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Abstract: The term “plant-friendly” system identification has been used within the chemical
process control research community in reference to the broad-based goal of accomplishing
informative identification testing while meeting the demands of industrial practice. While
many different identification topics (such as control-relevant identification, closed-loop
identification and optimal input design) can be said to contribute to plant-friendliness in
identification, the problem has some unique character of its own. This paper describes
some of the issues that motivate plant-friendly identification and presents an overview of
some approaches that have been proposed in this topic. The problem of identification test
monitoring is presented as a novel means for accomplishing plant-friendly identification.
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1. INTRODUCTION

The term “plant-friendly” identification is one that
seems to be exclusive to the chemical process control
community. The exact origin of the term is not clear,
but it first appears mentioned in print in the paper by
Pearson et al. (1993). However, articulation of issues
related to plant-friendly considerations can be found
in literature based on the experience of industrial
practitioners (Rivera et al., 1992) or influenced by the
demands of practice (Godfrey, 1993).

The concept of plant-friendliness in system identifica-
tion for the process industries stems from the funda-
mental need for informative experiments despite prac-
tical requirements to the contrary. Broadly speaking,
a plant-friendly identification test will produce data
leading to a suitable model within an acceptable time
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period, while keeping the variation in both input and
output signals within user-defined constraints. Exam-
ples of plant-friendly constraints (and their impact on
process operations) include:

• keeping output deviations low to minimize vari-
ability in product quality,
• implementing a signal of sufficiently short dura-

tion to minimize the amount of off-spec product
and reduce engineering time associated with an
identification test,
• keeping move sizes small to satisfy actuator con-

straints and minimize “wear and tear” on process
equipment.

These practical considerations are often in conflict
with theoretical requirements (e.g., asymptotic oper-
ation, persistence of excitation, etc.) that demand long
identification tests under high signal-to-noise ratios.
As a result, plant-friendliness often involves a com-
promise between the demands of theory (which are
for the most part “plant-hostile”) and the demands of
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plant engineers (who would prefer no changes in the
process as a result of identification testing).

The main objective of this paper is to create in-
creased awareness of the plant-friendly identification
problem within the larger system identification com-
munity. The paper is organized as follows: Section
2 discusses the motivation for plant-friendliness, us-
ing industrially-relevant examples to justify why the
problem goes beyond classical input signal design
approaches. Section 3 presents two plant-friendliness
measures and surveys some existing approaches to the
problem. In Section 4 the problem of identification test
monitoring is proposed as a novel means for accom-
plishing plant-friendly identification; this discussion
is supported with some analysis and an example. The
paper concludes with a summary section. Ultimately,
it is our desire that this paper will stimulate multidis-
ciplinary research efforts in this important problem to
the practicing process control community.

2. MOTIVATION FOR PLANT-FRIENDLY
IDENTIFICATION

System identification in practice is an iterative proce-
dure. The lack of a priori information regarding the
plant model will require that initially each step be
examined in a superficial manner. After each stage, the
user must discern if the previous stages were properly
accomplished; if this is not the case, the stage(s) must
be redone until a “satisfactory” model is obtained. A
satisfactory model is one that meets the requirements
of the intended application (e.g., simulation, predic-
tion, or control).

The quality of the data generated from the experimen-
tal design stage is critical to the success of the com-
prehensive system identification and subsequent con-
trol design procedures. In the chemical process indus-
tries, identification testing is by necessity conducted
while the plant is in normal operation, and as such
represents one of the most expensive and time con-
suming steps in the application of advanced control
in the process industries. There are many industrial
examples of the significant disruption and cost that
identification testing represents to plant operations;
here we just discuss a few. As a research engineer at
Shell Development Company in the late 1980’s, the
first author was involved in implementing individual
identification tests lasting five days or more. More
recently, while consulting for a major chemical com-
pany, the first author was presented with the identifi-
cation testing guidelines of a major control software
vendor. To identify an ethylene furnace characterized
by 17 independent variables and a six hour settling
time, the vendor’s guideline suggested nearly a month
(25.5 days) of identification tests. Mathur and Conroy
(2002) cite an example where the total costs of step
testing (taking into account reductions in throughput,
off-spec product, and engineering time) were esti-

mated at $270,000. It comes as no surprise that model
development has been reported to account for 75% of
the costs associated with an advanced control project
(Hussain, 1999).

In addition, “fanout” issues are a problem - there are
a large percentage of loops in industrial practice for
which significant performance improvements would
be possible as a result of system identification (Ogawa
and Douke, 2002). This task, however, has to be done
in an acceptable manner to operations. This represents
yet another significant incentive for accomplishing
plant-friendly, informative identification testing.

One could expect that for a mature area such as sys-
tem identification, existing literature would address
these problems. For example, the identification lit-
erature abounds with optimal input design theorems
which, one would expect, should be well suited to ad-
dress the plant-friendly identification problem. How-
ever, the majority of these “optimal” solutions are not
formulated in a manner meaningful to the chemical
process engineer. For starters, most optimal input de-
sign results depend on knowledge of the true plant and
noise models (Ljung, 1999), which is information that
is largely unknown to the user (at least at the start
of identification testing). Furthermore, process control
engineers tend to think more in terms of maintaining
high/low limits, move size constraints, and test dura-
tion during identification testing and less in terms of
the norm criteria that are typically used in the classical
optimal experimental design formulations.

Control-relevant system identification has been an im-
portant research topic in the community since the late
1980’s. However, control-relevance in and of itself
does not automatically imply plant-friendliness. Tak-
ing control performance requirements into consider-
ation during identification testing will often lead to
more focused input signal with a narrower bandwidth
and emphasizing the important regimes of time and
frequency needed for the intended application (Rivera
et al., 1992; Cooley et al., 1998). However, control-
relevant input designs require additional scrutiny
(principally in the form of constraint enforcement) to
insure that they will promote plant-friendliness. Simi-
lar statements can be made for closed-loop identifica-
tion and its role in plant-friendly identification.

Ultimately, the main question in plant-friendly identi-
fication (and which distinguishes it from other prob-
lems in the field) is this: how does one build pro-
cess knowledge relevant to system identification in a
systematic and nearly automatic way, with little user
intervention and without demanding significant com-
putational time and effort? If adequate process knowl-
edge is absent at the start of experimental testing, how
can this knowledge be systematically acquired in the
course of identification testing, for the purposes of
improving the identification test?



3. SURVEY OF PLANT-FRIENDLY
IDENTIFICATION APPROACHES

Current approaches to plant-friendly identification
range from the use of simple measures to sophisticated
constrained formulations. Doyle et al. (1999) first pro-
posed a friendliness index f for an arbitrary input
sequence u(k), k = 1 · · ·N . The measure is defined
as a percentage according to

f = 100×
(

1− nT
N −1

)
(1)

where N is the sequence length and nT constitutes the
number of transitions (i.e., situations where u(k) �=
u(k − 1)) in the input signal. This measure is also
examined in Rengasamy et al. (2000) and Parker et
al. (2001). According to this measure, a constant se-
quence is “100% plant-friendly”, while any sequence
that changes value at every instant is “0% plant
friendly.” A stochastic interpretation and its use in the
design of input signals for identifying Volterra series
models are presented in the aforementioned papers.

Another measure that has been proposed to determine
plant-friendliness is the Crest Factor (CF ) (Guillaume
et al., 1991). The crest factor is defined as the ratio of
the 	∞ norm and the 	2-norm of a signal

CF (u) =
	∞(u)
	2(u)

(2)

and provides a measure of how well distributed the
signal values are over the input span. A low crest
factor indicates that most of the elements in the input
sequence are distributed near the minimum and maxi-
mum values of the sequence. Reducing the crest factor
of the input or output signals (or both) can signifi-
cantly contribute to plant-friendliness during experi-
mental testing. For example, if two signals with equiv-
alent power spectral densities are to be evaluated for
identification purposes, the one with lower crest factor
is preferred because it will deliver the same power
over a lower overall span. An alternative measure to
crest factor is the Performance Index for Perturbation
Signals (PIPS) (Godfrey et al., 1999).

PIPS(%) = 200

√
u2
rms−u2

mean

umax−umin
(3)

The PIPS measure ranges between 0 and 100% (com-
pared to 1 versus∞ for crest factor), which gives it an
intuitive, practical appeal.

In Braun et al. (2002), crest factor minimization is
used as the basis for designing multisine inputs mean-
ingful for plant-friendly identification of both linear
and nonlinear systems. Constrained extensions have
been presented for both the single input (Rivera et al.,
2002) and multivariable cases (Lee et al., 2003); these
formulations allow specifying both frequency domain

signal requirements (meaningful from a system theo-
retic perspective) and time-domain constraints (mean-
ingful from the user’s standpoint).

We previously noted that control-relevant approaches
to input signal design can be formulated to pro-
mote plant-friendliness; examples of this approach in-
clude the work of J.H. Lee and co-workers (Chikkula
and Lee, 1997; Cooley et al., 1998; Cooley and
Lee, 2001). Actuator constraints are recognized in
these problem formulations. Other control-relevant
approaches taking into account constraints include the
work of Li and Georgakis (2002) who focus on highly
interactive systems. The recent work Narasimhan et
al. (2003) considers a multi-objective framework in
which the tradeoffs associated with maximizing input-
output friendliness, constraints, and other criteria are
explored in the context of a mixed-integer nonlinear
programming problem.

4. IDENTIFICATION TEST MONITORING

Identification test monitoring is proposed as a novel
approach to the plant-friendly identification problem.
Factors that influence this approach include the fol-
lowing:

(1) a priori knowledge of the system dynamics
available to the engineer is often sketchy at the
start of identification testing. To maintain flex-
ibility in the design the user is forced to make
some generous assumptions. A framework is
needed that allows the user to systematically ac-
quire process knowledge which in turn is used
to refine the experimental test, without resorting
to a completely new experimental testing proce-
dure.

(2) The use of periodic, deterministic inputs such
as multisine or pseudo-random signals provides
distinct advantages. The timespan defined by one
period of a periodic signal provides a natural
window or examination point for analysis of the
data and signals. As a result, monitoring pro-
cedures can be established that work in “quasi-
real” time, where the data resulting from prior
cycles of a multisine signal are analyzed while
the current cycle is being implemented.

The iterative evaluation and refinement of identifica-
tion signals implied by the identification test monitor-
ing problem contrasts much of current industrial prac-
tice. The tendency in practice is to collect and analyze
data in one batch, and determine (after pursuing the
complete identification cycle) if the data is adequate.
This results in costly re-testing and requires significant
user intervention and effort. In contrast, a systematic
monitoring approach based on periodic inputs allows
the opportunity for users to improve tests without hav-
ing to perform a full comprehensive analysis.



4.1 Towards Identification Test Monitoring: Integrating
Identification and Robust Loopshaping

In addition to system identification, it is possible to
draw from the fields of signal processing, robust con-
trol, and optimization to synergistically create novel
frameworks for identification test monitoring. Data
generated from periodic inputs can be used to calcu-
late an empirical transfer function estimate (ETFE)
(Ljung, 1999). According to Bayard (1993), a confi-
dence region in the Nyquist plane for the ETFE p∗(ωi)
is a perfect circle centered at p∗(ωi) of radius εi where

ε2i =
σ̂2|W (e−jωiT )|2F1−κ(2,ν)

Φu(ωi)m
(4)

W (z) is the estimated noise model while σ̂2 is the
estimated variance from the residual output spectrum.
m corresponds to the number of cycles of the periodic
input, while F1−κ(2,ν) is the 2-way Fisher statistic
computed for a specified statistical confidence of (1−
κ)×100%. Noting that F1−κ(2,ν) is bounded as ν be-
comes large (e.g., F1−κ(2,ν)≤ 3 for 1−κ = .95 and
ν > 120), it becomes clear that the uncertainty region
increases with the noise-to-signal ratio σ̂2|W |/Φu and
decreases as the number of input signal cycles m in-
creases. Thus (4) provides significant insight regard-
ing the important practical issues of signal magnitude
and test length in system identification. Noise in the
data set can be overcome by either increasing signal
power or lengthening the test duration. The decision to
follow one approach over the other is dependent upon
the circumstances being faced during identification
testing, such as operational restrictions, and so forth.
These are the types of tradeoffs that the identification
test monitoring problem seeks to address.

The confidence regions defined by (4) can be ex-
pressed as norm-bounded multiplicative uncertainty

|(p(ejωiT )−p∗(ωi))p∗−1(ωi)| ≤ 	̄m(ωi) (5)

= εi/|p∗(ωi)|
which in turn can be used to assess robust perfor-
mance, such as the µ analysis measure

µ∗ = sup
ω
|η∗(ejωT )	̄m(ω)|+ |ε∗(ejωT )wP (jω)|(6)

wP weights the sensitivity function ε = (1 + pc)−1;
η = pc(1 + pc)−1 is the complementary sensitivity
function. η∗ and ε∗ are the frequency responses of the
closed-loop transfer functions based on the estimated
frequency response p∗. Whenever µ∗ < 1, the follow-
ing condition is satisfied for the closed-loop system

|ε| ≤ 1/|wP | ∀p ∈ 	̄m 0≤ ω ≤ π/T

The paper by Braatz et al. (1991) provides a proce-
dure based on robust loopshaping for determining nec-
essary and sufficient bounds on the nominal closed-
loop transfer functions from knowledge of the pro-
cess uncertainty and performance specifications on

the closed-loop system. For a SISO system, sufficient
bounds on η∗ and ε∗ are

|η∗|< 1−|wP |
|wP |+ 	̄m

|ε∗|< 1− 	̄m
|wP |+ 	̄m

(7)

Additional bounds (namely necessary upper and lower
bounds on |η∗| and |ε∗|) can be found in Braatz et al.
(1991). Using this analysis, one realizes that the robust
loopshaping bounds on η∗ and ε∗ can be computed in
real-time, during identification testing. The decision
to halt or modify an identification test can be deter-
mined on the basis of how these bounds evolve with
increasing number of cycles of the input m.

4.2 An Identification Test Monitoring Example

The “thought process” that may be involved in the case
of identification test monitoring of a SISO system is
presented in this section using a simulated representa-
tive scenario. This is depicted in Figure 1 with relevant
statistics summarized in Table 1. The simulation con-
siders a first-order system per the transfer function

p(s) =
1

10s+1
the parameters for this system are assumed to be
vaguely known a priori. We further assume that the
plant is facing significant disturbances, but plant oper-
ating restrictions dictate that the test be carried out un-
der low Signal-to-Noise Ratios (SNRs). Multisine in-
put signals relying on the constrained minimum crest
factor design procedure per Rivera et al. (2002) and
Lee et al. (2003) are used to construct this identifi-
cation test monitoring scheme. The initial signal (for
Stage 1) is designed per the guidelines in (Rivera et
al., 2002; Lee et al., 2003) with αs = 2,βs = 3, τLdom =
5 min, τHdom = 20 min. The result is a signal of very
wide bandwidth, implemented using a low amplitude
span (±0.75) to avoid undesirable levels of off-spec
product. This signal is represented by Stage 1 in Ta-
ble 1 and Figure 1. Analysis of the Stage 1 data results
in a preliminary model that can then serve as a basis
for the design of the signal in Stage 2. This prelim-
inary model will most likely display high variance
in the parameters, as a result of the low signal-to-
noise ratio of the data. Nonetheless the information
contained in this model is useful for determining the
design parameters of Stage 2. In this simulated sce-
nario the model time constant range is narrowed to
between 8 and 12 minutes; the resulting use of the
guidelines produces a signal of much shorter duration.
Furthermore, the initial estimate of system gain grants
the user confidence to increase the input span to±1.5,
improving the signal to noise ratio. The model esti-
mated from the the two cycles of data can be used
to generate the third and final stage; in this simulated
scenario an input design with a control-relevant power
spectrum as defined per Rivera et al. (1992) and with
higher span (±2.5) is used. Given the improved model



knowledge from analysis of the first two cycles, the
increased input span does not result in unacceptable
swings in the output. This final design takes advantage
of improved process knowledge to incorporate control
requirements which ultimately results in a high perfor-
mance control system.

It was previously stated that robust loopshaping mea-
sures can be used to determine in real-time, during
identification testing, limitations to achievable control
performance from the data. Consider the signal design
per Stage 1 in the previous example. Here a Type-
I weight function per Skogestad and Postlethwaite
(1996) is chosen:

wP =
s/Mp+ω∗B
s+ω∗BA

(8)

where Mp and ω∗B represent the upper maximum peak
and lower bandwidth bounds in ε, respectively. A (set
to zero in this analysis) is a zero-frequency upper
bound. Figure 2 presents the results of the various
bounds in Braatz et al. (1991) for two cycles of the
signal per Stage 1 with SNR = 1 and performance
specs defined by Mp = 2 and ω∗B = 0.1. Figure 2
shows that a nominal control design with sensitivity
and complementary sensitivity operators per

ε(s) =
10s

10s+1
, η(s) =

1
10s+1

satisfies robust performance conditions. Having con-
firmed via this analysis that the data is sufficiently
informative to yield a model leading to acceptable
performance requirements, the experimental test can
be halted.

5. SUMMARY AND CONCLUSIONS

We have presented the plant-friendly identification
problem as an important issue meaningful to the pro-
cess industries. In spite of the significant advances in
the system identification field, this problem remains
open to further avenues of research. Identification
test monitoring was presented as one approach to ad-
dress this gap, and a basic identification test moni-
toring scheme relying on the integration of identifica-
tion concepts with robust loopshaping was presented.
These measures, while useful, are conservative, which
is a consideration that should be addressed in future
work. Furthermore, non-expert usage is critical in the
implementation of this concept in practice.
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Fig. 1. Simulated identification test monitoring sce-
nario for a single-input, single-output plant. a)
time series b) power spectra. The “snow effect”
is enabled only in the high frequency range of
Stages 1 and 2.
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