 2.10 0.0357
Convallaria majalis Intercept 0.11 0.86 0.13 0.8948
CLR —0.04 0.02 -2.15 0.0313
Epilobium hirsutum Intercept —-4.41 1.87 -2.36 0.0183
CLR 0.04 0.02 191 0.0500
sunshine —0.49 0.41 -1.20 0.2298
Eupatorium cannabinum Intercept -6.06 2.07 —-2.93 0.0034
CLR 0.05 0.02 241 0.0160
Festuca heterophylla Intercept 9.90 4.48 2.21 0.0270
CLR —-0.04 0.02 -211 0.0350
pH -1.63 0.71 -231 0.0209
Fraxinus excelsior Intercept 12.99 4.40 2.95 0.0031
CLR —0.04 0.02 -2.82 0.0049
pH -1.78 0.63 —2.82 0.0048
Fragaria vesca Intercept 6.41 4.35 1.47 0.1405
CLR —-0.04 0.02 —2.06 0.0397
pH -1.01 0.65 —1.55 0.1209
Glechoma hederacea Intercept —2.55 0.90 —2.82 0.0048
CLR 0.02 0.01 2.23 0.0258
Hedera helix Intercept 8.13 3.07 2.65 0.0081
CLR —-0.03 0.01 -2.59 0.0096
pH -0.82 0.43 -1.89 0.0582
Juncus effusus Intercept -7.30 2.45 —2.98 0.0029
CLR 0.08 0.03 2.96 0.0031
soil type Gleysol 6.81 2.68 2.54 2.5430
soil type Luvisol 1.26 1.03 1.23 0.2202
soil type Podzol —2.32 1.73 —1.35 0.1788
Luzula forsteri Intercept 1.97 0.99 1.20 0.0467
CLR —-0.04 0.01 —0.64 0.0083
sunshine -0.41 0.18 —2.23 0.0258
(Continues)
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TABLE 2 (Continued)
Species Explanatory factor Coefficient estimate Standard error z-value p-value
Oxalis acetosella Intercept —8.62 3.33 —2.59 0.0096
CLR 0.03 0.02 2.14 0.0327
pH 0.76 0.45 1.68 0.0938
Quercus petraea Intercept 0.81 0.75 1.08 0.2815
CLR —-0.03 0.01 —2.47 0.0136
Solanum dulcamara Intercept -3.39 1.15 —-2.96 0.0031
CLR 0.03 0.01 2.05 0.0399
Rumex sanguineus Intercept —24.29 3734.66 -0.01 0.9948
CLR 0.05 0.02 2.25 0.0248
Viola reichenbachiana Intercept 0.91 0.99 0.92 0.3569
CLR -0.04 0.02 -2.28 0.0229
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FIGURE 2 Example of understory plant species depicting a significantly positive response curve along the CLR gradient

remota, Circaea lutetiana, Epilobium hirsutum, Eupatorium cannabinum,
Glechoma hederacea, Juncus effusus, Oxalis acetosella, Rumex sangui-
neus, and Solanum dulcamara) (Figure 2). In contrast, the other 11 spe-
cies had a significantly negative (p-value < 0.05) response curve
(i.e., negative sigmoidal shape) along the CLR gradient (Carpinus betu-
lus seedlings, Carex digitata, Carex flacca, Convallaria majalis, Festuca
heterophylla, Fraxinus excelsior seedlings, Fragaria vesca, Hedera helix,
Luzula forsteri, Quercus petraea seedlings, and Viola reichenbachiana)
(Figure 3).

4 | DISCUSSION

41 | What does the rutting index say about the
impact of logging operations?

As suggested by others previously (Andersen et al., 2014; Callesen
et al., 2020; d'Oliveira et al, 2012; Koren et al., 2015; Niemi
et al., 2017; Salmivaara et al., 2018), we showed that it is indeed pos-
sible to assess soil rutting across an entire forest using airborne LiDAR
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data. Using the LRM treatment on a LiDAR-derived DTM at a very
high spatial resolution (50 cm resolution), we were able to reveal ruts
on the forest floor and below the tree canopy. Based on the LRM, our
measure of the rutting (CLR) offers a reliable index to assess soil rut-
ting and thus compaction through remote sensing, with CLR reaching,
on average across the studied forest, about 66 m within a circular sur-
face area of 400 m2. To extrapolate the total surface impacted by rut-
ting, we should consider the width of the machines' wheels (about
0.7 m on average). Considering this, the total surface area impacted
per unit of the area should be about 23%, on average. However, the
actual surface impacted by the forestry machines is even greater than
that if we consider the bulges of soil generated on the outer sides of
the ruts and the space between the two parallel ruts left by the vehi-
cles (Ampoorter et al., 2010; Jansson & Johansson, 1998; Koren
et al.,, 2015). Hence, the actual bandwidth affected by linear ruts is
around 3.5-4 m. Consequently, the average proportion of surfaces
impacted by soil rutting may be estimated to reach about 57% of the
entire forest of Compiégne.

Contrary to our assumption, our results highlighted higher CLR
within FMUs with permanent skidding trails established by forest
managers, compared to the other FMUs without any marking of per-
manent skidding trails. The establishment of permanent skidding lines
by forest managers aims at ensuring that forestry vehicles will only
use those permanent skidding lines during logging operations and limit
the exploration beyond them (Zenner & Berger, 2008). The FMUs
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Example of understory plant species depicting a significantly negative response curve along the CLR gradient

with designated permanent skidding trails should theoretically
decrease the proportion of rutted surfaces by circa 60% (Augoyard
et al., 2017), which is not what we found. Two hypotheses may
explain this unexpected result. First, many studies have demonstrated
the persistence of ruts over a very long time after skidding operations
(Ebeling et al., 2016; Mohieddinne et al., 2019), which suggests that
some ruts, still visible on LRM images, may actually result from logging
operations older than the establishment of permanent skidding trails.
Second, drivers of forest harvesters may, sometimes, disregard the
network of permanent skidding trails for several reasons (poor indica-
tion, poor accessibility, etc.). The disregard of a poorly marked net-
work of permanent skidding trails may increase the proportion of
rutted surfaces within FMUs with permanent skidding trails compared
with FMUs without permanent skidding trails. The network of perma-
nent skidding trails in the forest of Compiegne has been initiated by
the ONF during the 1980s (Mohieddinne et al., 2019). We found that
the actual network of permanent skidding trails represents about 20%
of the studied FMUs, which is much lower than the proportion initially
scheduled (ca., 80%) by forest managers in the management plan (pro-
vided by the ONF) for the forest of Compiegne. Mohieddinne et al.
(2019) mentioned that skidders traffic outside designated skidding
trails within forest FMUs that are readily equipped with permanent
skidding trails. This means that designated skidding trails are disre-
garded by logging operators on a significant part of the FMUs during
logging operations with skidders going beyond the designated
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permanent skidding trails. Therefore, assessing whether drivers of for-
est harvesters and skidders effectively use these permanent skidding
trails or not during logging operations can be easily achieved through
remote sensing, as we demonstrated here. Thus, airborne LiDAR data
provide a promising, although largely untapped, resource to help for-
est managers monitor whether logging operators respect or ignore
the skidding instructions during logging operations.

Soil texture appears as the main determinant explaining the
observed variation in CLR (25% of explained variance), together
with soil type having a significant effect on the CLR index, which is
consistent with former findings showing that soil texture and soil
type matter for soil compaction and rutting (Ampoorter
et al., 2010; Mohieddinne et al., 2019). More specifically, several
studies have shown that soil texture and soil type control soil
water-holding capacity, which in turn controls soil compaction and
rutting (Ebeling et al., 2016; Hillel, 2004b, 2004c; Lipiec &
Hakansson, 2000). The significant decrease in CLR on Gleysols
compared to Cambisols is surprising, as these wetland soils are
more sensitive to compaction. This difference would therefore be
due to silvicultural practices constrained by several specifications,
limiting the traffic of machinery onto the plots by adapted practices
(e.g., logs extraction using cable skidder, operations restricted to a
dry season, etc.). Additionally, we found higher values of the CLR
index on acid soils, which suggests that higher soil pH induces a
better and faster recovery after compaction, most likely through
improved biological activities in the soil (Beylich et al., 2010;
Mohieddinne et al., 2019). Moreover, a significantly higher value of
the CLR index was found in plots dominated by scots pine com-
pared to plots dominated by beech. The scots pine is preferentially
implanted on poor and draining stations, which correspond to the
siliceous sand soils in the forest of Compiegne. These acidic and
relatively dry soils are hostile to a part of the biodiversity of the
soils, in particular the earthworms (Curry, 2004). Consequently, the
biological processes helping the recovery of compacted soils could
be considerably slowed down, and therefore lead to a longer time
persistence of ruts in plots dominated by scots pines.

4.2 | How does the rutting index relate to
understory plants?

This work presents the first study that assessed the response of
understory plant species to a rutting index derived from a remote
sensing technique. Several of the examined understory plant species
showed an expected response curve along the CLR gradient that we
captured from airborne LiDAR, such as Rumex sanguineus, Juncus effu-
sus, and Agrostis stolonifera which responded positively. Previously,
Godefroid and Koedam (2004a) reported similarly positive response
curves for these three understory plant species along a gradient of soil
compaction measured in-situ through soil penetration resistance.
Additionally, some studies have already mentioned the occurrence of
some understory plant species, especially wetland and ruderal plants

like the ones mentioned above, as good bio-indicators of soil

compaction (Kozlowski, 1999; Small & McCarthy, 2002; Weltecke &
Gaertig, 2011). Wei et al. (2015) found that the richness of light and
moisture-demanding plant species was associated with an increase in
bulk density close to skid trails. Similarly, Mercier et al. (2019) found a
higher abundance of light and moisture-demanding plant species
along skid trails compared to the forest interior. It is widely acknowl-
edged that logging operations in woodlands not only increase light
conditions in the understory, thus enhancing the creation of open
patches suitable for light-demanding plant species, but it also
enhances the creation of superficial waterlogging and pathway habi-
tats, in ruts, suitable for wetland and ruderal plant species
(Godefroid & Koedam, 2004b; Mercier et al., 2019; Perry et al., 2008).
This is very consistent with our findings of typical wetland and moor-
land plant species being positively associated with the CLR index
(e.g., Juncus effusus, Carex remota, Carex pendula, Rumex sanguineus,
Solanum dulcamara, and Oxalis acetosella) (see Figure 2). In parallel, we
also found that typical understory plant species associated with dry
soils (e.g., Convallaria majalis and Hedera helix), associated with well-
drained soils (e.g., Viola reichenbachiana and Carex flacca), associated
to dry acidic soils (e.g., Festuca heterophylla), or associated to shady
and dry conditions (e.g., Luzula forsteri) respond negatively to an
increase in the CLR index. Somewhat consistent with these findings,
Closset-Kopp et al. (2019) showed that the increase in forest vehicle
traffic is the main reason behind vegetation changes observed over
the last decades in the forest of Compiégne. Interestingly, the signifi-
cant decrease we found in the probability of occurrence of Quercus
petraea seedlings with CLR may indicate a serious negative impact of
forest vehicle traffic on the natural regeneration of this key tree spe-
cies of high economic value.

As expected, we found canopy density to be negatively correlated
with CLR, which is consistent with an increase in light conditions fol-
lowing logging operations. However, and contrary to the species-level
responses, we found no correlation between CLR and the floristic
indicators aggregated at the community level like species richness or
the mean of Ellenberg Indicator Values (EIVs) for soil moisture (EIV-F)
across co-occurring species, probably due to the heterogeneity of
plant species responses to rutting at the community level. Besides,
the indirect effect of rutting and compaction on EIV-F is likely to
depend on the spatial heterogeneity in soil conditions (i.e., soil texture
and soil type) (Hillel, 2004b), which may blur the direct correlation
between CLR and EIV-F. Soil compaction could have a minor influence
on coarse soil textures and less biologically active soils (i.e., sandy soils
and Podzols). Noteworthy and consistently, when we excluded the
plots on sandy soils and Podzols, we found a significantly positive cor-
relation between CLR and EIV-F (N = 21, p = 0.55, p-value < 0.01).
Reduction of the infiltration capacity in compacted soils leads to stag-
nant waters in fine-textured soils (Herbauts et al., 1996; Hillel, 2004b,
2004c), which favors the occurrence of herbaceous plant species
associated with wet conditions, such as Carex remota, Carex pendula,
or Juncus effusus. In contrast, the compaction may improve the hydric
conditions for coarse-textured soils, like sandy soils, by increasing
their water-holding capacity (Hillel, 2004c; Nawaz et al., 2013). Con-
trary to Mercier et al. (2019), we did not find an increase in species
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richness with increasing rutting density. By resurveying old floristic
surveys, initially surveyed during the 1970s by Tombal (1972),
Closset-Kopp et al. (2019) demonstrated that the heavy traffic of for-
estry vehicles in the forest of Compiegne led to biotic homogenization
of understory plant communities. This biotic homogenization may par-
tially explain why CLR and specific richness are poorly correlated.

5 | CONCLUSIONS

In this paper, we proposed the use of a LiDAR-derived rutting index,
based on the cumulative length of ruts (CLR), to assess and monitor
soil compaction across large spatial extents by means of airborne
remote sensing. Like other soil compaction indices proposed in the
scientific literature and usually measured in-situ rather than remotely,
our CLR index chiefly depends on soil texture and shows expected
relationships with several understory plant species that are associated
with ruts and thus good bio-indicators of soil compaction, like Carex
remota or Juncus effusus.

Unexpectedly, we found that CLR was greater in forest manage-
ment units equipped with tagged and permanent skidding trails, sug-
gesting that the tagging of permanent skidding trails by forest
managers is not optimal or that logging operators do not really follow
the skidding instructions. Yet, the respect of the strict instructions
concerning the vulnerability of Gleysols led to prevent the damage,
when the lowest CLR is found on this soil type. This emphasizes the
need for a systematic method to remotely monitor whether or not
logging operators respect the use of permanent skidding trails when
available as well as the need for forest managers and logging opera-
tors to coordinate closely together to improve the optimization of for-
est logging operations.

Our findings validate the use of the CLR index as a meaningful
index to monitor soil compaction and rutting through remote sensing
techniques and thus to assess, remotely, the efficiency of forest man-
agement policies. Perspectives for future research include the devel-
opment of an algorithm to automatically detect ruts from LRM
images, which will facilitate the CLR computation and reduce the
observer bias. Finally, numerous studies have shown that the intensity
of rutting may severely damage soils (Agherkakli et al, 2010;
Ampoorter et al., 2010; Bygdén et al., 2003; Sakai et al., 2008). This
suggests that an improvement of our index or the creation of a com-
plementary index, considering the magnitude of rutting to distinguish
between shallow and deep ruts, could lead to a better assessment of

soil rutting and compaction.
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