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Abstract 
 

Soil rutting is the result of poor trafficability when soil moisture conditions render soil unable to 

resist compaction and displacement. Rutting can have deleterious impacts to the ecology of the 

affected area, with impacts on water flow and retention, site regeneration and soil erosion. 

Additional effects include the increased cost for maintenance of forest machinery and lowered 

efficiency in operations. The aim of this analysis was to determine the extent to which terrain and 

soil moisture indices could predict the probability of rutting. This was done via imagery analysis 

of a 250,000-ha study area located in central New Brunswick, Canada. Points were placed on 

instances of rutting and non-rutting throughout 400 cut blocks and delineated as 1 for rutting 

occurrences and 0 for non-rutting occurrences. Following this, raster layers were created for the 

slope in percent, sinks, Topographic Wetness Index, Topographic Position Index, Depth to Water 

4ha, flow accumulation and direction all derived from the available provincial LiDAR data from 

the GeoNB database. The Multivariate extraction tool was used to extract data layer information 

from underneath each point, which was then analyzed in Statview to formulate a logistic 

regression model. The Topographic Position Index and Depth to Water 4ha were deemed as the 

best predictor variables for rutting within the study area, with a best-fitted predicted overall 

percentage of 84.93% for both observed and predicted incidences of rutting and non-rutting.  
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Introduction 
 

Soil rutting is the result of poor soil trafficability and is caused by the forestry industry and 

military operations when soil moisture levels vary upwards from the soil retaining field capacity 

towards soil saturation. This primarily occurs due to combined wet weather conditions and poor 

soil drainage in depressions, along streams and low-lying land next to wetlands, lakes, ponds, and 

shores. For these conditions and locations, soils do not have sufficient strength to resist soil 

compaction and displacement (Nugent et al., 2003; Labelle and Jaeger, 2011; Duncker et al., 

2012; Goutal et al., 2013; Sirén et al., 2013; Kauppinen et al., 2016; Riggert et al., 2016; 

Launiainen et al., 2019 as cited in Salmivaara et al., 2021, Pundir & Garg, 2021). 

Heavy traffic–induced soil compaction reduces soil water infiltration, percolation, and aeration, 

while increasing soil density and causing root damage (Cambi et al. 2018a, 2018b; Jansson and 

Wasterlund 1999; Mariotti et al. 2020; Sirén et al. 2013; Solgi et al. 2019; Sugai et al. 2020; 

Batey 2009; Lee et al. 2020 as cited in Marra et al., 2021). Recovery from rutting generally varies 

from ephemeral on sandy soils, to long-lasting on loamy to clayey soils (Bottinelli et al. 2014; 

Jourgholami et al. 2020 as cited in Marra et al., 2021). 

After formation, ruts may block or facilitate the flow of water across affected areas 

(Marion and Olive 2006 as cited in Campbell et al. 2013). Increased water flow enhances soil 

erosion and hence sediment transfer and sediment build-up in waterways, lakes, and shores 

(Morgan et al., 1983). Poor trafficability resulting in ruts also leads to inefficiencies in forest 

operations such as wood harvesting, wood retrieval, and follow-up site preparations. These 

inefficiencies refer to (i) machines becoming stuck in the soil, which invariably leads to further 

soil compaction and displacement, (ii) increased machine maintenance costs, and (iii) reduced 
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abilities in maintaining the standards of imposed best-management practices and certification 

protocols (Marchi et al. 2018 as cited in Marra et al., 2021; Ares et al. 2005; as cited in Ezzati et 

al., 2012, Salmivaara et al., 2021; Suvinen, 2006 as cited in Niemi et al., 2017). 

While forest harvest operations are best done when soils are frozen, there is a concern that 

sustained periods of frozen soils are becoming shorter due to increasing winter warming and 

incidences sporadic mid-winter warm-weather rainfalls (Lehtonen et al., 2019).  

Trafficability is largely dependent on-site factors such as soil type, slope or topography, 

land use and soil moisture content (Pundir & Garg, 2021). Since soil moisture conditions 

generally vary from ridgetops to depressions, it has become possible to approximate these 

variations through elevation-derived terrain and soil moisture wetness indices such as the Terrain 

Wetness Index (TWI) (Beven and Kirkby, 1979 as cited in Mattila & Tokola, 2019), Topographic 

Position Index (TPI), and the cartographic Depth-To-Water Index (DTW) (Murphy et al., 2009). 

The derivation of these indices has been facilitated through the increasing availability of LiDAR-

derived digital elevation models (DEMs) at 1 m resolution. The objective of this thesis is to 

demonstrate the extent to which these indices can be used to delineate where rut-inducing 

conditions across forested terrain likely exist. This is done by: 

1. systematically marking where did and did not occur within-cut-block forest operations by 

inspecting high resolution surface images,  

2. determining the extent to which these occurrences and non-occurrences could be captured by 

way of a logistic regression model using the LiDAR-DEM derived terrain variables TWI, TPI, 

DTW and slope in combination with soil type as predictor variables.  



6 

This was done by image and terrain analysis, inspecting approximately 400 cut blocks all located 

within a 250,000-ha wide area located in central New Brunswick (Figure 1). 

Methodology 
 

Study Area 

The area of interest (AOI) falls within Sudbury, York and Northumberland counties of New 

Brunswick. This area is characterized as having average daily temperatures that range from -10 ºC 

to 19 ºC, and an average precipitation of 1100mm annually (Government of Canada: Environment 

and Natural Resources, 2021). The southernmost portion of the study area is located within the 

Saint John River watershed and the more northern region is located within the Miramichi river 

watershed, both of which are major river systems within the province and whose banks follow 

many urbanized areas including major cities.   

The study area is comprised of softwood and hardwood mixed forests as well as several plots of 

farmland. Ownership across the selected area varied from crown land, private woodlots or land 

owned or managed by the JD Irving Limited Woodlands division and Acadia Forest Research 

Station. Forest harvest operations varied by harvesting methods, mainly referring to clear cutting 

and strip cutting. 

Multiple image sources were used to obtain the highest resolution possible for this study area. The 

images from Google Earth were taken during varying time periods and over the course of several 

seasons and patched together to form the total aerial imagery. This resulted in portions of the 

study area having lower-resolution and occasional winter-time imagery. Thus, imagery was taken 

from additional sources such as the GeoNB enhanced imagery layer for the province. This 

imagery was of higher resolution and could supplement the areas of wintertime imagery. It was 

imperative to use the best possible imagery for this analysis as the rut-point placement was 

derived from this imagery to remove bias in the selection of rutting areas. 
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Figure 1. Map of the study area (red polygon) with nearby major cities as well as cities located 

with the study area indicated with the white text and coloured diamonds with the provincial 

counties outlined. 

 

Imagery Analysis 

Rutting within the blocks varied from absent to extensive by severity, as noted by inspecting 

high-resolution GeoNB, ESRI, Bing and 2000-2020 Historical Google Earth imageries.  The 

resulting block by block examination across an estimated 400 cut blocks generated an ArcMap 

shapefile containing 2926 data points, marked 1 where clearly visible single-pass rutting 



8 

occurred, and 0 where rutting was absent altogether. This marking was limited to locating 3 to 5 

rut and non-rut locations within each cut block. The surface-generated cut block images at 0.05m 

cell size were compiled into a mosaic dataset after being georeferenced.  

 

 

 
Figure 2. Example of imagery taken from the study area, showing points indicated as rutting (red) 

as well as the non-rutting points (green). Points in image also contain their FIDS. 

 

Figure 2 illustrates in part the scope of the analysis, as cut blocks at varying stages of regeneration 

were investigated during the aerial imagery analysis. These varying cut blocks thus further required 

a standardized methodology in order to rank all instances of single pass rutting on an equal basis.  
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Figure 3. Further examples of the rutting and non-rutting points (indicated in red and green 

respectively). Image taken from the study area and points-enhanced in Microsoft word for 

illustrative purposes. 
 

Binary logistic analysis was utilized as this analysis was focused solely on determining where 

rutting would occur with high probability. Simplifying the instances of rutting to yes/no or 1/0 

delineation removes the speculation involved in determining the many variables that affect areas 

that may experience rutting.  
 
 

Terrain Analysis 

A polygon shapefile was used to extract the 1 m resolution elevation data from GeoNB’s LiDAR 

DEM coverage for New Brunswick. The extracted layer was subsequently used to produce the 

depression, slope, flow direction, flow accumulation, flow channel, DTW, TPI, and TWI data 

layers using the appropriate ArcMap functions, as follows: 
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1.      Depressions (Sinks) = DEM - filled DEM using ArcMap’s Fill and Raster Calculator 

functions. 

2.      Flow direction (FD), based on 8 cardinal directions D8 Flow Direction function (Tarboron, 

1997). 

3.      Flow accumulation (FA) using the Flow Accumulation function (Tarboron, 1997). 

3. Flow channels, determined by re-classifying FA< =4 ha as no data, and FA> 4 ha as 1, 

followed by using the Raster to Polyline function. 

4. Slope (in percent) using the Slope function. 

5. DTW, using the Cost distance function with Slope as cost raster, and the > 4 ha flow channels 

as DTW = 0 reference (Murphy et al., 2009). 

7.      TWI = ln (FA/Slope), using the Raster Calculator function (Zimmerman and Shallenberger, 

2016).   

8.      TPI = DEM – Mean 49 – 50 m Annulus Elevation   around each DEM cell using the Focal 

Statistics and Raster Calculator functions (Weiss, 2001). 

9.      The GeoNB available forest soil data layer was converted from its shapefile into an NB-wide 

raster file, using the Feature to Raster conversion function. 

10.  The produced raster layers formed the based to tally the for slope, TWI, DTW, TPI and soil 

type conditions at each rut and no-rut location within the shapefile by way of the Extract 

Multipoint function.  

To ensure further confidence in the predictive regression model, all points were visually inspected 

and if necessary, moved to be directly on top of any instances of rutting. In cases where the non-

rutting points were located too closely to rutting points, theses points were also relocated to a 

more appropriate location further from any instances of rutting. Additionally, the LiDAR data 
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used in this analysis, which is made available by the GeoNB database, was captured in 2015 

meaning that deep ruts had the potential to be included in the DEM and the TPI. Thus, cut blocks 

with deep rutting occurrences dated before 2015 were excluded from the analysis.  

 

 

Figure 4. The cartographic depth to water map formulated using 4ha of upslope flow 

accumulation with the inclusion of several cut blocks (black outlines) as well as rutting points. 

 

Depth To Water Map with 4ha Flow Accumulation 
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Figure 5. The topographic position index as created for the study area, with rutting points as well 

as cut blocks (black outline).  

 

Statistical analysis 

The rut, no-rut shapefile was saved as a text file, which was subsequently analyzed in Staview 

using the logistic regression analysis function, and using the following formulation: 

     y = ln[p/(1-p) = a + b sink + c slope + d (DTW4ha) + e TPI + f soil type + g TWI+ … 

where 

    p = 1/(1+exb(-y) is the probability of rut occurrences. 

Topographic Position Index Layer created for the AOI    
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Results 

 

The best-fitted logistic regression results generated from Eq. 1 are displayed in Table 1.  According 

to this, the likelihood of rutting can be inferred from two best-fitting predictor variables, namely 

the DEM-derived TPI and DTW formulations, with 84.93% reliability overall. The variables 

pertaining to soil type, slope and TWI when added to the analysis did not significantly change this 

result. In comparison, using the TPI variable as the only rut occurrence predictor was more 

discerning than using the DTW variable alone (Table 2 and Table 3). The overall correctness in 

classification dropped from 84.93% (TPI and DTW combined) to 81.65% (TPI only) and 69.17% 

(DTW only). 

  
Table 1. Logistic regression result summary, with regression coefficient details about the best-

fitting predictor variables and overall prediction classification for DTW and TPI combined. 
  
Overall summary 

Count 2926 
# Missing 4 
# Response Levels 2 
# Fit Parameters 3 
Log Likelihood -1180.299 
Intercept Log Likelihood -1993.097 
R Squared 0.408 

  
Regression coefficients for the best-fitted variables 

- Coefficient Std. Error Coef/SE Chi-Square P-Value Exp (Coef) 
Constant 0.156 0.081 1.926 3.711 0.0540 1.168 
TPI -4.533 0.187 -24.266 588.835 <0.0001 0.01 
DTW(4ha) -0.003 2.516E-4 -13.225 174.911 <0.0001 0.997 

  
Best-fitted prediction classification 

- Predicted 0 Predicted 1 Percent Correct 
Observed 0 1484 205 (false negatives) 87.86% 
Observed 1 236 (false positives) 1001 80.92% 
Overall - - 84.93% 

  

Best-fitted logistic regression equation:  

y = 0.156 - 4.53 TPI (in m) - 0.33 DTW (in m); R2 = 0.41   [1] 
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Table 2. Logistic regression result summary, with regression coefficient details about TPI as only 

best-fitting predictor variable and overall prediction classification. 
 
Overall summary 

Count 2926 
# Missing 4 
#Response Levels 2 
# Fit Parameters 2 
Log Likelihood -1286.469 
Intercept Log 

Likelihood 
-1993.097 

R Squared 0.355 
  
Regression coefficients for TPI as only best-fitted variable 

- Coefficient Std. Error Coef/SE Chi-Square P-Value Exp (Coef) 
Constant -0.707 0.052 -13.543 183.403 <0.0001 0.493 
TPI -4.635 0.183 -25.270 638.554 <0.0001 0.010 

  
 

Best-fitted prediction classification with TPI as only rut occurrence predictor 
- Predicted 0 Predicted 1 Percent Correct 
Observed 0 1466 223 (false negatives) 86.80% 
Observed 1 314 (false positives) 923 74.62% 
Overall - - 81.65% 

  

Best-fitted logistic regression equation:  

y = 0.707 - 4.63 TPI (in m); R2 = 0.355  [2] 
 

Table 3. Logistic regression result summary, with regression coefficient details about DTW as only 

best-fitting predictor variable and overall prediction classification. 
  
Overall summary 

Count 2926 
# Missing 4 
#Response Levels 2 
# Fit Parameters 2 
Log Likelihood -1794.557 
Intercept Log 

Likelihood 
-1993.097 

R Squared 0.100 
  
Regression coefficients for DTW as only best-fitted variable 

- Coefficient Std. Error Coef/SE Chi-Square P-Value Exp (Coef) 
Constant 0.672 0.066 10.169 103.413 <0.0001 1.957 
DTW 4ha -0.004 2.117E-4 -16.778 281.506 <0.0001 0.996 
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Best-fitted prediction classification with DTW as only rut occurrence predictor 
- Predicted 0 Predicted 1 Percent Correct 
Observed 0 1301 388 (false negatives) 77.03% 
Observed 1 514 (false positives) 723 58.45% 
Overall - - 69.17% 

 

Best-fitted logistic regression equation:  

y = 0.672 - 4.63 DTW (in m); R2 = 0.355  [3] 

 

 Averaging the point-by-point rut probability results in 0-5%, 5-10%, 10-15% classes and averaging 

the 0,1 rut occurrences accordingly produced the rut and no rut plots in Figure 6. This plot confirms, 

visually, how the Eq.1 modelled rut occurrence probability conforms in extent to the image-

ascertained rut locations overall.  Examples of how the individual rut versus no-rut point 

observations compare with the mapped expression of Eq. 1 are shown in Figures 6-11.  

 

 

Figure 6. The created rutting probability raster layer, overlain on the hill-shade LiDAR DEM, 

areas deemed to have a high probability of rutting are red, and low probability of rutting is 



16 

indicated in green. Red points are observed rutting locations and green points are observed non-

rutting sites 

Figure 7. Surface image of an affected cut block (top), with rutting locations are indicated in red 

points and non-rutting is indicated by green points (Bottom). The same cut block with the logistic 

regression model formulated probability layer overlain on the hill shade relief layer. Rutting 
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probability varies from 0% in the green sections to 100% in the red sections. (Yellow pushpins 

indicate additional rut markings and are residual from the Google Earth analysis). 

 

 

 
 

Figure 8. Surface image (top) compared to probability layer (below), with selection of markers 

indicating ruts (red) and no ruts (green).  
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Figures 7 and 8 illustrate the abilities of this probability model to determine low-laying areas as 

well as significantly wetted areas, which have been identified as conditions conducive to the 

formation of soil rutting and are consistent with the wetted and rutting areas located through the 

surface imagery.  

 

Figure 9a. Surface image showing extent of soil rutting, with selection of markers indicating ruts 

(red) and no ruts (green)  
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Items of note in Figure 9a are the flow channels that indicate wetted areas as well as the logging 

access road that is centrally located within the cut block. The flow networks and other significantly 

wetted areas appear in Figure 9b, as to demonstrate the effectiveness of this model in locating these 

areas of significant flow accumulation and lower microtopography. These conditions are seen to 

coincide with the instances of rutting captured in the aerial imagery for this example.  

 

Figure 9b. Rut probability layer, with selection of markers indicating ruts (red) and no ruts (green). 
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The flow networks and low-laying areas in Figure 9a were noted to experience rutting as delineated 

in the rut occurrence probability layer. The lack of DEM-apparent roads in Figure 9b indicates that 

this area was harvested after the LiDAR data was acquired in 2015. Thus, the rut occurrence 

probability model is able to effectively predict areas with high probability of rutting before the start-

up cut block access and harvesting operations.  

 

Figures 10 and 11 demonstrate the same effectiveness in the probability mapping as Figures 9a 

and b, however the LiDAR data in Figure 10 was taken after the area had been harvested as 

indicated by the presence of the created logging road towards the bottom of the image. This road 

was not likely to cause any significant effect on the LiDAR data concerning rutting probability as 

this road did not intersect the cut block. However, similar to Figure 9, Figure 11 does not have the 

logging road present in its LiDAR data and thus, the model was able to effectively predict areas 

of rutting under pre-harvesting conditions using the DTW and TPI derived probability layer. 

Reviewing the results listed in Tables 1, 2 to 3 indicates the TPI more effective than DTW in 

correctly classifying rut occurrences, i.e., leading 81.7% and 69.2% correct classifications, 

respectively. This being so, combining TPI with DTW as logistic regression predictor variables 

further enhances the overall rut occurrence classification to 84.9%. 
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Figure 10. Surface image compared to probability layer, and selection of markers indicating ruts 

(red) and no ruts (green).  
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Figure 11. Surface image compared to probability layer with selection of markers indicating ruts 

(red) and no ruts (green).  

 

Discussion 
 

As evidenced by Figures 6 - 11, the regression derived probability map conforms to the aerial 

imagery of rutting fields and is thus generally effective in predicting soil rutting based on the local 

variations in microtopography. Testing soil type as additional logistic regression predictor variable 

for rut occurrences did not affect the results summarized in Tables 1 to 3 significantly. This could 

be due to the location of the study area, which is mainly comprised of the New Brunswick eastern 

lowlands: a floodplain with low-laying topography generally underlain by compacted till (basal till; 
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Figure 12). Thus, while soil type may have a greater effect on the soil moisture content in areas 

with highly variable topography, it does not appear to have the same effect on this region. As such, 

lowland depressions as revealed by TPI mapping across the survey area tend to accumulate and 

retain water for longer periods of to time than depressions across well drained areas. Since many of 

these depressions exist between the > 4 ha defining upslope flow-accumulation area criterion for 

permanent streams, it is clear how TPI mapping for rut occurrences would complement the DTW 

< 1 m delimited wet-area extent along permanent streams.  

 

Overall, the TPI and DTW 4ha delineations both inform about low-lying areas in which water 

accumulates and remains. In contrast, the 0.25 ha and 1ha upslope flow accumulation DTW maps 

do not significantly affect the logistically determined soil rutting potential as the water that would 

accumulate in the additional  areas so mapped would, for the most part, not remain for  extended 

periods of time.  

 

Figure 12 illustrates the position of the study area within the greater topographical context of New 

Brunswick. The majority of the study resides in this area of lower topography which may be a factor 

as to why the slope, and subsequently the TWI, were not deemed as significant variables in this 

analysis. Lower variation in topography could have amplified the propensity for water to 

accumulate in the low points of micro-topography given the minimal slope of the study area which 

can be seen in Figure 13.  

 



24 

 

Figure 12. Topographic map of New Brunswick indicating the eastern lowlands ecoregion with 

study area (red polygon) overlain. (Jones, 2018).  
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Figure 13. The slope for an area of the analysis, showing cut blocks (black outline) as well as 

several rutting points. This figure shows the pattern of relatively minimal slope within the AOI. 

 

 

The classification of false positives and negatives in Table 1 attests to DEM-triggered TPI and 

DTW interpretation limitations: 

1. TPI classified high “rut” occurrence probabilities at steep foot slope locations are likely false 

positive artifacts because the negative TPI values at these locations are due to averaging 

across the steep and flat portions along these locations. 

2.  The TPI index loses its depression- and ridge-locating power across flat areas wider than the 

100 m TPI-determining annulus diameter: here, TPI values tend to be at or near 0 m 

The Slope in Percent for a Section of the AOI 
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(generally mapped yellow in Figures 6 to 11). Hence, small elevated and depressed area 

would not be TPI- recognized in terms of potential rut occurrences, thus leading to false 

negatives at actual rut locations, and false positives at no rut locations. 

3. DEM-indicated flow blockages such as roads or beaver dams can divert permanent 

streamflow channels from their true paths, thus  

(i) marking the areas next to the resulting DEM-traced flow channels to be wet, therefore 

leading to false positives, and  

(ii) the areas next to the actual but DEM non-traced flow channels dry, therefore leading 

to false negatives.  

 

 

Future Applications 
 

While the TPI and DTW 4ha layers were successful in determining the probability of rutting 85% 

of the time, further additions to the model could yield in a useful predictive tool for scheduling 

harvesting operations. In all of this, it should be remembered that in areas where Eq.1 predicted 

high probabilities of rutting, making ruts can essentially be avoided when soil and weather 

conditions at the time of operations are favorable. Favorable conditions refer to when the soils are 

frozen, and when the soils are sufficiently dry. The inclusion of weather data in conjunction with 

the current predictive model would produce a dynamic trafficability map (Labelle et al., 2022). 

Currently, there are available hydrological and meteorological data that could be used in 

conjunction with the probability layer to determine where rutting may form based on current, 

local conditions. For example, the inclusion of local weather data in a trafficability map would be 

beneficial as changes in daily, weekly, monthly, and seasonal precipitation and temperatures 
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affect the extent of soil compaction (Hansson et al., 2018, Allman et al., 2017, Toivio et al., 2017, 

Hansson et al., 2018, Marchi et al., 2018, Jankovský et al., 2019, Ilintsev et al., 2020, Labelle et 

al., 2022).  Furthermore, increased variability in weather patterns brought on by anticipated 

climatic changes can further affect soil moisture and may shorten the window for harvesting 

operations (Marchi et al., 2018, Ilintsev et al., 2020, Toivio et al., 2017 as cited in Labelle et al., 

2022). An additional use for this type of mapping would be to delineate habitats by fauna and 

flora specific moisture regime preferences, thus lending this tool to interdisciplinary applications.  

 

Conclusion 
 

The logistic regression analysis of rut occurrences in cut blocks across the area of interest in this 

study, using LiDAR-derived TPI and cartographic DTW layers, have shown to be effective in 

capturing the incidences of rutting 85% of the time. The TPI layer identifies areas with lower 

microtopography where soil water has a higher chance of aggregating and the DTW 4ha layer 

identifies these permanently wetted areas near rivers, streams, lakes, and wetlands. In this 

analysis, the DEM-derived TPI and DTW data layers were the only significant rut occurrence 

predictors. Adding soil type, slope and TWI to this analysis did not significantly improve on 

predicting where ruts and no ruts actually occurred. This can potentially be explained by the 

glacial till mode of deposition combined with the overall lower topography of the study area.  

False positives and negatives can be attributed to variations and anomalies in local 

microtopography as well as temporal variations in soil moisture content due to weather 

conditions. Since the resulting map quantifies where rutting is likely to occur across the study 

area, it may become an important tool in terms of planning how to minimize / eliminate rut 
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occurrences along trails and roads within and towards cut blocks. Thus, a dynamic model that 

includes site specific conditions pertaining to hydrology and weather data will become a useful 

tool for scheduling operations, especially with the closing window for wintertime harvests 

forecasted with climate change.   Further studies are needed to determine the extent to which the 

rut occurrence model based on Eq. 1 applies to observing cut block ruts in other areas, whether 

located in New Brunswick or elsewhere.  
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