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Abstract

The board foot to ton of chips (BFTC) ratio is a common lumber quality index used by small sawmills to gauge sawing efficiency.
Producing too many chips, relative to board footage at any given time, is considered inefficient since a unit conversion into lumber is
clearly more valuable than a unit conversion into ton of chips. Sawyers and managers thus assume normality and independence of the
BFTC ratio when they attempt to identify outlying performance. The objectives of this study were to determine: a) the distributional
properties of BFTC ratio; b) if a negative autocorrelation exists between board footage and ton of chips; ¢) the appropriate diagnostics
for BFTC ratio to determine abnormal deviation from mean process performance; and d) if differences in BFTC models between spe-
cies exist. The results of this study demonstrate a skewed distribution. Also, the independence assumption was violated as a result of
autocorrelation between consecutive months. A residual plot versus time series chart from an auto regression model provided a better
estimate of outlier boundaries, which was needed to detect process errors or changes. All processes appeared to follow a linear
autocorrelation model instead of the traditional least squares regression. Absence of significant auto regression for poplar was an in-
dication of a process change at 18 months, which masked the ability to detect the autoregressive correlation. Identification of the pro-

cess change and the creation of two models for poplar confirmed the autoregressive nature for all three species.

Large sawmills usually have the fi-
nancial resources available to measure
variables necessary to monitor real time
sawing efficiency. Such ability enables
them to make immediate adjustments to
the process. The most common index
measured is the lumber recovery factor
(LRF), which is simply the nominal
board feet per cubic foot of volume of the
log. Scanners can be used to estimate the
volume of input log material and to mea-
sure the board footage of sawn lumber.
Some factors that increase LRF are in-
creased log diameter, decreased kerf, de-
creased sawing variation, and better log
positioning (Savsar and Kersavage 1982,
Steele and Risbrudt 1985, Wade et al.
1992, Keegan et al. 1998).

Smaller sawmills have shown to yield
lower LRF values and have been classi-
fied as being mills who produce less
than 5 million board feet (MMBF) per
year (Steele and Risbrudt 1985). One
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disadvantage of smaller sawmills is they
usually do not possess the capital neces-
sary to monitor real time process indi-
ces. Quite often, these sawmills only
measure and record what is needed for
accounting purposes; i.e., board footage
per species, tons of chips per species (or
species mix), log costs, and lumber
sales. A company accountant may not
formally organize these values, com-
monly measured during the point of
sale, until the end of the month.

Small sawmills often cannot afford to
measure real time quality control indi-
ces like LRF. Instead, they may use the
lumber board foot to ton of chips ratio

(BFTC) as measured during a given pe-
riod of time. The chips are usually sold
to local paper mills for a lower price than
if the same fiber could have been con-
verted into lumber. As a result, the goal
is usually to produce more board foot-
age of lumber per ton of chips. Like-
wise, identification of low ratios may
help to identify an adverse process
change.

One assumption made about the
BFTC ratio is that the data should be
normally distributed and independent of
one another. With this assumption, a ba-
sic t-distribution can be utilized to deter-
mine if a sample point exceeds upper
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and lower confidence limits. If any
BFTC exceeds the confidence limits,
then an abnormal event may have oc-
curred. Too low of a ratio may justify an
investigation for problems in the manu-
facturing process. Quite often, the
Shewhart control chart is used to plot
and identify a change in the manufactur-
ing process when data are independent
of one another (Hunter 1986, Young and
Winistorfer 2001).

The assumption of independence be-
tween BFTC measurements is likely to
be violated if the sale of chips occurs at a
different time than the sale of lumber. In
such an event, a negative autocorrelation
pattern would be expected since prod-
ucts not sold one month, are likely to be
sold on the consecutive month, thus add-
ing an error component at time 7. Nega-
tive autocorrelation is when the residu-
als of a model tend to follow a positive,
negative, positive pattern over time as-
suming the proper regression model is
used. Most forest products processes
follow a positive autocorrelation since
measurements are made in real-time
(Cook 1992). When autocorrelation ex-
ists between consecutive samples, one
has an additional error term not ac-
counted for by least squares regression.
As a result, false confidence limits may
be derived, thus leading to inappropriate
investigations into process behavior
(Cook and Massey 1990, Cryer and
Ryan 1990, Montgomery and Mastran-
gelo 1991, Cook 1992, Atienza et al.
1998). Auto regression is a viable
method to account for time series corre-
lation between subsequent samples.
Such models, demonstrated to be linear
in this work, can provide appropriate
confidence limits adjusted for the addi-
tional error term present. Exceeding
these limits can indicate a change or er-
ror in the manufacturing process.

The objectives of this paper were to
determine: a) the distributional proper-
ties of BFTC ratio; b) if a negative auto-
correlation exists between board footage
and ton of chips; c) the appropriate diag-
nostics for BFTC ratio to determine ab-
normal deviation from mean process
performance; and, d) if differences in
BFTC models between species exist.

Materials and methods

Processing

The selected sawmill was located in
the north central portion of North Caro-
lina. It produces an average of 3.5

MMBF per year of both hardwood and
softwood lumber including ash, beech,
birch, cedar, cherry, hickory, black gum,
sweet gum, maple, pine, poplar, red oak,
walnut, and white oak. The primary spe-
cies used in the analysis were red and
white oak combined, poplar, and pine,
which represent the largest three sources
of species groups processed at the mill.
When either oak, poplar, or pine was
processed, only that species was pro-
cessed, making inventory tracking of
these three species accurate.

A circle sawblade was used with one
sawyer for the first 18 months. After 18
months, a less experienced sawyer was
hired and trained to work on a part-time
basis to relieve the primary sawyer. The
secondary sawyer helped to process
lower value species while the primary
sawyer still cut most of the higher value
species (oak, for example).

Species were organized in the log yard
so that one species at a time could be cut.
Typical products made by the sawmill
were 5/4 and 4/4 lumber for furniture
and flooring stock orders. Pallet stock of
various sizes was also milled. Cants
were also sometimes processed for spe-
cial orders. A conventional system for
cutting logs was used. Logs were manu-
ally positioned by the sawyer at the head
saw on a dogging carriage with the goal
of optimizing volume for pallet stock.
For furniture or flooring stock, the goal
was to maximize volume and lumber vi-
sual grade. The set works for the head
saw were hydraulic and a back stand in-
dicator was used to determine the proper
positioning of the log needed to cut the
thickness of the next piece of lumber.

After processing, the wet lumber was
stacked on stickers. A kiln was not avail-
able at the mill and thus typical buyers
were usually distributors who manage or
have access to kilns. Chips were con-
veyed from the manufacturing process
to a truck bin such that the weight of the
wet chips could be measured via a truck
scale and shipped to a local buyer. Saw-
dust was also collected and sold on a
weight basis. Chip tons and board foot
were recorded monthly.

Log, lumber, and chip inventory
Logs were organized by species in the
log yard upon arrival for the three main
species of interest: oak, poplar, and pine.
After processing a batch of just one spe-
cies at a time, the lumber was stacked by
species, measured for board footage,
and recorded on a daily basis. This daily
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figure was summed to yield a monthly
figure. Also, each load of chips per spe-
cies was loaded onto a truck and sent to
a paper mill. The paper mill received the
chips 1 to 5 days later and weighed the
ton of chips. The sawmill then added
this weight to their records. All pine
chips were kept separate due to a higher
dollar value paid by the paper mill to
separate the pine chips. The total ton of
chips was also summed up at the end of
the month. An additional error occurred
when measuring the ton of chips for oak
or poplar. If a separate hardwood species
was cut either before or after a run of
oak or poplar, then the load of chips
would get contaminated with other spe-
cies for that particular load of chips.

Statistical diagnostics

BFTCs for each month and for each
species group analyzed were determined
by dividing the board footage by the ton
of chips. Histograms were developed to
determine if a normal distribution ex-
isted. If a distribution was normal and
independently distributed, then a Shew-
hart chart would be used to determine
outlying values. If either of the assump-
tions were violated, other diagnostics
needed to be employed.

Ordinary least squares (OLS) regres-
sion and auto regression models were
developed with board feet as the inde-
pendent variable and ton of chips as the
dependent variable. The Durbin-Watson
(d) statistic Eq. [1] was calculated from
the residuals of both models to deter-
mine if autocorrelation of the error
terms was present. If the d statistic was
not significantly greater than the d value
with an alpha = 0.05 and the appropriate
degrees of freedom, then an OLS model
was determined to be adequate. If the d
statistic was significant, then correlation
between error terms was deemed to exist
and an autoregressive model was evalu-
ated. As arule of thumb, values of d sig-
nificantly less than 2 are positively cor-
related while those significantly greater
than 2 are negatively correlated (John-
son et al. 1994). One-tailed tests of the d
statistic were computed by SAS soft-
ware, which used Eq. [1] and developed
a p-value (Johnson et al. 1994); p-values
less than 0.05 were determined to be sig-
nificant and an autocorrelation was de-
termined to exist. Proc AUTOREG was
used to calculate d, autoregressive, and
OLS models (SAS 2001). A lag time of
only 1 month was tested since the likeli-
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Figure 1. — BFTC ratio histogram for oak.

hood of lumber being produced and sold
in 2 or more months was unlikely.

n )
e —e
d= 22(7‘) [1]
e’
=1
where:
e = error of residual
t = time

The residual of a sample point is the
actual dependent value (ton of chips)
minus the predicted dependent value
given by a regression model. Thus,
when the model is properly used, the re-
sidual should be independent and nor-
mally distributed around zero. Any de-
viation from the zero mean is indicative
that an improper model was likely used.
For process manufacturing, a consistent
deviation from zero was used to indicate
a change in the process and hence the
need for a new model. Residual plots
against time were the control charts
plotted to visually detect process shifts.
Only upper confidence limits for pre-
dicted values were plotted to detect out-
lying values since it was undesirable to
have a significantly greater ton of chips
per board foot of lumber. Any value be-
low the lower confidence limit would
simply indicate superior performance in
production and could have been plotted.

The first order autoregressive error
model used is given in Eq. [2] (Neter et
al. 1996). This model was identical to an
OLS model with the exception of the
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structure of the error terms. The error
terms consist of a fraction of the previ-
ous error term plus the addition of a new
disturbance term.

Y1=B0+B1X,+e, (2]
el =pel*1 +ul

where:
p = some absolute value less
than 1

L, = is a disturbance term
and is independent and
normally distributed
around zero

X, = board foot at time ¢
B, and B, = intercept and slope

Results and discussion

Distributive properties of BFTC

Histograms were charted to visually
determine if normality existed for
BFTC. Since this and other area saw-
mills use BFTC, a violation from nor-
mality and/or independence would
mean that false decisions could be made
via the use of traditional control chart-
ing. In other words, Type I or Type 11 er-
rors would not occur in a predicted fre-
quency as set by alpha and thus biasing
the ability to detect outlying events of
poor performance (too many chips per
board feet produced). Figure 1 shows a
bar histogram for mixed oak. Similar
histograms were plotted, but not re-
ported, for poplar and pine. Just like the
oak group, pine and poplar exhibited ex-

treme left-handed skewness with the
median being less than the mean.

The normal distribution was not ap-
propriate to describe BFTC. As a result,
traditional control charting (Shewhart
control chart) would not adequately de-
tect low outlying values. Such low val-
ues would indicate that too many chips
were being produced relative to the
amount of board feet produced. One rea-
son for the non-normal distribution was
the fact that the mill could never pro-
duce a BFTC below zero, thus skewing
the histogram left.

Nonparametric models may accurate-
ly describe this distribution. However,
most nonparametric models assume that
each sample point is independent of
each other. In reality, these points were
not expected to be independent of one
another. It is possible, for example, that
chips could have been sold during the
month of production while the lumber
may not have been sold until the next
month after production. If this occurred,
one would expect some degree of nega-
tive autocorrelation. Such behavior
would violate the independence as-
sumption and make traditional control
charting an improper tool to monitor
performance.

Producing a histogram of all species
also yielded a non-normal distribution.
However, it did not show the same dis-
tributive pattern as when each species
was plotted separately. It is thus sug-
gested that one monitor each species
separately to gain a better understanding
of process distributive properties for
each species. Given today’s computer
computational ability, one could easily
monitor charts for different species.

Another concern is that the BFTC dis-
tributional properties will change from
time to time, especially if a group of
small- or large-diameter logs are run
consecutively or nearly so. If this occurs,
than one might wrongly deduce that an
error in the manufacturing process has
occurred based on the 95 percent confi-
dence interval. However, most if not all
sawyers would recognize when a run of
trees is unusually large or small in diam-
eter, or if the range of diameters was un-
usually different whether it be for a full
day, week, or month. As a result, it is im-
portant for the sawmiller to utilize some
common sense when relying on confi-
dence intervals to determine if a process
is out of control. A concern should only
occur after one first tries to detect any
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Table 1. — Models and test statistics for three major species produced with board feet
(B) as the independent variable and tons (T) as the dependent variable.

Durbin-  Durbin-
Watson  Watson  p-value p - value
Species (OLS) (AUTO) (OLS) (AUTO) Model P

Pine 2.58 2.02 0.0445 0.5009 T=0.0012*%B)+40.46  0.8147
Oak 2.58 2.12 0.0195 0.3434  T=0.0015*%B)-5.71 0.8376
Poplar® 2.00 1.99 0.5055 0.5164 T=0.0012%(B) +3.44 0.6855
Poplar <18® 2.26 - 0.2512 -- T=10.0012*%B) - 27.72 0.8257
Poplar >18¢ 2.58 2.23 0.0631 0.3079 T=0.0012%(B) +30.56  0.6323

2An overall model encompassing all months.
bA separate model for up to 18 months.
A separate model for greater than 18 months.

unusual changes in raw material diame-
ter or quality.

Since mean log diameter can be dy-
namic, one could benefit by monitoring
the diameter of every log coming in to
account for the influence of log diameter
on BFTC ratio. Such an addition would
significantly improve the usefulness of
the BFTC ratio in quality control. How-
ever, this would require log scanners,
which are a substantial investment for
most small sawmills. As a result, many
have no choice but to rely on the seem-
ingly primitive BFTC ratio to determine
when the process is out of control. Con-
founding the problem, such troubles are
detected only after weeks or months
have past, causing a considerable reduc-
tion in profits. To reduce this time lag, a
sawmill needs to consider measuring
BFTC on as frequent a basis as possible.

Autocorrelation

It is possible that chips could be sold
during the month of production while
some lumber, produced at the same
time, may have been sold the following
month. If so, one would expect a nega-
tive autocorrelation. To test this hypoth-
esis (Pr > d), the d statistic and corre-
sponding p-value were computed for
both OLS and auto regression (AUTO)
models (Table 1). If the d statistic for the
OLS model had a p-value greater than
0.05 then the OLS model was retained.
If the p-value was less than 0.05, then an
AUTO model was derived.

Pine and oak both had p-values less
than 0.05, confirming the hypothesis
that autocorrelation existed. When
autocorrelation models were computed,
the d statistic dropped close to 2, indicat-
ing that the extra error term had been
properly accounted for. Table 1 gives
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the resulting models with 7* values
above 0.80. The slopes for oak were not
significantly greater than pine. Prior to
the analysis, it was hypothesized that the
oak may have a higher slope since oak is
usually of higher density than poplar or
pine.

Poplar had a lower 7* value of 0.6855
and did not exhibit any autocorrelation.
This was surprising given the strong
autoregressive nature of the other two
groups. However, as will be further dis-
cussed in the diagnostics section, there
was a process change around month 18
due to the addition of a new sawyer.
Since poplar was the lowest dollar value
product, replacement and training oc-
curred most frequently for the poplar
group. As a result of this process
change, two separate models were de-
veloped for months 1 to 18 and 19 +
(Table 1). The first 18 months had only
the experienced sawyer processing the
logs, which would explain the lower in-
tercept. The lower intercept means that
the sawyer tends to cut less tons of chips
per board feet of lumber. For the first 18
months, the board footage also ac-
counted for almost 20 percent more of
the variation in tons of chips than the lat-
ter model. This would make sense
because a second sawyer might be more
variable in efficiency. Figure 2 demon-
strates the shift in intercept with the ex-
perienced sawyer (first 18 months) hav-
ing the higher intercept. It is interesting
to note that no shift in slope occurred.
For quality control, one could use an in-
dicator variable to adjust the intercept
for different sawyers.

Diagnostics

Residual plots with upper confidence
limits were plotted to determine when a
deviation from the process mean oc-
curred. Exceeding the upper confidence
limit may suggest that too many chips
were produced with respect to board
feet. This was particularly useful in the
case of oak and poplar where additional
error was expected to occur due to occa-
sional contamination of oak or poplar
chips when a different species was sche-
duled to run either before or after the oak
or poplar run. This can be illustrated in
Figures 3 and 5, where poplar had a 95
percent confidence interval residual of
almost 150 tons; while pine, which was
not allowed to mix with other species,
had a lower 95 percent confidence inter-
val residual of 100 tons.
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Figure 3. — Residual plots from an auto regression model with 95 percent upper
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confidence prediction limits for poplar, all months.
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What was surprising was that oak had
a smaller residual (80 tons) despite the
expected increase in error due to chip
contamination. However, after some in-
vestigation, this decreased variability
was probably attributable to the fact that
the mill consistently saw higher mean
log diameters for oak than for poplar or
pine, resulting in a decrease in BFTC er-
ror. In short, these control charts ac-
count for typical error associated with
mixing of chips, which is important if a
mill expects to distinguish between an
outlying point attributable to contamina-
tion versus some outlier attributable to a
process change.

What was encouraging to see was that
oak and poplar models possessed strong
7 values equal to pine, despite the added
error that probably occurred for poplar
and oak as a result of alternative species
contamination. As a result, this supports
that mixing of chips was probably occa-
sional and had relatively little impact on
the predictive ability of the models (Ta-
ble 1). This error just punishes the saw-
mill by increasing the 95 percent confi-
dence interval residual, making it more
difficult to detect process changes.

As discussed earlier, OLS models
may yield false confidence limits when
autocorrelation is present. As a result,
the models from Table 1 were used to
generate residual plots to account for the
presence of autocorrelation. These mod-
els give better representative confidence
limits to evaluate when the process
mean deviates from the normal or when
a process change occurs.

Figure 3 shows the residual plot ver-
sus time series for pine where each point
was the next month in which production
of pine occurred. One outlier occurred
and represented the month of January
2002. When residual plots from an OLS
model were used, two outliers appeared
to occur and thus one possible false
alarm was avoided. Figure 4 demon-
strates the residual plot versus time se-
ries for poplar where residuals from the
AUTO model greater than 18 months
was used. One outlier was observed with
another very near outlying value. The
outlier occurred during the month of
February 2002, the month after the out-
lier occurred for pine. It is probable that
the same process error influenced both
data points for two different species. The
month that the other “near outlier” oc-
curred did not exhibit any unusual data
points for pine or oak.

APRIL 2004



Residual
o

0 10 20

A

30 40 50

Time series
Figure 6. — Residual plots from an auto regression model with 95 percent upper

confidence prediction limits for mixed oak.

Figure 5 shows the residual plot for
all months of poplar production and
demonstrates how a change in process
makes more samples appear as outliers.
The shift in process was established to
occur around the 18th month since most
of the residuals before the 18th month
fell below zero, while many residuals
were above zero for months greater than
18. The other notable occurrence was
that three outliers occurred with the in-
adequate model (Fig. 5), while only two
of the three points fell near the confi-
dence limits in Figure 4. For oak, a dis-
tinct negative autocorrelation could be
seen, given the “sawblade” pattern of the
residuals around zero (Fig. 6). Around
time series 38, this pattern changed to
many residuals consecutively falling
above zero. This suggests that a process
change occurred and a new model
would have been useful. A model was
not developed for this segment since
only a few data points were available.

It should be noted that these data were
presented on a monthly basis but could
have been performed on a weekly basis
since it takes less than a week for the
pulpmill to report weight data. However,
should a small sawmill be able to afford
a weight scale, then a daily account of
BFTC could be made. It is probable that
analyzing the data on a monthly basis
would not be quick enough to detect and
repair process problems or detect pro-
cess changes. However, success at de-
tecting process changes at the monthly
level should encourage mills to collect
data on a more frequent basis.

Process problems were considered
temporary outliers attributable to some
inefficiency in the manufacturing pro-
cess. Process changes were considered
to occur when the negative autocorrela-
tion switched to a false positive auto-
correlation, i.e., the residuals begin to
consecutively fall either above or below
zero. During a process change, the rea-
son needs to be identified and remedied.
If the process change is reasonable and
acceptable, then a new model is needed
to generate more accurate residuals.

Conclusions

BFTC ratio did not follow a normal
distribution for any of the three major
species processed at this sawmill. Fur-
thermore, due to the autocorrelative na-
ture between consecutive months, the
assumption of independence was vio-
lated. Violation of this assumption sug-
gests that traditional control charting
such as the Stewhart chart may be in-
valid. As a result, a different measure
was needed to assess when an outlier,
and hence a potential problem in manu-
facturing, occurred.

As an alternative to traditional control
charting, board foot was plotted against
chip tons for each species and upper 95
percent confidence limits were deter-
mined and plotted in a residual plot. Any
residual to exceed the upper confidence
limit suggests that the process was out of
control and a remedy was needed. Alter-
natively, consecutive positive or nega-
tive residuals suggest a process change
and may justify creating a new model for

FOREST PRODUCTS JOURNAL VoOL. 54, No. 4

the new process if correction to the pro-
cess was not possible.

When board foot versus ton of chips
was plotted, all three species exhibited
similar slopes. Differences did occur in
the intercept, with the higher intercepts
indicating a more inefficient process.
This was demonstrated with the intro-
duction of a new sawyer who tended to
focus on poplar production. The inter-
cept, with the addition of the new saw-
yer, significantly rose while the slope
stayed the same. Also, the variation of
the residuals for the new model in-
creased with the introduction of a sec-
ond sawyer.

Residuals from AUTO models did not
exceed the upper confidence boundaries
as often as residuals plotted from OLS
models, suggesting that false effort
could be placed in repairing a manufac-
turing process with OLS-based control
charting. Two residuals from separate
processes, pine versus poplar produc-
tion, were outliers at almost the exact
same time period (January and Febru-
ary), which suggests that a process dif-
ference independent of species oc-
curred. This justifies separation of
residual plots by species and/or product,
which provide more information about
when or where the errors in the process
might have occurred. Oak did not ex-
hibit any outliers, although a slight pro-
cess change appeared to occur toward
the end of the time series, as indicated by
a string of consecutive positive residu-
als.

Given the success of control charting
on a monthly basis, these results would
justify a mill acquiring data on a daily or
weekly basis. If this decision was made,
one would have to investigate the time of
lag of the error term, i.e., how many
equal time periods must occur before
two samples can be considered inde-
pendent of one another. Accurate mea-
surement of board foot and ton of chips
at the point of production would reduce
or even eliminate the autocorrelation at-
tributable to selling chips and lumber in
two separate months.

Finally, it should be noted that the
BFTC ratio should not supercede the
profitability of the mill. Instead, it
should be a supplemental tool for qual-
ity control personnel. Clearly, if the
BFTC ratio is undesirable, but if profits
are acceptable, then perhaps a tempo-
rary change in raw material quality oc-
curred. As aresult, it would be advisable
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to consider the selling value of the lum-
ber and chips in conjunction with the
BFTC ratio.

Literature cited

Atienza, 0.0., L.C. Tang, and B.W. Ang. 1998.
A SPC procedure for detecting level shifts of
autocorrelated processes. J. of Quality Tech.
30(4):340-351.

Cook, D.F. 1992. Statistical process control for

continuous forest products manufacturing op-
erations. Forest Prod. J. 42(7/8):47-53.

and J.G. Massey. 1990. Exponen-
tially weighted moving average control chart.
Tappi J. 73(6):247-248.
Cryer, J.D.and T.P. Ryan. 1990. The estimation
of sigma for an X chart: MR/d2 or S/c4? J. of
Quality Tech. 22(3):187-192.

94

Hunter, J.S. 1986. The exponentially weighted
moving average. J. of Quality Tech. 18(4):
203-210.

Johnson, M., D. Latour, E. Routten, and J.
Brocklebank. 1994. Principles of regression
analysis. SAS Institute Inc., Cary, NC. 655 pp.

Keegan, C.E., D.P. Wichman, K.A. Blatner,
D.D. Van Hooser, and S.A. Willits. 1998. Mill
residue volume factor changes in Idaho and
Montana. Forest Prod. J. 48(3):73-75.

Montgomery, D.C. and C.M. Mastrangelo.
1991. Some statistical process control meth-
ods for autocorrelated data. J. of Quality Tech.
23(3):179-193.

Neter, J., M.H. Kutner, C.J. Nachtsheim, and
W. Wasserman. 1996. Applied Linear Statis-
tical Models. WCB McGraw-Hill, Boston,
MA. 1,408 pp.

SAS Institute. 2001. SAS/STAT software. Ver-
sion 8. SAS Institute Inc., Cary, NC.

Savsar, M. and P.C. Kersavage. 1982. Mathe-
matical model for determining the quantity of
materials produced in sawmilling. Forest
Prod. J. 32(11/12):35-38.

Steele, P.H. and C.D. Risbrudt. 1985. Effi-
ciency of softwood sawmills in the southern
United States in relation to capacity. Forest
Prod. J. 35(7):51-56.

Wade, M.W., S.H. Bullard, P.H. Steele, and
P.A. Araman. 1992. Estimating hardwood
sawmill conversion efficiency based on saw-
ing machine and log characteristics. Forest
Prod. J. 42(11/12):21-26.

Young, T.M. and P.M. Winistorfer. 2001. The
effects of autocorrelation on real-time statisti-
cal process control with solutions for forest
products manufacturers. Forest Prod. J.
51(11/12):70-77.

APRIL 2004




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Oblique
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [8.500 11.000]
>> setpagedevice


