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ABSTRACT: Many control charting methods for both 
i.i.d and autocorrelated data can be viewed as charting 
the output of a linear filter applied to the process data. 
We propose a generalization of this concept, in which the 
filter parameters are optimally selected to minimize the 
out-of-control ARL while constraining the in-control 
ARL to some desired value. A number of interesting 
characteristics of the optimal filters are discussed. 
 
1.  INTRODUCTION 
    To this date, no control chart consistently outperforms 
the others, because the performance of control charts is 
substantially influenced by the original process. Many 
design methodologies have been proposed to optimally 
select the sample size, sampling interval, control limits, 
and parameters of the control chart according to the 
underlying process. In most researches, however, the 
basic structure of the control chart has not been a subject 
of investigation. As a result, the inherent characteristics 
of the charted statistics generated by the fixed structure 
of control charts have limited improvement in control 
chart design and performance. To minimize the 
limitation, therefore, we propose a control charting 
scheme, which we call the general linear filter (GLF), 
based on generalizing the concept of linear filters for 
control charts that many control charting schemes for 
both independently, identically distributed (i.i.d.) and 
autocorrelated data can be viewed as charting the output 
of a linear filter applied to the process data. This 
generalization is one of the main contributions of this 
research. In addition, an optimal design methodology for 
the proposed control charting scheme is developed. 
    To explain the linear filtering of control charts, let yt = 
H(B)xt denote the charted statistic, where t is a time 
index; xt is the original process data; and H(B) = h0 + h1B 
+ h2B2 + . . . is a linear filter in impulse response form 
with B denoting the time-series backshift operator. Two 
simple examples of this are a Shewhart individual chart 
and an EWMA chart on xt. For the shewhart chart, yt = xt, 

with H(B) = 1 as the identity filter. For the EWMA chart 
with parameter λ, we have yt = (1 − λ)yt-1 + λxt, so that 
the filter is H(B) = (1 − (1 − λ)B)-1 λ = λ + λ(1 − λ)B + 
λ(1 − λ)2B2 + …. Residual-based Shewhart and 
Exponentially Weighted Moving Average (EWMA) 
charts can be viewed similarly if xt is assumed to follow 
an Autoregressive Moving Average (ARMA) process 
model, plus (potentially) an additive deterministic mean 
shift, µt of the form 
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where t is a time index; at is an i.i.d. Gaussian process 
with mean 0 and variance 2

aσ  denoted at ~ NID(0, 2
aσ ); 

Φ(B) = (1 – φ1B – φ2B2 – ⋅⋅⋅ ⋅– φpBp) and Θ(B) = (1 – θ1B 
– θ2B2 – ⋅⋅⋅ ⋅– θqBq) are the AR and MA polynomials of 
order p and q, respectively. µt = 0 for the in-control 
process and µt ≠ 0 for the out-of-control process. The 
model residuals (i.e., the one-step-ahead prediction 
errors) are generated via the linear filtering operation 
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where tµ
~  = Φ(B)/Θ(B)µt is just the filtered version of 

the deterministic mean shift µt. We may view this 
Φ(B)/Θ(B) in Equation (2) as a linear prefilter to the 
Shewhart or EWMA filter, as shown in Figure 1 and 
Table 1. Table 1 also includes the Proportional Integral 
Derivative (PID) chart of Jiang et al. (2002), which 
reduces to a third-order filter on xt without a prefilter. 
The ARMA(1,1) chart of  Jiang et al. (2000) is a first-
order filter on xt with no prefilter. 
    With the whitening prefilter, therefore, the dynamic 
structure of control charts can be generally expressed by 
the following model 
     yt = H(B)et = h0et + h1et-1 + h2et-2 + ……+hTret-Tr       
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where H(B) is the GLF in design and Tr is a truncation 
time large enough to approximate hj ≅ 0 for j > Tr. We 
use the residual-based model in Equation (3) because it is 
more convenient to work with and there is no loss of 
generality if the ARMA model is stable and invertible. 
    Based on the model in Equation (3), in this paper, we 
treat the optimal design problem of control charts as an 
optimal filter design problem. The impulse response

xt yt 

µt 

et 
⊕ Prefilter:  

)(
)(

B
B

Θ
Φ  

Linear Filter: H(B)

 

)(
)(

B
B

Φ
Θ  

at 

Figure 1.  Block Diagram Representation of a Linear Filtering Operation. 
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Table 1.  Control Charts Based on Linear Filtering 
Control Chart Charted Statistic Pre-filter Linear Filter 
Shewhart on  xt   yt = xt  No 1 

EWMA on xt   yt = (1 – λ) yt-1  + λ xt No 1))1(1( −−− Bλλ  

Shewhart on et   yt = et = 1)()( −ΘΦ BB xt Yes 1 

EWMA on et   yt = (1 – λ) yt-1  + λ et  Yes 1))1(1( −−− Bλλ  

ARMA(1,1) chart on xt   yt = 1
0 )1)(( −−− BB φθθ xt No 1

0 )1)(( −−− BB φθθ  

PID Chart   yt = (1 – kI) yt-1 – kP(1 – B) yt-1  

                    – kD(1 – B)2 yt-1 + (1 – B) xt 
No [ ] 132)2()1(1)1(

−
++−−−−−− BkBkkBkkkB DDPDPI

Note: In the PID chart, xt and yt are a disturbance and a PID-based residual, respectively. 
 
coefficients of the GLF are selected to minimize the out-
of-control Average Run Length (ARL) subject to the in-
control ARL, equaling some specified value. Section 2 
discusses the calculation of ARL for the GLF based on 
the Markov chain method and the gradient-based 
numerical optimization strategy. In Section 3, 
performance comparison between the optimal general 
linear filters (OGLF) and other control charts is given. In 
Section 4, the interesting characteristics of the OGLF are 
illustrated. Section 5 presents the main conclusions of 
this research. 
 
2. OPTIMIZATION STRATEGY FOR FILTER 
DESIGN 
    We use a gradient-based numerical optimization 
strategy, which requires the calculation of the ARL and 
its derivative. The Markov chain approach (Brook and 
Evans 1972) is used to compute the ARL. Since the yt in 
Equation (3) does not have the Markov property, we 
approximate the distribution of yt as that of a one-
dimensional Markov process: 

),,()( 21,,1 211
LLL −−− −−−

≅ tttyyyttyy sssfssf
ttttt

,       (4) 

where st is a specific state at timestep t and f is the 
conditional probability distribution function of yt given 
the previous state(s). The approximation of the Markov 
property of the charted statistic yt causes some 
discrepancy between the approximated ARL and the 
actual one. However, as will be demonstrated in the 
results presented later in this paper, the Markov 
approximation still provides a reasonable relative ARL 
comparison between two different filters in the 
optimization procedure. We also use Monte Carlo 
simulation when more precise ARL calculations are 
require, such as to guarantee that the final OGLF really 
does have the desired in-control ARL.  
    Because yt is generated as a linear filtering operation 
on the Gaussian process at, yt and yt-1 have the joint 
Gaussian distribution 
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jat hσσ  is the variance of yt. Then, the 

conditional distribution of yt given yt-1 is (Johnson and 
Wichern 1998) 
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    We set the control limits for yt at ±1 without loss of 
generality, because all of the impulse response 
coefficients of the GLF will be scaled by the same value 
to account for this. The in-control region (yt inside the ±1 
interval) is discretized into N equal subintervals of length 
δ = 2/N, and the out-of-control regions are treated as a 
single absorbing state. In Figure 2, Aj indicates the 
subinterval for state j, and aj = LCL + (j – 1/2)δ  is the 
midpoint of Aj. For the Markov chain approach, the ith 
row, jth column element (1≤i,j≤N) of the transition 
probability matrix at time t for the nonabsorbing states, 
denoted ij

tQ , is defined as 

       ij
tQ = Pr{yt ∈ Aj | yt-1 = ai} 

              = Pr{aj − δ/2 < yt ≤ aj + δ/2 | yt-1 = ai}.            (7) 

 
Figure 2.  One-dimensional State Space Discretized for 
the Markov Chain Approach. 
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    Following the analytical expressions of Apley and 
Chin (2004), in this paper, the ARL and its derivative 
with respect to filter coefficient hj are approximated as  

   ARL = 1
1

1
∑
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where m is a sufficiently large integer such that Qt 
approaches a steady state value  Q≅ Qm≅ Qm+1≅ ⋅⋅⋅;  bp 
= ∏ −

=
1

10
p
l lQπ  = bp-1Qp-1 with initial condition b1 = 0π ,  

and cp = [I + Qp+1 + Qp+1Qp+2 +⋅⋅⋅]1 = 1  + Qp+1cp+1  with 
initial condition cm = [I + Q + QQ +⋅⋅⋅]1  = [I – Q]–11  can 
be calculated recursively, respectively.  
    In the optimal design procedure, the impulse response 
coefficients of the GLF are determined to optimally 
detect a specified mean shift for the underlying process. 
The information required to implement the optimization 
algorithm includes the ARMA model for the underlying 
process, the magnitude and type (e.g., a constant step 
shift, ramp shift, sinusoid, etc.) of the mean shift of 
particular interest, a reasonable starting point of the 
optimization search such as the Shewhart chart or the 
EWMA chart, and the desired in-control ARL. The 
optimization search starts from the user-specified starting 
point and continues in the direction of the gradient to 
reduce the out-of-control ARL until it reaches an optimal 
solution. Since the optimization algorithm has numerous 
filter coefficients to search, the utilization of the gradient 
information improves the optimization routine 
remarkably. Our analytical expressions in Equations (8) 
and (9) for the calculation of the ARL and its derivatives 
based on the approximation of the Markov property in 
Equation (4) substantially reduce the computational time, 
thereby facilitating the practical implementation. 
 
3. PERFORMANCE IMPROVEMENT OVER THE 
OPTIMAL EWMA 
    In this section, the residual-based EWMA chart with 
control limits ±1 is defined as 
                          yt = (1 − λ)yt-1 + ket,                           (10) 
where 0 < λ ≤ 1 is a constant;  k is an EWMA scaling 
constant; and the residual et is the filtered version of tx  
as shown in Equation (2). This section compares the 
performance of the optimal EWMA with the OGLF to 
show how much the charting performance is improved 
by enhancing the design flexibility – the design degree of 
freedom in the filter design. Each impulse response 
coefficient of the GLF is individually selected, whereas 
the impulse response of the EWMA is determined by 
only one parameters, λ because k is adjusted to provide 
the desired in-control ARL. In this sense, the GLF is 
more flexible in design than the EWMA. 

Table 2.  Comparison of the Optimal General Linear 
Filter (OGLF) and the Optimal EWMA 

  Time 
Series 
Model 

 

Shift OGLF

 

Optimal EWMA 

No
 

θ1 φ1 
 Type Size 

(µ/σa) ARL1

 
(1-λ) h ARL1

1 0 0 Step .5 28.82
(.03)

 .953 .11672 28.82
(.03)

2    1.5 5.45
(.01)

 .758 .21791 5.45
(.01)

3    3 1.86
(.00)

 .324 .30670 1.86
(.00)

4    4 1.21
(.00)

 .113 .32161 1.21
(.00)

5 0 .9 Step .5 355.31
(.57)

 .998 .05271 355.31
(.57)

6    1.5 130.64
(.18)

 .993 .06540 130.64
(.18)

7    3 46.91
(.10)

 .979 .08866 49.43
(.07)

8    4 13.72
(.06)

 .962 .10802 29.78
(.05)

9 0 .9 Spike .5 495.39
(.98)

 0 .32360 497.12
(1.00)

10    1.5 422.01
(.98)

 0 .32360 454.46
(.99)

11    3 82.72
(.54)

 0 .32360 177.83
(.76)

12    4 6.72
(.14)

 0 .32360 28.70
(.32)

      
13 0 0 Sinuso

id 
S1 15.79

(.02)
 0 32360 124.20

(.42)
14    S2 30.69

(.04)
 0 .32363 226.61

(.68)
15    S3 32.90

(.04)
 .392 .29861 178.47

(.57)
16    S4 10.61

(.01)
 .384 .29965 26.31

(.05)

17 -.9 .9 Step .5 447.66
(.75)

 .998 .05271 447.66
(.75)

18    1.5 139.26
(.54)

 .997 .05565 255.72
(.39)

19    2 41.54
(.36)

 .996 .05838 194.09
(.28)

20    3 3.12
(.03)

 0 .32360 76.23
(.49)

21 .5 .9 Step .5 205.04
(.30)

 .996 .05839 205.58
(.30)

22    1.5 50.28
(.07)

 .979 .08874 50.28
(.07)

23    3 10.77
(.03)

 .88 .16616 10.77
(.03)

24    4 2.74
(.01)

 .696 .23735 2.88
(.01)

25 .5 .9 Spike .5 497.47
(.99)

 0 .32363 497.61
(.99)

26    1.5 461.86
(.99)

 0 .32360 469.74
(.99)

27    3 208.77
(.80)

 0 .32360 259.67
(.87)

28    4 50.75
(.41)

 0 .32360 86.10
(.56)

      Note: ARL1 is the ARL in the out-of-control process. 
 
    The detection capability of Residual-based charts 
including the GLF significantly depends on the form and 
magnitude of the residual mean. For comparison, 
therefore, 28 examples of various processes (i.i.d., AR(1), 
ARMA(1,1)) and mean shifts (step, spike, sinusoidal) are 
chosen to generate 7 different type of residual means, 
according to which the examples are divided into 7 
groups. Each group consists of 4 examples with different 
mean shift sizes. Mean shifts are assumed to occur at 
time t = 1. The step mean shift is defined as µt = 0 for t < 
1 and µt = µ for t ≥ 1, where µt is a process mean at time t. 
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The spike mean shift is defined as µt = 0 for t < 1, µt = µ 
for t = 1, and µt = 0 for t ≥ 2. S1, S2, and S3 in Table 2 
indicate the sinusoidal mean shifts with an amplitude 
of .75σa and a period of 2, 4, 8 timesteps, respectively. S4 
has an amplitude of 1.5σa and a period of 8. For the 28 
examples in Table 2, the GLF and the EWMA are 
optimally designed to minimize the out-of-control ARL 
while constraining the in-control ARL to 500. Table 2 
shows the ARL values obtained based on a simulation 
with the 250,000 replications with the simulation 
standard errors shown in parentheses. 
    The numerical results for all of the 28 examples in 
Table 2 show that the OGLF outperforms or performs 
comparably with the optimal EWMA in every case. The 
ARL improvement tends to become more substantial as 
the magnitude of the mean shift increases.  For some 
examples with a large mean shift, the EWMA converges 
to the Shewhart chart with λ = 0 in Equation (10) since 
the Shewhart chart is the most effective form of EWMA 
for detecting large mean shifts. In many cases, however, 
the ARL performance of the Shewhart chart is also 
significantly worse than that of the OGLF. This is 
because the Shewhart chart focuses only on the most 
recent observation, whereas the GLF is designed to 
consider the transient dynamics and the steady state 
value as well.  
    The performance of the OGLF for sinusoidal mean 
shifts is examined by amplitude and period. The OGLF 
detects sinusoidal mean shifts faster with shorter periods 
and/or larger amplitudes. To sum up, the OGLF 
outperforms the optimal EWMA in 17 of the 28 
examples, and the reduction in the out-of-control ARL 
over the optimal EWMA reaches 96%. These reductions 
are discussed in detail along with other interesting 
characteristics of the OGLF in the following section. 
  
4. OPTIMAL FILTER CHARACTERISTICS 
    For the i.i.d. processes with a step mean shift 
(Examples 1 to 4 in Table 2), each OGLF is very similar 
to an EWMA. The best-fit values of λ we found are 
consistent with the optimal values in Table 4 of Lucas 
and Saccucci (1990). For mean shift µt = 3σa, the best-fit 
λ is .676 with scaling constant k = .30670 for control 
limits ±1. Note that we define the EWMA as Equation 
(10). In the notation of Lucas and Saccucci (1990), the 
EWMA is shown to be equivalent to an EWMA with λ 
= .676 and L = 3.085, which is the optimal combination 
for a mean shift of 3 standard deviations in Table 4 of 
Lucas and Saccucci (1990). Figure 3 shows the impulse 
response of the OGLF for mean shift µt = 3σa.  The 
design parameter λ of the optimal EWMA is determined 
according to the magnitude of the mean shift. The larger 
the magnitude of the mean shift is, the larger the λ of the 
EWMA that is selected with the fixed control limits. 

 

 
Figure 3.  Example 3: Impulse Response of the OGLF. 

 
    For the AR(1) processes with a step mean shift 
(Examples 5 to 8 in Table 2), the mean of the residuals 
settles down to a small steady state value after an initial 
single spike. For mean shifts µt = .5σa and 1.5σa, the 
OGLF converges to the optimal EWMA with a small λ, 
since each residual mean has a small initial spike and a 
small steady state value.  However, the large mean shifts, 
such as µt = 3σa and 4σa, cause the residual mean to have 
a large initial spike and a small steady state shift as 
shown in Figure 4(a). Hence, the GLFs for µt = 3σa and 
4σa are optimally designed to be sensitive for detecting a 
large initial spike as well as a small steady state.  

 
Figure 4.  Example 7: (a) Residual Mean; (b) Impulse 
Response of the OGLF. 
  
    Figure 4(b) shows the OGLF for µt = 3σa, which can 
be viewed as the weighted combination of a Shewhart 
chart and an EWMA. In other words, the h0 and hj for j > 
1 in Figure 4(b) can be approximated as the impulse 
responses of a Shewhart chart and an EWMA with a 
small λ, respectively. We found the best-fit parameters 
of an EWMA taking hj for j > 1 in Figure 4(b) as its 
impulse response. The best-fit λ = .0227 and k = .04214. 
Hence, the OGLF for µt = 3σa can be approximated as 

                ttt e
B

ey
9773.1

04214.23306.
−

+= .                    (11)    

    Figure 5 shows the impulse responses of the OGLF 
and its approximated filter on the same plot, which are 
almost identical. This OGLF can be interpreted similarly 
to the combined Shewhart-EWMA scheme propoposed 
by Lucas and Saccucci (1990). The Shewhart chart filter 
component of the OGLF is effective in detecting the 
large initial single spike at start-up and its EWMA filter 
component increases the probability of detection by 
providing an additional chance to detect the small steady 
state value of the mean shift following the spike with its 
long tail. The properties of the Shewhart chart and the 
EWMA are optimally combined into one statistic of the 

j

hj 

j

tµ
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(b) (a) 

hj

j 



 5

OGLF, whereas the combined Shewhart−EWMA 
scheme considers two statistics with respective control 
limits at the same time. A similar discussion explains 
Example 24. The residual mean of the ARMA(1,1) 
processes with a step mean shift also has an initial single 
spike and afterward reaches a moderate steady state 
value. For other examples with similar residual means, 
see Examples 21 to 23. However, in these cases, the 
OGLF is designed to be an EWMA because of the 
relatively small first spike and moderate steady state 
value of the residual mean. 

  
Figure 5.  Example 7: Impulse Responses of the OGLF 
and Its Approximated Linear Filter in Equation (11). 
 
    The OGLF for the AR(1) processes with a spike mean 
shift (Examples 9 to 12) shows a high correlation with 
the residual mean, where the initial positive spike is 
followed by a single negative spike and then settles down 
to zero. From Equation (3) which expresses the charted 
statistic as a linear combination of the filter coefficients 
and the residuals, we can easily see that the high 
correlation between the impulse response coefficient and 
the residuals contributes to an increase in the magnitude 
of the charted statistic. Therefore, the OGLF is more 
effective in detecting this kind of residual mean than the 
optimal EWMA. As shown in Figure 6(a), the residual 
mean stays non-zero only for the first two timesteps. The 
optimal EWMA for this kind of residual mean is the 
Shewhart chart, which considers only the most recent 
observation. By generating a high correlation with the 
residual mean, on the other hand, the OGLF shown in 
Figure 6(b) can effectively consider the two non-zero 
means of the residuals at the same time and, therefore, 
has higher detection capability. As the magnitude of the 
mean shift increases, the performance improvement over 
the optimal EWMA becomes more substantial and the 
reduction in the out-of-control ARL by the OGLF 
reaches as high as 77%. 

 
Figure 6.  Example 11: (a) Residual Mean; (b) Impulse 
Response of the OGLF. 

    For the i.i.d. processes with a sinusoidal mean shift, 
the OGLF significantly outperforms the optimal EWMA. 
As shown in Figure 7, the OGLF for these processes is 
also designed to utilize the high correlation with the 
residual mean to increase the detection probability. As 
the timestep moves forward, the residual mean and the 
impulse response coefficients show a positive correlation 
and a negative correlation by turns. Hence, the charted 
statistic yt in Equation (3) comes out to be a large value 
each time even if the sign changes in turn. See Figure 7(e) 
for a positive correlation, where the OGLF is scaled for 
illustration purpose so that the largest impulse response 
coefficient is equal to the largest mean of the residuals. 
As shown in Equation (3), the first impulse response 
coefficient of the OGLF is applied to the most recent 
data and conversely, the last one is used for the Tr-
timestep-ahead data. In Figure 7(e), hence, the time-
order of the OGLF is reversed and is plotted over the top 
of the residual mean.  

 

 

               
Figure 7.  Example 13: (a) Residual Mean; (b) Impulse 
Response of the OGLF; Example 15: (c) Residual Mean; 
(d) Impulse Response of the OGLF; (e) OGLF Applied to 
the Residual Mean at t = 10. 
 
    The shorter the period of the sinusoidal mean shift is, 
the faster the detection by the OGLF. It is because the 
OGLF for a sinusoidal mean shift tends to show the high 
correlation with the residual mean every half period. For 
instance, the sinusoidal mean shift in Example 13 has the 
period of 2 timesteps. The OGLF for Example 13 shows 

t

OGLF
Residual 
Mean 

(e) 

j

hj 
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(d) (c) 

j
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j
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a large positive correlation with the residual mean at one 
timestep and then a large negative correlation on the next 
timestep, both of which are likely to result in a signal. In 
contrast, the OGLF for Example 15 shows the high 
correlation only every 4 timesteps because the sinusoidal 
mean shift has the period of 8 timesteps. Therefore, the 
OGLF for Example 13 has the better chance to detect the 
mean shift. 
   Figure 8 depicts ARMA(1,1) processes with a step 
mean shift (Examples 20) and a spike mean shift 
(Example 28). For Example 17 with µt = .5σa, the OGLF 
simply reduces to the optimal EWMA. For Example 19 
with µt = 2σa and Example 20 with µt = 3σa, the OGLF 
is designed to be highly correlated with the residual 
mean as in Example 13. However, note that the 
magnitude of the charted statistic and the detection 
probability increases for the first several timesteps and 
then decreases.  This is because, unlike in Example 13, in 
this case, the residual mean dies out. Therefore, the 
detection capability of the OGLFs for Examples 19 and 
20 is significantly influenced by the initial magnitudes of 
the residual mean. As shown in Figure 8(d), the OGLF 
for Example 28 with µt = 4σa is designed to sacrifice the 
initial several timesteps by means of placing very small 
coefficients on the most recent residuals and, instead, to 
increase the detection probability afterward by 
generating a high correlation between the coefficients 
and the residual mean, where the charted statistic of the 
OGLF is maximized at timestep 5. 
 

  

 
Figure 8.  Example 20: (a) Residual Mean; (b) Impulse 
Response of the OGLF; Example 28: (c) Residual 
Mean; (d) Impulse Response of the OGLF. 
 
5.  CONCLUSION 
    In this paper, the concept of linear filters for control 
chars is generalized and the GLF is proposed as a control 
charting scheme. In addition, we have developed a 
methodology to optimally design a GLF in accordance 

with the statistical optimization criterion of minimizing 
the out-of-control ARL while constraining the in-control 
ARL to some desired value. The ARL performance of 
the OGLF is compared with those of the residual-based 
Shewhart chart and the optimal EWMA. The optimal 
linear filters substantially outperform the existing control 
charts in situations where their lower order model 
structures are an obstacle to optimization. Especially 
with large mean shifts, the improvement is remarkable.  
    No one chart consistently outperforms the others. 
However, the significance of GLF is based on their 
structural flexibility which allows the derivation of a 
linear filter that outperforms, or performs comparably to, 
existing control charts such as the residual-based 
Shewhart chart, EWMA chart, and PID charts. Because 
of the relationship between the impulse response 
coefficients and the residual means that is mentioned in 
Section 4, the flexibility of the filter structure plays a key 
role in determining its performance. Therefore, 
additional flexibility from a higher order filter guarantees 
better detection capability for more kinds of mean shifts. 
In other words, in this capacity, the OGLF is superior to 
other existing charts. 
    In the optimization procedure, the Monte Carlo 
simulation is used to make up for the inaccuracy in the 
ARL that is due to the rough approximation of the 
Markov property of the GLF. It significantly increases 
the computational expense. Apley and Chin (2004) 
provide an alternative approach to reduce this weakness 
of the OGLF and enable it to provide comparable 
charting performance in many cases.  
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