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ABSTRACT 

This case study applies the concepts of statistical process control (SPC) to better understand 

variability of forest harvesting operations and is based on data provided by a forest management 

company in Maine.  Study data consisted of actual harvest records collected over a period of 20 

months from two feller bunchers operating on 30 tracts throughout Maine. The productivity of 

each machine was evaluated over the entire period using Shewhart 3σ control charts. Control 

chart centerlines were estimated using the overall process mean and variability in the data was 

estimated using three estimates of σ based on the average moving range, the median moving 

range, and the overall process standard deviation.  Control limits calculated using the average 

moving range and the median moving range provided similar results, but control limits based on 

the standard deviation proved to be too wide. Overall, the approach to understanding harvesting 

operations using SPC shows great potential for loggers and forest managers. The control charts 

highlight the level of variation operations managers must work with on a daily basis and, 

eventually, may be a valuable tool for decision making. Many challenges, primarily related to 

methods of data collection, still need to be overcome for SPC to be widely used in forest 

operations. 

INTRODUCTION 

A forest harvesting operation is a collection of interacting processes that convert standing trees 

into primary wood products. In this regard a forest harvesting operation, particularly one that is 

fully mechanized, is analogous to an industrial mass-manufacturing plant (Rajala 2003). The 

major difference is that instead of the raw material being transported to the factory for 

processing, the ―factory‖ must move to and through the raw material. This is a considerable 

disadvantage for managing forest operations as there is very little control over environmental or 

material inputs.  

In mass production, where processes are generally controlled and consistent, it has long been 

recognized that the economic impact of even small variations in process output can be severe. 

Therefore, many manufacturers have adopted a scientific approach to quality management which 

is now known as statistical process control (SPC).  The primary objective of SPC is to bring 



 

34th Council on Forest Engineering, June 12-15, 2011, Quebec City (Quebec) 2 

 

routine processes into a state of statistical control where, through the use of past experience, one 

can predict how the phenomenon may vary in the future.   

Forest operations managers have been slow to adopt SPC for a number of valid reasons, mostly 

related to the variability of inputs. SPC is more common in the wood products industry (Cassens 

et al. 1994, Young and Winistorfer 1999, Young et al. 2007), and very few studies have 

attempted to integrate SPC with forest operations (Coup 2009). The overall objective of this 

research was to demonstrate the use of SPC in forest operations. The specific objective of this 

study was to use SPC Phase I analysis to evaluate multiple control chart limits for two feller 

bunchers from whole-tree harvest operations.  

SPC BACKGROUND 

Critical steps of SPC include development of control charts and establishment of control limits. 

There are two distinct phases in control charting.  Phase I estimates the unknown control 

parameters of the process (De Mast and Roes 2004) and Phase II analyzes the process in 

comparison to the control baseline as future records are collected (Chakraborti et al. 2009).  In 

Phase I, historical critical measurement observations from a process are assessed to determine the 

natural variation of the process and to develop control limits. The control chart is used as an 

analytical tool to explore and understand the process behavior and to identify the limitations of 

natural variation within the process. This is achieved through a process that includes collecting an 

initial sample of process data, plotting a process parameter on a control chart and establishing 

control limits for the parameter.  After plotting and establishing control limits, out-of-control 

(OOC) observations can be identified based on the limits set.  Variability within the control chart 

limits is considered natural variation and observations falling outside the control limits are 

considered out of control resulting from special causes of variation.  The procedure continues by 

indentifying and correcting sources of OOC observations, and recalculating control limits 

(Montgomery 2009, Chakraborti et al. 2009). Under ideal conditions, the process is repeated so 

that only natural variation of the parameter remains (Chakraborti et al. 2009). Often, several 

parameters are tracked for a single process.   

It is important to emphasize that not only are the data adjusted to be in-control during Phase I 

analysis, but the process itself must also be systematically controlled through engineering and 

operating personnel before entering Phase II (Montgomery 2009).   The greatest challenge in 

Phase I analysis is to estimate control parameters based on observations from the initial sample 

that are robust enough to identify the presence of OOC observations within the initial sample 

(Boyles 1997, Bryce et al. 1997, De Mast and Roes 2004). Control parameters can be calculated 

using numerous methods but they are all based on the mean, μ, and an estimate of variability, 

usually the standard deviation,  σ.  Once the process has been brought into a state of control, the 

control limits become the definition of statistical control for that process.  

Phase II is more straightforward than Phase I as the focus shifts to examination of individual 

values as they are collected to verify whether the process is still in statistical control. The 

emphasis in Phase II is quick and accurate identification of special causes of variation in the 
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active process so that corrective action can be taken to prevent economic loss. Equally important 

is the prevention of economic loss associated with taking action on natural process variation.   

The literature describes three approaches to developing control charts using data types similar to 

those from this study. The first is a Shewhart individuals chart, more commonly known as a 

moving range chart. The standard  approach is to use the average of the moving range, MR
—

 (Xk), 

typically of span size n =2, (Nelson 1982, Duncan 1986) where the moving range of span 2 at 

time t for sample Xk of size m is defined as:  

  t         t –   t-                              

and the mean of the moving ranges for sample Xk as: 

  
—

      
   t
 
   

   
         

Essentially this method of estimating variability, σ, depends on arbitrarily creating small 

subgroups in order to capture short-term variability. Although other group sizes (n >2) can be 

used, using the moving ranges of span size =2 to estimate σ is justified as representing the short-

term process variation, as a sample or rational subgroup would, while also preventing the 

estimate from being influenced by a lack of control in the data due to special causes (Nelson 

1982, Duncan 1986, Wadsworth et al. 1986). The control limits in the present case were 

calculated using: 

      
   
—

    

     
      

 Where Xk  – Denotes the initial sample 

  M(Xk) – Denotes the mean of the initial sample 

  MR
—

(Xk) – Denotes the mean of the moving ranges (of span size =2) 

d2(2)  – Is a constant based on moving range span size that makes MR
—

 (Xk) an 

unbiased estimator of σ  (1.128 for span size =2).  

 

The second approach, using the median of the moving range, results from a problem associated 

with moving range charts that are based on averages. Because the moving ranges are averaged, 

observations that differ widely because of special circumstances can inflate the estimate MR
—

 (Xk) 

and lead to a poor estimate of variability (Bryce et al. 1997). Because each observation comprises 

two moving ranges, large isolated outliers influence the estimate of σ (De Mast and Roes 2004).  

As such, several authors have proposed using the median rather than the mean of the moving 

range (Bryce et al. 1997, Wheeler 2004, De Mast and Roes 2004). Control limits using the 

median moving range estimator for σ are given by  

      
        

     
      (4) 

(3) 

(2) 

(1) 
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 Where Xk  – Denotes the initial sample 

  M(Xk) – Denotes the mean of the initial sample 

  MMR(Xk) – Denotes the median of the moving ranges (of span size =2) 

0.954  – Is a constant used to render MMR(Xk) an unbiased estimator of σ  

 

In using the moving range to calculate the control limits we assume that the process for each 

machine is continuous over all tracts and breaks in operation throughout the time span of the 

dataset.  In the case of feller bunchers, it also assumes that the harvesting process remains largely 

unchanged when implementing different prescriptions.  

A third approach, advocated by Ryan (1989) and Cryer and Ryan (1990), for in-control 

processes, uses the standard deviation of the initial dataset in order to estimate σ. The control 

limits in this case are calculated as 

      
      

     
        

 

 Where Xk  – Denotes the initial sample 

  M(Xk) – Denotes the mean of the initial sample 

S(Xk) – Denotes the standard deviation of the combined individual observations  

in the initial sample 

c4(k)  – Is a constant based on the total number of individual observations in the 

initial sample that makes S(Xk) an unbiased estimator of σ (given by  
    

    
  

for n >25) 

 

The standard deviation is a long-term estimate of variability since it measures the dispersion of 

every observation within the initial sample over the entire time interval (Rigdon et al. 1994, 

Bryce et al. 1997). It is more sensitive to special causes in the data than Equations 3 and 4 

because the required squaring of the individual value’s deviations causes outliers to substantially 

inflate the estimate of σ (Rigdon et al. 1994, Bryce et al. 1997, Montgomery 2009). As a result 

Shewhart (1931) determined that the standard deviation of the individual observations results in 

control limits that are unnecessarily wide. Rigdon et al. (1994) recommended using the control 

limits based on Equation (3) rather than the limits based on Equation (4) for Phase I analysis. 

Cryer and Ryan (1990) recommended that both control limits (3) and (5) be calculated and 

compared for a given series of observations. If both control limits agree reasonably well, they felt 

that the practitioner could be fairly confident that the series was in control. However, if the 

process was not in control, then the 
     

c    
 estimate would be substantially inflated, and 

consequently, the control limits would be much wider than they should be (Braun and Park 

2008). 

(5) 
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METHODOLOGY 

The production and operations data used in this study were not collected for the express purpose 

of implementing an SPC program, but were provided to demonstrate the potential for use of SPC 

techniques in forest operations.  The dataset included production and operation records for two 

feller bunchers from a single company.  Productivity was determined as bunches per productive 

machine hour as described below.  

The machines were used in predominantly single-shift, whole-tree harvesting operations on 30 

tracts throughout Maine between September 2005 and May 2007. Each machine operator 

completed daily shift reports to record production and to describe operating conditions.  

Production was tracked on a shift basis using tally meters and it was recorded as total bunches 

cut. Only a single silvicultural prescription was executed per shift and no clear cutting operations 

were conducted during the period of data collection. 

Production in this study is based on discrete data, so it provides only a coarse assessment of 

production since the actual volume in each bunch varies.  Our assumption is that the operators 

fully utilize the accumulating capacity of their respective machines on each cycle so that bunch 

count becomes a suitable proxy for production.  All productive observations were converted to 

productivity estimates based on productive machine hours (PMH).  Control charts were 

developed for each machine based on productivity estimates per day as described above.  

Individuals charts (also known as Shewhart X-charts or i-charts), were then used to evaluate the 

operating productivity of each machine over time. In this study all three types of control limits 

described above were calculated based on Equations 3, 4 and 5. The limits were compared to one 

another to assess their performance and to identify if special causes of variation exist within the 

dataset. 

RESULTS AND DISCUSSION 

The goal of Phase I analysis is to ensure that the process is operating at or near an acceptable 

level under only natural causes of variation, with no special causes present, and to estimate the 

parameters of the in-control process.  An operational summary for machine-level parameters is 

provided in Table 1.  Shewhart individuals charts using three control limits were developed 

showing productivity for each machine as shown in Figure 1.    

The control charts, and specifically the control chart limits, clearly express the level of 

productivity variation operations managers must work with on a daily basis. All methods were 

characterized by frequent spikes in operating productivity with very few instances where the 

felling process exhibited stable, consistent output over any substantial period of time. As shown 

in Figure 1, Equation 4 had the narrowest range, while the limits based on Equation 5 had the 

widest. The wide range in control limits based on Equation 5 may indicate that the process is not 

in control as noted by Braun and Park (2008). Differences between control limits based on 

Equations 3 and 4 were only minor and most likely the result of Equation 3 being more sensitive 

to the variability within the datasets by estimating σ by the mean of moving range rather than the 

median. It is important to note that although the data used to compute the control limits may be 
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OOC, the Equation 3 and 4 limits obtained are still robust enough to detect that lack of control 

within individual observations.  

Table 1: Operating summary for two feller bunchers from September 2005 to May 2007. 

 Feller-buncher 1 Feller-buncher 2 

Machine make and model TIGERCAT 845B TIGERCAT 822 

Year 2002 2003 

Equipment hours at beginning of study 5406 429 

Number of operators 3 7 

Total days of productive operation 310 331 

Number of tracts operated on 21 13 

Average fuel consumption (liters/shift) 269 256 

Average number of bunches cut per shift 70.9 61.2 

Average number of operating hours per shift (hh.h) 8.9 9.0 

Average equipment hours per shift (hh.h) 8.8 8.3 

Average shift time (hh.h) 10.1 10.4 

Average utilization rate (%) 80.6 75.6 

Number of terrain types operated on 8 11 
 

 

Based on the vast number of potential input variables that could have affected the performance of 

individual records it was difficult to determine underlying special causes for many of the OOC 

observations.  Several of the OOC observations that fell below the LCL had recorded notes that 

could at least help to explain why the productivity was low (e.g. unfavorable operating 

conditions, or working on unproductive tasks). However, it is important to emphasize that while 

many of the downtime and delay details recorded by the operators may help to explain that shift’s 

utilization rate, it does little to explain the productivity of the machine when operating - which is 

the variable of interest.  

In many instances sustained drops in machine productivity could be linked to particular tracts. 

For example, FB2 productivity was reduced from an average of 7.8 bunches/PMH to 5.2 

bunches/PMH after a tract change on 4/24/07 (Figure 1B). This potentially can be attributed to 

harvesting on rocky terrain.  Operator notes indicate several mechanical problems throughout this 

time and poor utilization rates, particularly on the latter OOC shifts.   

For observations that exceeded the UCL, there was less information about the operating methods 

and conditions that could be used to identify what contributed to the increased operating 

productivity. Surprisingly, several of the operating productivities exceeding the UCL were 

associated with very low utilization rates.  Several cases were again identified where higher 

productivities occurred on a particular tract. While none of the observations signaled, FB1 had 

higher than average productivity on a tract from 2/9/07 to 2/22/07 while conducting an OSR on 

flat terrain (Figure 1A). Productivity for FB2 was also consistently higher on a tract from 6/10/06 

to 6/29/06 while conducting an OSR on terrain generally classified as wet/rocky/flat (Figure 1B).
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Figure 1. Individuals control chart of operating productivity for two feller bunchers – (A) FB1 and (B) FB2 – with control limits 

calculated using Equations (3), (4) and (5). OOC observations (solid points) were identified based on Equation (4) control limits.  A 

frequency distribution of the data is included on the right. Indications of tract changes are also included.  

 

Figure 1A 
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Figure 2B 
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One special cause of variation identified was the presence of several production values identified 

by operators as ―estimated‖ on the production and operations records.  Presumably this means 

that during active operations, tally meters were not used in a consistent manner and production 

was instead estimated at the end of the shift.  All but one of these estimations resulted in 

operating productivity values that exceeded the UCL. As part of the Phase I analysis all 

estimations of productivity should be excluded from the dataset as they do not accurately reflect 

the actual process behavior and bias the control parameter estimates. Because of the structure of 

the dataset used in this study, there was no way of easily filtering out these estimated values. 

While the charts identified several OOC observations, the distinction between common cause and 

special causes of variation remains largely context dependent. Applying the strict SPC definitions 

of natural and special cause variation can result in some confusion in the context of forest 

operations. For example, the record for FB1 on 12/27/05, noted that ―snow covered the trees‖ 

which would likely explain the OOC operating productivity of 4.7 bunches per PMH for that 

shift. In the strict sense this should probably be considered a special cause of variation. However, 

snow in Maine is a common winter occurrence and there is little that can be done to eliminate the 

effects of a deep snow on feller-buncher productivity. Perhaps, a separate chart each season 

would be beneficial to account for weather conditions. Of greater importance for SPC is the effect 

of terrain on productivity which is difficult to take into account. In the broad analysis conducted 

here, the data from different sites were lumped together. While some surprises were seen, as 

noted above, the effect of difficult terrain is to reduce the volume of wood delivered to the log 

landing and to increase maintenance problems. Over time and with consistent effort, producers 

could develop charts that were tailored to specific types of terrain.  

CONCLUSIONS 

Statistical Process Control has the potential to be used as an approach to understanding and 

reducing the variability of forest harvesting operations. The long term focus of an SPC approach 

to process improvement offers a means of understanding harvesting processes that cannot be 

easily achieved through the traditional case study approach to forest operations research. Based 

on the control limit comparison conducted in this study there appears to be little advantage in 

using the median of the moving ranges over the more commonly used mean of the moving ranges 

for Phase I analysis. Differences between the two control limits were mostly the result of outliers 

within the datasets, many of which would be removed due to their suspected association with 

special causes.  The focus of future research in applying SPC to forest harvesting operations 

should be on developing a methodology that will consistently yield useful results for improving 

the harvesting process. It would also be helpful if data collection could be automated to avoid 

intrusion with the process of harvesting and skidding logs.  
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