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The quality of life cycle inventory (LCI) data is crucial to the reliability of decisions
made via life cycle analysis (LCA). However, many LCI data, be they from commercial
software or public domain databases, violate the laws of thermodynamics due to
errors, missing data, and other inconsistencies. The process engineering method of
data rectification is appealing for improving the quality of LCI data, but applying this
approach poses many new challenges that are not addressed in traditional rectifica-
tion. One such challenge is due to the availability of life cycle data at multiple over-
lapping scales. This includes engineering data at the equipment and process scales,
process LCA data at the value chain scale, and economic input–output and toxic
release inventory data at the economy scale. This article develops a method for rectifi-
cation of such multiscale data. Rectification is accomplished via a mixed integer opti-
mization-based approach, and it is integrated with the existing computational methods
for different types of traditional and hybrid LCA. The developed method may also be
used for multiscale data from process engineering. It is applied to data for a caustic
soda process from a public domain LCI database to illustrate the benefits of the pro-
posed approach and identify further challenges. � 2007 American Institute of Chemical

Engineers AIChE J, 53: 876–890, 2007
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Introduction

Life cycle assessment (LCA) is emerging as an essential
tool for evaluating the broader environmental aspects of en-
gineering products and processes.1,2 Such analysis is increas-
ingly common in many corporations and research laborato-
ries for strategic decision-making, based on the sustainability
potential of alternate decisions and engineering activities.
LCA aims to account for inputs and outputs of processes in
the supply and demand chains (value chain) of a selected
product or process, which requires extensive knowledge
about the inputs of raw materials and energy, and outputs
including products, byproducts, and emissions of several
industrial processes and economic activities. This makes de-

velopment of the life cycle inventory (LCI) an extremely im-
portant but labor intensive component of a high quality and
reliable LCA. Many LCIs have been compiled by govern-
ments and private entities,3 and are available for free4,5 or as
part of software packages.6,7 These inventories are usually
compiled from diverse sources such as industrial data and
public domain inventories. Some companies may also wish
to use their own private process inventories for LCA study.

Since LCI data are the result of combining a variety of
sources, they usually contain errors due to effects of aggrega-
tion, disparity in data from different sources, missing values,
and random and gross errors in measurements.8,9 It is com-
mon for such data to violate the conservation laws of ther-
modynamics.10,11 Nevertheless, developers and some users of
LCI data may argue that the emissions data, which are the
main focus of LCA, are accurate enough making satisfaction
of conservation laws unimportant for most users. While
this argument may be reasonable in the narrow domain of a
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traditional LCA, LCI data are increasingly combined with
data at different scales and are used by other methods such
as material, energy and exergy analysis. Consequently, the
quality of input data is important for these methods, and sat-
isfaction of conservation may improve overall data quality.
Furthermore, most commercial LCA packages are starting to
quantify the extent of errors in emission data. If the emission
data are accurate, the proposed rectification approach will
have less effect on these data and will only improve data
with more errors or missing data. Without rectification, LCA
based on inconsistent LCI data may result in misleading or
incorrect decisions, which reduce the reliability of LCA and
user confidence in this method.

The problems of inconsistent and error-prone data are
commonly encountered in process systems engineering, and
have been the focus of research for many decades. Methods
for data rectification have been developed to improve data
quality and consistency by rectifying them with the conserva-
tion laws of thermodynamics, and using statistical and opti-
mization techniques for detection and compensation of gross
errors.12,13 The data reconciliation problem assumes that no
gross error exists in measurements. In the absence of inequal-
ity and nonlinear constraints, it is usually formulated as a
quadratic programming problem. The detection and identifi-
cation methods of gross errors are usually derived from sta-
tistical significance tests. Identified gross errors are removed
by compensation methods that utilize a nonlinear program. A
mixed integer program can also be used to estimate gross
error sizes and reconciled values simultaneously. The meth-
ods of gross error compensation can be categorized into se-
rial elimination, serial compensation, and simultaneous com-
pensation. The serial elimination method14,15 identifies one
gross error at a time by using a significance test, and consid-
ers a measured variable where the gross error is identified as
an unmeasured variable. These procedures continue until no
gross error is detected. The serial compensation method16

identifies a gross error at a time, and estimates the size of
the gross error until no gross error is detected. The simulta-
neous compensation method17–20 estimates the sizes of all
gross errors simultaneously for keeping a degree of redun-
dancy. The degree of redundancy is defined as the number of
constraints that are composed of only measured variables,
which affect the accuracy of rectified values. The serial elim-
ination method considers a measured variable that is identi-
fied as containing a gross error as an unmeasured variable so
that the degree of redundancy decreases with iterations. In
contrast, the simultaneous compensation method does not
eliminate measured variables, and the degree of redundancy
does not decrease.

Data rectification can be accomplished only if an objective
function and constraints are formulated with measured varia-
bles. Since measuring instruments are usually installed only
on some streams, unmeasured variables, if present in the rec-
tification problem, must be removed. The methods of matrix
projection21 and QR factorization22 have been developed to
accomplish this task. Observable unmeasured variables can
be estimated from the measured values and constraints after
rectification. A complete survey of these topics is available
elsewhere.23

Existing methods for data rectification usually focus on
measurement data at only one scale, which are directly mea-

sured by flow meters at the equipment scale. Such an
approach has already been used for enhancing the quality of
LCI data at a single scale.10 However, LCI data are usually
gathered from diverse sources such as plant operation and in-
ventory databases, aggregate process LCA databases that rep-
resent average data for typical processes in a selected region,
and data about economic sectors that aggregate all processes
in a sector. These data represent different levels of spatial re-
solution and aggregation. The finest scale data at the equip-
ment scale are detailed and relatively accurate, but maintain-
ing such a level of detail for all processes in the life cycle is
computationally intractable. Process LCA, standardized in
ISO 14000, assumes that the amounts of resource consump-
tion and waste emission have a linear relationship with the
amount of a final product, and constructs the life cycle net-
work of processes to calculate the total amounts of resource
consumption and waste emission.24 LCI used in process LCA
is usually at the level of the value chain, but relies on a finite
boundary, since it is practically impossible to collect infor-
mation about all the interconnected processes in the life
cycle. Thus, process LCA suffers from errors due to incom-
pleteness of the system boundary. Economic input–output
LCA (EIOLCA) also assumes that the amounts of resource
consumption and waste emission have a linear relationship
with the household demand of each economic sector, and uti-
lizes the aggregated information of entire economic sectors.25

These data at the economy scale are highly aggregated, but
also the most complete in capturing the life cycle network
albeit at a coarse scale. Hybrid LCA combines process LCA
and EIOLCA to overcome the use of an incomplete system
boundary in process LCA and the aggregation error in
EIOLCA.26 Most LCI data are prone to have errors, and do
not satisfy the conservation laws of thermodynamics. Conse-
quently, data rectification may be applied to LCI data for
enhancing their quality.11 Data rectification integrated with
hybrid LCA fuses LCI data of process LCA and EIOLCA,
while ensuring satisfaction of conservation laws. Because of
the data being at multiple scales, this is a multiscale data rec-
tification problem.

The multiscale nature of data described in the previous
paragraph may also be encountered in a traditional chemical
process.27,28 For example, measurement data for high-level
tasks such as planning and scheduling are at a coarse scale,
while those for low-level tasks such as supervisory and regu-
latory controls are at a fine scale. The models and data at the
coarse scale may be inconsistent with those at the fine scale.
Consequently, the methods developed in this article can also
be useful for rectification of traditional process data.

Multiscale methods do exist for data rectification, but are
inadequate for solving the LCI rectification problem. Existing
multiscale rectification methods use a Bayesian approach and
wavelet basis functions for dynamic and steady state rectifi-
cation.29–31 Noisy data are decomposed into measurement
sets at multiple scales, and Bayesian estimation is applied to
calculate noise-free wavelet coefficients. However, these
multiscale rectification methods decompose single-scale data
into multiple scales for rectification or can combine data at
dyadic scales when sufficient measurements or stochastic
models are available.32 The approach proposed in this article
is inspired by existing multiscale methods, but significant
new challenges exist in LCI rectification, which prohibit
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direct use of existing multiscale rectification methods. These
challenges include the nested overlapping scales, presence of
constraints at each scale and across scales, need to detect
and compensate gross errors, few measurements and stochas-
tic models.

The main contributions of this article include a rectifica-
tion method that combines data at multiple spatial scales
while satisfying the conservation laws of thermodynamics at
and across coarse and fine scales, and its application to LCI
data using an integrated formulation of data rectification with
existing computational methods of LCA. Specifically, the
rectification method is extended to combine process LCI data
and economic LCI data, thus it is integrated with the compu-
tational structure of process LCA, EIOLCA, and hybrid
LCA. The developed method is applied to the life cycle of a
caustic soda process for demonstrating the benefits and chal-
lenges of the developed approach. The proposed approach is
expected to be an important step toward providing much
needed scientific rigor in LCA, and increasing the reliability
and credibility of its results.

The rest of this article is organized as follows. In the next
section, the multiscale characteristic of LCI data and existing
methods for combining such data are explained in more
detail. This is followed by a description of the developed
rectification method integrated with the existing computa-
tional methods of hybrid LCA. Finally, the proposed method
is applied to the life cycle of a simulated set of data and to
LCI data for a caustic soda process being compiled by the
National Renewable Energy Laboratory.

Methods for Combining Multiscale Data

Problem formulation

Figure 1 is a conceptual diagram to show a typical multi-
scale system addressed in this article. This system is
described in the context of LCA, but the proposed approach
may be used for any multiscale rectification problem. The
entire economy can be classified into two sectors, S1 and S2.
The sectors have inputs, outputs, intersectoral, and intrasec-
toral flows, and it is assumed that these flows are measured
in the units of physical quantities such as mass and energy.
Usually, flows at the economy scale are measured in mone-
tary units, but monetary flows can be transformed into physi-
cal flows when prices of products are available. Assume that
partial information about the infrastructure of the economic
sector S2, such as V1, V2, and V3, is available. The remain-
ing part of S2 except V1, V2, and V3 is represented as S20.
V1, V2, and V3 have economic activity in S2, and can be
processes such as chemical plants, iron-making plants, power
plants, etc. It is assumed that every flow at the value chain
scale is measured, and these flows can be measured in the
units of money, mass, or energy. It is further assumed that
V2 is a process plant, and its detail flow diagram is available
as shown in Figure 1. V2 consists of the equipments, Q1
through Q5. Flow rates between equipments are considered
to be measured at this equipment scale.

Multiscale measurements described in the previous para-
graph can be interpreted in the context of LCA. Assume that
LCA is implemented for the plant of V2. The detailed flow-
sheet information of V2 is available, and flow rates of its

intermediate flows, products, and raw materials are measured
at the equipment scale. The flow rates at this scale are usu-
ally measured by flow meters installed in production plants.
The flow rates of raw materials such as x(Q),1 and x(Q),2 are
used as the amount of resource consumption in V2 at the
equipment scale for LCA. The resource consumption of V2
is also available at the value chain scale, which is aggregated
as a single variable, x(V),5. The flow rates of products such as
x(Q),6 and x(Q),7 are measured at the equipment scale, as well
as the value chain scale, which are x(V),2 and x(V),6. Measured
values of x(Q),i (i ¼ 1,2, . . . ,10) at the equipment scale are
measured by flow meters, and can be domain-specific LCI
data or LCI data at equipment scale. Available supply and
demand chains of V2 contain V1 and V3, thus the system
boundary of process LCA is represented as the dotted lines
in Figure 1. Measured values of x(V),i (i ¼ 1,2, . . . ,7) at the
value chain scale may be collected from process inventories
or public-domain databases. These represent LCI data at the
value chain scale. Variables that are measured at the value
chain scale may also be available at the economy scale.
Thus, the measured variables of x(V),1, x(V),2, x(V),7, and x(V),8
at the value chain scale correspond to the measured variables
of x(E),12, x(E),21, x(E),V2, and x(E),F2, respectively. The sum of
x(V),3, x(V),4, x(V),5, and x(V),6 is equal to x(E),22.

Such multiscale measurements are also found in the pro-
cess industries. In production plants, flow rate and tempera-
ture are measured for operation and performance evaluation
such as control, optimization, production planning, and yield
accounting. Control and optimization are usually considered
as low-level tasks, and utilize measured data from flow
meters and thermocouples for entire streams. Planning and

Figure 1. Conceptual diagram showing the characteris-
tics of multiscale data.
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yield accounting are considered as high-level tasks that are
concerned with the amounts of raw materials and prod-
ucts.33,34 The high-level tasks can utilize measured data from
flow meters and thermocouples at an equipment scale, but it
is also possible to use the amounts of raw material purchased
and products sold at a plant site scale. The two measure-
ments at the equipment and plant site scales may not be
equal to each other, and it is important to use common data
for high and low-level tasks. For example, a production plant
consumes raw materials, and these amounts are measured at
the plant site scale, which can be the amounts of shipment
and the level changes of storage tanks. The raw materials are
supplied to reactors, where flow meters measure the flow
rates of raw materials that are fed to the reactors. In Figure 1,
the raw materials that are fed to the reactors are measured by
flow meters, which gives x(Q),1 and x(Q),2. The amount of the
raw material is also measured by the shipping amount or the
level change of a storage tank, which gives x(V),5. In practice,
the sum of measured values (x(Q),1 þ x(Q),2) is likely to be
different from the shipment amount or the level change of a
storage tank (x(V),5) due to measurement noise and errors.
The raw materials react to form products that are sold to
final users. The production amounts can be determined from
the quantity shipped or the amounts in silos (x(V),2 or x(V),6),
and can be measured by flow meters (x(Q),6 and x(Q),7). It is
also possible that the measured values of production amounts
at one scale are different from those at other scales. Conse-
quently, it becomes necessary to determine meaningful val-
ues of the measurements in a statistically rigorous manner.
This can be achieved via data rectification.

Existing LCA methods

Figure 2 shows a network diagram depicting process LCA,
EIOLCA, and hybrid LCA. The process V3 is considered to
be the target process for LCA study, and the upstream proc-
esses of process LCA are V1 and V2. The economy is
assumed to consist of two sectors, S1 and S2. A raw material
to V1 is supplied from S1. The subscripts (E) and (V) repre-
sent the scales of economy and value chain, respectively.

Formulation of Process LCA. Process LCA utilizes the
scaled flow rates of several LCI data because it assumes that
the amounts of resource consumption and waste emission
have a linear relationship with the amount of a final prod-

uct.24 It usually utilizes flow information at the value chain
scale. In Figure 2, the output or final demand for process
LCA is the flow of x(V),4, and each process must be scaled to
satisfy the reference flow, f(V), which is a user-specified
value of the final demand or output of x(V),4. The calculation
of process LCA is based on a process matrix, P, that repre-
sents the relationship between the input and output flows.
The process matrix of a life cycle composed of plants V1,
V2, and V3 is represented in Eq. 1,

P ¼ ½p1 p2 p3� ¼

xðVÞ;2 �x0ðVÞ;2 0

0 xðVÞ;3 �x0ðVÞ;3
0 0 xðVÞ;4

�x0ðVÞ;1 0 0

0 0 0

xðVÞ;5 0 0

0 xðVÞ;6 0

0 0 xðVÞ;7

2
666666666666664

3
777777777777775

¼
TðVÞ
Cu

ðVÞ
BðVÞ

2
64

3
75; ð1Þ

where pi is a process vector of the i-th plant, negative sign
represents input flow, and positive sign represents output
flow. The element Pij of the process matrix represents the i-
th flow of the j-th process. Equation 1 also shows that the
process matrix can be decomposed into a technology matrix,
T, an upstream cutoff matrix, Cu, and an intervention matrix,
B. The upstream cutoff matrix represents that upstream proc-
esses interconnected with such streams are not evaluated in
process LCA. The technology matrix shows technological
input and output flows, and the intervention matrix represents
the flows of raw materials and wastes. A final demand vector
is defined using the reference flows shown in Eq. 2.

fðVÞ ¼ ½0 0 fðVÞ�T (2)

An inventory vector for process LCA, g(V), which represents
the amounts of resource consumption and waste emission for
the reference flow, is calculated by Eq. 3.

Figure 2. Network diagram of hybrid LCA at multiple scales.
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gðVÞ ¼ BðVÞsðVÞ (3)

where a scaling vector for process LCA using the informa-
tion of the value chain scale, s(V), is calculated by Eq. 4.

sðVÞ ¼ T�1
ðVÞfðVÞ (4)

Because the elements of the final demand vector except the
reference flow must be equal to zero, the products of the vec-
tor of scaling factors and the technology matrix satisfy the
conservation law of mass between processes Thus, x(V),2s(V)1
� x0(V),2s(V)2 ¼ 0, x(V),3s(V)2 � x0(V),3s(V)3 ¼ 0, and x(V),4s(V)3
� f(V) ¼ 0. However, the method of process LCA does not
guarantee satisfaction of the conservation law of mass around
the system because x0(V),1 � x(V),2 � x(V),5 need not be equal
to zero. This computational method of process LCA can also
be applied to the measurement data at the equipment scale
using only the streams of resource and product when they
are available.

Formulation of Economic Input–Output LCA. EIOLCA25

is based on an economic input–output table that is composed
of household demands, values added and transactions for
economic sectors, and it encompasses the entire economy.
Thus, it always uses the boundary of the entire economy.
However, EIOLCA aggregates economic and industrial
activities into broad economic sectors, and assumes that the
amounts of waste emission and resource consumption for
each economic sector are proportional to the household
demands. Thus, a scaled vector of total outputs is utilized in
EIOLCA to calculate an inventory vector. From Figure 2,
the total outputs of each economic sector are defined by
Eq. 5.

xtotal ðEÞ;1
xtotal ðEÞ;2

� �
¼ xðEÞ;11 þ xðEÞ;12 þ xðEÞ;F1

xðEÞ;21 þ xðEÞ;22 þ xðEÞ;F2

� �
(5)

where, xtotal(E),i is the total output of the i-th economic sector,
x(E),ij is the transaction from the i-th economic sector to the
j-th economic sector, and x(E),Fi is the household demand of
the i-th economic sector. Usually, the transactions and house-
hold demands are measured in a monetary unit such as
dollars, but they can also be represented in physical units.
However, the formulation of EIOLCA can be applied to an
economic input–output table measured by either or both of
the units. If a technical coefficient is defined as Dij ¼ x(E), ij/
xtotal(E),j, Eq. 5 can be represented by Eq. 6.

xtotal ðEÞ;1
xtotal ðEÞ;2

" #
¼ 1� D11 �D12

�D21 1� D22

� ��1 xðEÞ;F1
xðEÞ;F2

" #
; or

xtotalðEÞ ¼ ðI� DÞ�1
xðEÞ;F ð6Þ

where xtotal(E) is a total output vector, I is an identity matrix,
D is a technical coefficient or direct requirements matrix,
and xtotal(E),F is a household demand vector. For the example
in Figure 2, the household demand vector is the resource
consumption in V1, thus y(E) ¼ [s(V),1x

0
(V),1 0]T. The corre-

sponding total output vector is represented by Eq. 7.

x0totalðEÞ ¼ ðI� DÞ�1
yðEÞ (7)

The vector of x0total(E) can be called the scaled vector of total
outputs because the value of their elements, x0total(E),i, has a
linear relationship with y(E)1/x(E),F1 in this example. The in-
ventory vector can be calculated by Eq. 8.

gðEÞ ¼ BðEÞx0totalðEÞ (8)

where B(E),ij ¼ x(E),wij/xtotal,(E),i.
Formulation of Hybrid LCA. Methods for Hybrid LCA

have been categorized into tiered hybrid LCA, economic
input–output-based (IO-based) hybrid LCA, and integrated
hybrid LCA.26 Tiered hybrid LCA is the easiest to use, and
considers EIOLCA and process LCA separately. For Figure
2, this implies that even though the processes of V1, V2, and
V3 are a part of the economic sector S1, they are treated as
if they were independent. The formulation of tiered hybrid
LCA can be derived by combining the total output equations
for each economic sector and mass balance equations
between processes. Because the household demands of
EIOLCA system must be supplied to the process LCA sys-
tem, Eq. 9 must be satisfied.

Cu
ðVÞsðVÞ � yðEÞ ¼ 0 (9)

By substituting Eq. 9 into Eq. 7, Eqs. 4 and 7 can be rewrit-
ten as Eq. 10.

TðVÞ 0

�Cu
ðVÞ ðI� DÞ

� �
sðVÞ

x0totalðEÞ

� �
¼ fðVÞ

0

� �
(10)

The inventory vector of the tiered hybrid LCA, gtHybrid, can
be calculated by Eq. 11.

gtHybrid ¼ BðVÞ BðEÞ
� � sðVÞ

x0totalðEÞ

� �
(11)

which is the sum of the corresponding equations for process
LCA (Eq. 3) and EIOLCA (Eq. 8).

The formulations of the IO-based hybrid LCA and the
integrated hybrid LCA are not shown in this article, but are
easily derived from Eqs. 8 and 11, respectively. The inte-
grated hybrid LCA approach does not separate process LCA
and EIOLCA, but considers the systems of process LCA as a
part of the EIOLCA system. Thus, a technical coefficient ma-
trix is modified using the subtracted transactions and flows of
values added and final demands, which make the model
structure of the integrated hybrid LCA identical to that of the
tiered hybrid LCA.35 To utilize the subtracted information
about transactions, values added, and final demands, the eco-
nomic input–output tables must be prepared based on disag-
gregated economic sectors. The IO-based hybrid LCA uti-
lizes disaggregated information about each economic sector.
Thus, the matrix of technical coefficients and an intervention
matrix are calculated using final demands, values added, and
transactions for the disaggregated economic sectors, which
makes the model structure of the IO-based hybrid LCA same
as that of EIOLCA.36 These existing methods for hybrid
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LCA, like process LCA and EIOLCA, do not pay attention
to thermodynamic consistency of the hybridized data. Conse-
quently, these data can be improved by the data rectification
approach described and illustrated in the rest of this article.

Rectification of LCI Data

Features of process data versus life cycle inventory data

LCI data have some unique features that do not permit
direct application of traditional process data rectification
methods. Some of the main differences are summarized in
Table 1, and include the following: (1) In the process indus-
tries, it is common to measure and store physical quantities
frequently and periodically. Thus, process data are usually in
the form of time series, and a variance–covariance matrix of
measurement errors may be estimated from such measure-
ments. However, LCI data are much less common and only
some databases report uncertainty; (2) It is quite common in
process data rectification to ignore components with very
small flow rates such as fugitive emissions. Such components
are often very important for LCA due to their potential for
environmental and human impact; (3) LCI data often contain
aggregated streams such as dissolved solids and particulates,
whose composition may not be specified. Aggregated energy
streams are often reported in units of energy, and a lack of
knowledge about their composition and net calorie value
makes it difficult for rectification via combustion equations
and the conservation law of mass. In an extreme case, emis-
sions may be represented in terms of quantities such as bio-
logical oxygen demand (BOD), which does not represent the
quantity or composition of the corresponding emission; (4)
Accuracy of data rectification increases as the number of
constraints that are composed of redundant variables in-
creases. However, most LCI data do not contain information
about a process flow diagram, making them ‘‘black-box’’
inventories. These inventories often contain only the amounts
of resource consumption, waste emission, and product. Large
number of missing flows often makes it impossible to rectify
the data based on the available information. These challenges
may be overcome by utilizing domain-specific process infor-
mation, but collecting such information can be extremely te-
dious, since it is usually not included in LCI databases10; (5)
Another characteristic of LCI data is that they are often
available at multiple overlapping scales as described in the
second section. Methods for hybrid LCA described in the
second section combine such data but do not address any of
the challenges due to inconsistency, uncertainty, and missing
data; (6) The system boundary of LCA is usually much
larger than that of process data rectification because several
processes are included for LCA, while process data rectifica-

tion focuses on a single process. This means that LCI rectifi-
cation ought to consider a large number of reactions and
other constraints. However, collecting entire chemical reac-
tion equations for a life cycle network requires significant
effort, and some chemical reactions may not be available.
Thus, it is practically impossible to include all of the chemi-
cal reaction equations for the entire life cycle network, and a
method may be required to guide which processes or eco-
nomic sectors should utilize reaction equations as the con-
straints of data rectification.

Rectification of multiscale data for a single process

Data rectification of multiscale data for a single process is
an extension of data rectification at a single scale. It is for-
mulated to minimize errors in measured values at all scales,
with constraints composed of intrascale and interscale bal-
ance equations. A general formulation of multiscale data rec-
onciliation is shown in Eq. 12.

min
x̂ðmÞ

X
m

X
i

�
xðmÞ;i � x̂ðmÞ;i

�2
s2ðmÞ;i

s:t:

hðmÞ
�
x̂ðmÞ

� ¼ 0; ðm ¼ 1; 2; . . . ;MÞ
gðm;mþ1Þ

�
x̂ðmÞ; x̂ðmþ1Þ

� ¼ 0; ðm ¼ 1; 2; . . . ;M � 1Þ ð12Þ

Here, x(m),i is the i-th measured variable at scale m, x̂(m),i is
the reconciled estimate of x(m),i, s

2
(m),i is the i-th diagonal

element of the variance–covariance matrix for measurement
errors at scale m, and M represents the finest scale. The first
constraint represents conservation laws at a single scale m,
while the second constraint represents multiscale conserva-
tion laws between scales m and m þ 1. In Eq. 12, the off-di-
agonal elements of a variance–covariance matrix are
assumed to be zero. Equation 12 can be extended to data rec-
tification using several gross error compensation methods,
and Eq. 13 shows a general model of data rectification using
mixed integer programming.19

min
x̂ðmÞ;BðmÞ;dðmÞ

X
m

X
i

�
xðmÞ;i � x̂ðmÞ;i � dðmÞ;i

�2
s2ðmÞ;i

þWðmÞ;i BðmÞ;i

s:t

hðmÞ
�
x̂ðmÞ

� ¼ 0; ðm ¼ 1; 2; . . . ;MÞ
gðm;mþ1Þ

�
x̂ðmÞ; x̂ðmþ1Þ

� ¼ 0; ðm ¼ 1; 2; . . . ;M � 1Þ
8m; i jdðmÞ;ij � UðmÞ;i BðmÞ;i � 0

jdðmÞ;ij � zðmÞ;i UðmÞ;i BðmÞ;i � 0 ð13Þ

Table 1. Different Features of Rectification for Process Data and LCI Data

LCI Data Rectification Process Data Rectification

Time windows Usually single time point Time series of data are often available.
Chemical species Often aggregated as solid waste, particulates,

dissolved solids, etc.
Aggregated chemical species are negligible

Reaction models of (trace) wastes Important Not so important
Redundancy Usually not redundant Redundant
Infrastructure Black-box Detailed flowsheet is often available
Data sources Multiple overlapping scales Single scale
Processes included Several processes One process
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Here, d(m),i is the gross error size, W(m),i is a penalty function,
B(m),i is a binary variable to indicate the existence of a gross
error, and U(m),i can be considered as the upper limit of the
absolute size of a gross error in the i-th measured variable at
scale m. The objective function is to minimize rectification
errors while estimating rectified values and gross error sizes
at all scales. The first two constraints are identical to those
of the data reconciliation problem in Eq. 12. The third con-
straint places upper bounds on the absolute sizes of gross
errors. The user-defined variable z must be selected such that
the value of zU is some fraction of the error standard devia-
tion. Therefore, the fourth constraint is analogous to a statis-
tical test based on the measurement error variance. The com-
putational expense of solving the optimization problem in
Eq. 13 may be reduced by identifying a candidate set of
gross errors by statistical methods, thus reducing the number
of binary variables.20 If such candidate set of gross errors is
found, binary variables are only used for the measured varia-
bles that belong to this set.

Rectification of multiscale data from networks

The approach for multiscale data rectification developed in
the previous subsection needs to be extended from a single
system to a network of systems. If each set of measurement
data such as {x0(V),1, x(V),2, x(V),5} and {x0(V),2, x(V),3, x(V),6}
in Figure 2 are collected independently, then the correspond-
ing scaling factors need to be calculated as described in the
second section. These factors should be multiplied to the
measured variables so that the conservation laws between
measurement sets are satisfied based on the scaled measure-
ment sets (e.g., s(V),1, x(V),2 � s(V),2 x0(V),2 ¼ 0 in Figure 2).
A general formulation of multiscale data rectification for net-
works is represented in Eq. 14.

min
x̂ðmÞ;BðmÞ;dðmÞ

X
m

CðmÞ
X
i

sðmÞ;ixðmÞ;i � x̂ðmÞ;i � dðmÞ;i
� �2

sðmÞ;is2ðmÞ;i
þWðmÞ;i BðmÞ;i

s:t:

CðmÞhðmÞ x̂ðmÞ
� � ¼ 0; ðm ¼ 1; 2; . . . ;MÞ

Cðm;mþ1Þgðm;mþ1Þ x̂ðmÞ; x̂ðm;mþ1Þ
� � ¼ 0; ðm ¼ 1; 2; . . . ;M � 1Þ

8m; i jdðmÞ;ij � UðmÞ;iBðmÞ;i � 0

jdðmÞ;ij � zðmÞ;iUðmÞ;iBðmÞ;i � 0 ð14Þ

where, s(m),i is a scaling factor related to the i-th variable at scale
m, C(m) is a binary constant to represent the existence of scale
m, and C(m,mþ1) ¼ C(m) ^ C(mþ1). When data at scale m are
available, C(m) is equal to one; otherwise, it is equal to zero.

Multiscale rectification of LCI data

The data rectification model integrated with the computa-
tional methods of LCA, summarized in the second section, can
be derived from Eq. 14. Considering the network diagram of
hybrid LCA in Figure 2, and assuming that information about
the equipment scale is not available, this implies that C(E) ¼ 1,
C(V) ¼ 1, and C(Q) ¼ 0. Because LCA is concerned with the
mass amounts of input and output flows, constraint equations
are composed only of mass balance equations. The scaling fac-

tor of the value chain scale is already defined as Eq. 4. The
scaling factors of the i-th economic sector is represented in Eq.
15. The numerator is the scaled vector of total outputs in Eq. 8,
and denominator is the total output vector in Eq. 6.

sðEÞ;i ¼
x0totalðEÞ;i
xtotalðEÞ;i

(15)

Therefore, a generalized rectification formulation integrated
with the computation methods of hybrid LCA can be repre-
sented in Eq. 16.

min
x̂;B;d

X
m¼E;V

CðmÞ
X
i

sðmÞ;ixðmÞ;i � x̂ðmÞ;i � dðmÞ;i
� �2

sðmÞ;is2ðmÞ;i

" #

þWðmÞ;i BðmÞ;i
s:t:

CðEÞAðEÞx̂ðEÞ þ CðEÞ �T
ðEÞxðEÞ ¼ 0

CðVÞAðVÞx̂ðVÞ þ CðVÞ�T
ðVÞxðVÞ ¼ 0

CðE;VÞAðE;VÞ
x̂ðEÞ
x̂ðVÞ

� �
¼ 0

8m; i ��dðmÞ;i��� UðmÞ;iBðmÞ;i � 0��dðmÞ;i��� zðmÞ;iUðmÞ;iBðmÞ;i � 0 ð16Þ

where, Y is the matrix of stoichiometric coefficients, x is the
vector of reaction extents, and C(E,V) ¼ C(E) ^ C(V). The first
and second constraints are mass balance equations at the
economy and value chain scales, respectively. These equa-
tions are usually not available in existing LCI data, and need
to be obtained from engineering knowledge. The third con-
straint represents mass balance equations between scales. The
scaling factors of the value chain scale must be calculated by
Eq. 4, and the scaling factors for the economy scale must be
calculated by Eq. 15. According to the values of CV and CE,
the elements of the final and household demand vectors, and
the technical coefficient matrix being aggregated or disaggre-
gated, the general formulation of Eq. 16 can be converted
into the data rectification model of process LCA, EIOLCA,
or hybrid LCA, which is summarized in Table 2.

Rectification for Process LCA. The general formulation of
Eq. 16 specializes to the data rectification model integrated
with process LCA if CV ¼ 1, CE ¼ 0, and the reference flow,
f(V), is used as the element of the final demand vector, f(V).
Only the scaling vector for the computational method of pro-
cess LCA, s(V), is utilized in the data rectification formulation.
This model can be applied to data rectification for process
LCA, but is also useful for hybrid LCA when there is no viola-
tion of the conservation laws in economic sectors.

Rectification for EIOLCA and IO-Based Hybrid LCA. The
general formulation of Eq. 16 specializes to the data rectifica-
tion model integrated with EIOLCA or IO-based hybrid LCA
if CV ¼ 1, CE ¼ 0, and the reference flow, f(V), is used as
the element of the household demand vector, y(E). In this
case, only the scaling vectors of economic sectors, s(E), given
by Eq. 15, are utilized in the data rectification formulation.
As discussed in the second section, EIOLCA utilizes aggre-
gated information of economic sectors, but IO-based hybrid
LCA uses some disaggregated economic sectors. Thus, the
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general formulation of Eq. 16 becomes the data rectification
model integrated with EIOLCA or with IO-based hybrid LCA
if a technical coefficient matrix is calculated using aggregated
or disaggregated information, respectively.

Rectification for Tiered and Integrated Hybrid LCA. The
general formulation of Eq. 16 specializes to the data rectifi-
cation model integrated with tiered or integrated hybrid
LCAs if CV ¼ 1, CE ¼ 0, the reference flow, f(V), is used as
the element of the final demand vector, f(V), and the scaled
upstream cutoffs are used as household demands (i.e., Cu

(P)

s(P) � y(E) ¼ 0). Tiered hybrid LCA does not integrate the
system of process LCA within economic sectors, while inte-
grated hybrid LCA does. Thus, the general formulation of
Eq. 16 becomes the data rectification model integrated with
the tiered hybrid LCA method if a technical coefficient ma-
trix is calculated using the aggregated information of eco-
nomic sectors. If a technical coefficient matrix is calculated
using disaggregated information of economic sectors, then
the rectification model of Eq. 16 becomes the data rectifica-
tion model integrated with the integrated hybrid LCA.

The rectification model integrated with LCA methods of
Eq. 16 usually yields large problems, which may require
much computation time. In this case, decomposition optimi-
zation methods may be more appropriate such as auxiliary
problem principle and block coordination descent method.37

These methods are mainly used for iterative solution of
large-scale optimization problems that present a structure of
interrelated systems. In addition to the benefit of dimension
reduction, the decomposition optimization methods make it
possible to partition a multiscale problem into single scale
subproblems, with variables that connect different scales

appearing in each single scale subproblem. In addition, meth-
ods for sequential processing of constraints or measure-
ments38 can be applied to avoid solving the full-scale rectifi-
cation problem every time upon receiving new information.
In particular, the sequential processing of constraints may be
useful to LCI data rectification when additional constraints
become available. Usually, all constraints such as the reac-
tion equations of waste generation are not available at once,
and the rectification problem should be solved with partial
information. The accuracy of these results may be enhanced
as more information becomes available, making such prob-
lems ideal for sequential processing of constraints because it
is a recursive method. Detailed formulations and examples
about decomposition optimization and constraints processing
are found elsewhere.39

Case Studies

Rectification of multiscale data for a single process

This example illustrates the use of the proposed multiscale
data rectification method for data from the process industries.

Table 2. Usage of a Generalized Data Rectification Model Integrated with LCA Computational Methods

C(V) C(E)

Vector of
Household
Demands,

y(E)

Vector
of Final
Demands,

f(V)

Scaling
Vector of
Economy

s(E)

Scaling Vector
of Value

Chain Scale,
s(V)

Matrix of
Technical

Coefficients,
D

Process LCA 1 0 None f(V) None T�1
(V)f(V) None

EIOLCA 0 1 f(V) None
x0
totalðEÞ;i
xtotalðEÞ;i

None Aggregated

Tiered hybrid LCA 1 1 C
u
(V)s(V) f(V)

x0
totalðEÞ;i
xtotalðEÞ;i

T
�1

(V)f(V) Aggregated

IO-hybrid LCA 0 1 f(V) None
x0
totalðEÞ;i
xtotalðEÞ;i

None Disaggregated

Integrated hybrid LCA 1 1 Cu
(V)s(V) f(V)

x0
totalðEÞ;i
xtotalðEÞ;i

T�1
(V)f(V) Disaggregated

Table 3. Measured Data of First Case Study

Measured
Variables

Equipment Scale
Data, kg/h

Plant Scale
Data, kg/h

x(P),4 4.99
x(Q),8 4.97
x(P),5 1005.40
x(Q),4 1020.41
x(P),1 991.08
x(Q),1 414.87
x(Q),5 602.32
x(P),2 8.91
x(Q),6 5.01
x(Q),7 4.07
x(Q),2 412.20
x(Q),3 400.65
x(P),3 1.00

Figure 3. Network diagram of a single process at two
scales.

(a) Only raw materials, product and wastes are represented
at the plant scale; (b) detailed flowsheet and every interme-
diate stream are shown at the equipment scale.
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Table 3 shows measurement data at the plant and equipment
scales for Figure 3. Variables x(P),1 and x(P),5 represent the
shipping amounts of a raw material and a product, respec-
tively. Variables x(P),2, x(P),3, and x(P),4 are wastes that are
collected in storage tanks before being sent to a waste treat-
ment firm. However, there is no flow meter for x(P),3; hence
its measurement is only available at the plant scale. x(Q),i is
measured via flow meters on process equipment. Table 3
shows the measured values at the plant and equipment scales
after their contamination by random and gross errors.

The data rectification approach of Eq. 13 is applied using
the measured values at plant and equipment scales, and tradi-
tional data rectification at single scale is also applied using
equipment scale information for comparison. The constraints
for multiscale data rectification are mass balance equations at
the plant and equipment scales, and across the scales. Mass
balance equations at only the equipment scale are used for
constraints of single scale rectification. It is assumed that a
variance–covariance matrix of measurement errors is avail-
able, and that the off-diagonal values of this matrix are zero,

with the diagonal values being 5% of the measured values.
The value of z is selected as 50% of the corresponding stand-
ard deviation, and the value of U is selected as 50% of the
corresponding measured value. Table 4 compares the simu-
lated values with the rectified values obtained by the multi-
scale and single scale models. Two gross errors are found by
the multiscale model, which are x(P),1 and x(Q),4, and their
results of simultaneous data reconciliation and gross error
compensation are shown in the third column of Table 4. No
gross error is found by the single scale model even though
x(Q),4 contains large gross errors. Table 4 shows that the rec-
tification errors of the multiscale model are not significant
compared with the simulated values. However, the results by
the single scale model cannot identify gross errors, and the
gross error in x(Q),4 is propagated to the variable x(Q),5. Thus,
the square errors of x(Q),4 and x(Q),5 by single scale rectifica-
tion are much larger than those by multiscale rectification.

Rectification of the life cycle inventory data of
a caustic soda process

This case study applies the developed method to the inven-
tory data of a caustic soda process compiled by the National
Renewable Energy Laboratory (http://www.nrel.gov/lci). This
is LCI data at the value chain scale. It is assumed that
detailed engineering information about the caustic soda pro-
cess is available. Thus, data at the equipment scale are pre-
pared by a material balance model, and random and gross

Table 4. Rectification Results by Multiscale Model and Single Scale Model of First Case Study

Measured
Variables

Simulated
Values

Rectified Results by Multiscale Formulation Rectified Results by Single Scale Formulation

Rectified
Values

Binary
Variables, Bi

Square
Errors

Rectified
Values

Binary
Variables, Bi

Square
Errors

x(P),4 5 4.92 0 6.40 � 10�3

x(Q),8 5 4.92 0 6.40 � 10�3 4.92 0 6.40 � 10�3

x(P),5 1000 1000.84 0 7.06 � 10�1

x(Q),4 1000 1000.84 1 7.06 � 10�1 1009.47 0 89.68
x(P),1 1015 1015.66 1 4.36 � 10�1

x(Q),1 415 413.99 0 1.02 415.69 0 4.76 � 10�1

x(Q),5 600 601.67 0 2.79 608.78 0 77.09
x(P),2 9 8.91 0 8.10 � 10�3

x(Q),6 5 4.9 0 1.00 � 10�2 5 0 0.0
x(Q),7 4 4.01 0 1.00 � 10�4 4.08 0 6.40 � 10�3

x(Q),2 410 409.09 0 8.28 � 10�1 410.69 0 4.76 � 10�1

x(Q),3 405 404.09 0 8.28 � 10�1 405.61 0 3.72 � 10�1

x(P),3 1 0.98 0 4.00 � 10�4 1 0 0.0

Table 5. LCI of the Caustic Soda Process from the National
Renewable Energy Laboratory’s Database

Streams Measured Values

Raw Material Salt 1670.0 lb
Energy input Natural gas 178.1 lb

Coal 68.1 lb
Residual oil 3.8 lb
Electricity 813 kWh

Product and coproduct Caustic soda 1000.0 lb
Chorine 893.0 lb
Hydrogen 16.9 lb

Air emission Chorine 3.2 � 10�4 lb
Mercury 5.4 � 10�4 lb
Particulates 4.6 � 10�4 lb
Sulfur oxides 1.0 � 10�3 lb

Water effluents Dissolved solids 4.3 lb
Lead 9.4 � 10�7 lb
Mercury 1.5 � 10�6 lb
Nickel 9.4 � 10�7 lb
Sulfides 1.5 � 10�4 lb
Zinc 9.4 � 10�7 lb

Solid waste Solid waste 3.1 lb
Total input 1920.0 lb
Total output 1917.3 lb

Table 6. Atomic Balance of LCI for
the Caustic Soda Process

Atoms Inputs, lb Outputs, lb Differences, lb

Carbon, C 175.8 0.0 175.8
Chlorine, Cl 1013.1 893.0 120.1
Hydroger, H 48.9 42.1 6.8
Lead, Pb 0.0 9.4 � 10�7 �9.4 � 10�7

Mercury, Hg 0.0 5.4 � 10�4 �5.4 � 10�4

Nickel, Ni 0.0 9.4 � 10�7 �9.4 � 10�7

Nitrogen, N 0.5 0.0 0.5
Oxygen, O 13.7 400.0 �386.3
Sodium, Na 656.9 574.8 82.1
Sulfur, S 0.9 6.4 � 10�4 0.9
Zinc, Zn 0.0 9.4 � 10�7 �9.4 � 10�7

Total 1920.0 1917.3 2.7
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errors are introduced to emulate measured values. Table 5
contains the LCI data from the National Renewable Energy
Laboratory. BOD is neglected because of the lack of a rigor-

ous model for converting BOD into an equivalent mass of
emission. Natural gas and residual oil are reported in units of
volume in the original process inventory. The units of natural

Table 7. LCI Data of the Caustic Soda Process at Equipment Scale

Streams Components Chemical Formula Amount, lb

S1 Sodium chloride NaCl 1022.8
Water H2O 4187.3

S2 Sodium hydroxide NaOH 1008.0
Water H2O 3720.6

S3 Chloride Cl2 10.1
S4 Chloride Cl2 867.5

Hydrogen H2 25.5
S5 Sodium hydroxide NaOH 1030.0

Water H2O 3078.6
S6 Steam H2O 633.8
S7 Sodium hydroxide NaOH 1008.0

Water H2O 2469.5
S8 Steam H2O 597.6
S9 Sodium hydroxide NaOH 1000.0

Water H2O 1906.2
S10 Steam H2O 582.5
S11 Coal

Sulfur S 4.9
Hydrogen H 3.1
Carbon C 44.4
Oxygen O 7.8
Nitrogen N 0.5
Water H2O 7.3
Ash – 22.4

Oxygen O2 138.4
S12 Carbon dioxide CO2 158.7

Steam H2O 34.8
Sulfur dioxide SO2 9.8
Nitrogen dioxide NO2 1.7
Hydrogen sulfide H2S 4.4 � 10�3

Ash – 21.9
S13 Natural gas CH4 100.0

Oxygen O2 715.2
S14 Steam H2O 402.0

Carbon dioxide CO2 401.0
S15 Residual oil

Sulfur S 3.0 � 10�2

Hydrogen H 0.4
Carbon C 2.8
Oxygen O2 9.9

S16 Sulfur dioxide SO2 5.9 � 10�2

Steam H2O 3.8
Carbon dioxide CO2 10.1
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gas and residual oil are converted into pounds by assuming
the specific volume of 22.68 ft3/lb for pure methane and the
density of 7.83 lb/gal for residual oil, respectively.40 Table 5
shows the amounts of total material input and output. The

difference between the total input and the total output is
about 2.7 lb, and it seems that the inconsistency of mass con-
servation is not large.

Table 6 shows the inconsistency between inputs and out-
puts by atomic balances. The standard compositions of coal
and residual oil are utilized for atomic balances.40 Table 6
shows that considerable difference between inputs and out-
puts exists in atomic balances even though the difference
between total input and output is not significant. Lead, mer-
cury, nickel, and zinc are assumed to come from process
equipment in this caustic soda process.41 Alternatively, these
elements may be assumed to originate from coal or any other
source, without any effect on other rectified values.10 Carbon
is consumed as an energy source, but there is no carbon out-
put, which may be in the form of carbon oxides. Nitrogen is
consumed because it is contained in coal, but there is no out-
put of nitrogen, which may be in the form of nitrogen
oxides. There are large discrepancies in chlorine, hydrogen,

Table 8. Reaction Equations for Data Rectification of a
Caustic Soda Process

Equipment Chemical Reactions

Eletrolyzer 2NaCl þ 2H2O ? 2NaOH þ Cl2 þ H2

Boiler 1 S þ O2 ? SO2

2H þ 0.5O2 ? H2O
C þ O2 ? CO2

N þ O2 ? NO2

H2O þ SO2 ? 1.5O2 þ H2S
Boiler 2 CH4 þ 2O2 ? 2H2O þ CO2

Boiler 3 S þ O2 ? SO2

2H þ 0.5O2 ? H2O
C þ O2 ? CO2

Table 9. Comparison of Data Rectification Results with Raw LCI Data

Components
Chemical
Formula

Measured
Values at
Equipment

Scale

Measured
Values at

Value Chain
Scale

Rectified Results
by Multiscale Model

Rectified Results by
Single Scale Model

Rectified
Values

Binary Variables
(B(Q), B(V))

Rectified
Values

Binary
Variables (B(Q))

S1 Sodium chloride NaCl 1022.8 1670.0 1461.2 (1, 1) 1461.2 1
Water H2O 4187.3 4169.7 (0, �) 4169.7 0

S2 Sodium hydroxide NaOH 1008.0 1000.0 (0, �) 1000.0 0
Water H2O 3720.6 3719.3 (0, �) 3719.3 0

S3 Chlorine Cl2 10.1 3.2 � 10�4 0.6 (1, 1) 10.2 0
S4 Chlorine Cl2 867.5 893.0 883.2 (1, 1) 876.2 0

Hydrogen H2 25.5 16.9 25.2 (0, 1) 25.2 0
S5 Sodium hydroxide NaOH 1030.0 1000.0 (1, �) 1000.0 1

Water H2O 3078.6 3082.6 (0, �) 3082.6 0
S6 Steam H2O 633.8 636.7 (0, �) 636.7 0
S7 Sodium hydroxide NaOH 1008.0 1000.0 (0, �) 1000.0 0

Water H2O 2469.5 2483.1 (0, �) 2438.1 0
S8 Steam H2O 597.6 599.5 (0, �) 599.5 0
S9 Sodium hydroxide NaOH 1000.0 1000.0 1000.0 (0, 0) 1000.0 0

Water H2O 1906.2 1901.9 (0, �) 1901.9 0
S10 Steam H2O 582.5 581.2 (0, �) 581.2 0
S11 Coal

Sulfur S 4.9 0.9 4.6 (1, 1) 4.9 0
Hydrogen H 3.1 2.8 3.1 (0, 0) 3.1 0
Carbon C 44.4 39.3 43.6 (0, 1) 43.5 0
Oxygen O 7.8 7.6 7.7 (0, 0) 7.8 0
Nitrogen N 0.5 0.5 0.5 (0, 0) 0.5 0
Water H2O 7.3 6.8 7.1 (0, 0) 7.3 0
Ash – 22.4 10.2 12.5 (1, 1) 22.2 0

Oxygen O2 138.4 138.4 (0, �) 138.6 0
S12 Carbon dioxide CO2 158.7 159.6 (0, �) 159.4 0

Steam H2O 34.8 34.5 (0, �) 34.8 0
Sulfur dioxide SO2 9.8 1.0 � 10�3 9.1 (1, 1) 9.8 0
Nitrogen dioxide NO2 1.7 1.7 (0, �) 1.7 0
Hydrogen sulfide H2S 4.4 � 10�3 1.5 � 10�4 2.9 � 10�4 (0, 0) 4.4 � 10�3 0
Ash – 21.9 7.4 12.5 (1, 1) 22.2 0

S13 Natural gas CH4 100.0 178.1 179.0 (1, 0) 179.2 1
Oxygen O2 715.2 714.2 (0, �) 714.8 0

S14 Steam H2O 402.0 402.1 (0, �) 402.4 0
Carbon dioxide CO2 401.0 491.1 (1, �) 491.5 1

S15 Residual oil
Sulfur S 3.0 � 10�2 3.8 � 10�2 3.1 � 10�2 (0, 0) 2.9 � 10�2 0
Hydrogen H 0.4 0.6 0.4 (0, 0) 0.4 0
Carbon C 2.8 3.2 2.7 (0, 0) 2.7 0

Oxygen O2 9.9 10.6 (0, �) 10.4 0
S16 Sulfur dioxide SO2 5.9 � 10�2 6.2 � 10�2 (0, �) 5.9 � 10�2 0

Steam H2O 3.8 3.7 (0, �) 3.6 0
Carbon dioxide CO2 10.1 10.0 (0, �) 9.8 0
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oxygen, and sodium. Especially, oxygen must be consumed
for the combustion of coal, residual oil, and natural gas, but
there is no oxygen input in the LCI data of the caustic soda
process. As discussed in the Introduction, these inconsisten-
cies can be particularly important if LCI data are used for
methods such as mass, energy, or exergy analysis.

Table 7 shows the LCI data of the caustic soda process at
the equipment scale that includes a flowsheet and flow rates,
while the LCI data at the value chain scale contains only the
amounts of raw material, waste emission, coproduct, and
product as shown in Table 5. Brine is supplied to an electro-
lyzer for producing sodium hydroxide, hydrogen, and chlo-
rine. The produced sodium hydroxide is an aqueous solution,
thus it is fed to evaporators to concentrate it. Steam used in
the evaporators is supplied from three boilers that consume
coal, natural gas, and residual oil. Lead, mercury, nickel, and
zinc are removed from the formulation of data rectification
because these chemical species are assumed to come from
the process equipment of the caustic soda process as dis-
cussed in the previous paragraph.

The model of data rectification for hybrid LCAs requires
an incidence matrix, reaction equations, and component flows
at the economy scale. However, reactions and component
flows are difficult to find at the economy level. Thus, the
data rectification model integrated with process LCA dis-
cussed in the third section is applied to the LCI data at value
chain and equipment scales. After that, EIOLCA is applied
to the cutoff streams for the tiered hybrid LCA. It is assumed
that covariance values are zero and variance values are equal
to 5% of measured values in this study. The value of z is
selected as 50% of standard deviation, and the value of U is
selected as 50% of the measured value. Component balance
equations for all equipment are used as constraints, and reac-
tion equations are shown in Table 8.

The reaction equations in this study are based on our pre-
vious work on single-scale LCI data reconciliation of a caus-
tic soda process.10 In their study, four alternatives of flow-
sheet information are utilized for data reconciliation of the
caustic soda process with fixed fuel compositions, and the
number of identified gross errors is examined for the alterna-
tives. However, no gross error compensation method has
been applied to remove gross errors from measured values. If
gross errors are not compensated, their effect may be propa-
gated into other variables. Consequently, the accuracy of
data reconciliation decreases. This study implements simulta-
neous data reconciliation and gross error compensation to
estimate gross error sizes. Furthermore, the single scale data
rectification of Hau et al. is extended to a multiscale formu-
lation integrated with the computational method of LCA.24

Thus, results of LCA with multiscale rectification can include
the entire economy using a hybrid LCA method.

Table 9 compares the rectified results by the multiscale
and single scale models. Measured values at the equipment
scale are used in a single scale model. LCI data at the value
chain scale have many missing flows such as water consump-
tion in a caustic soda process, oxygen consumption in boil-
ers, and the emission of carbon dioxide in boilers, which
means that data rectification can not be applied to the LCI
data at the value chain scale. LCI data at the value chain and
equipment scales may contain gross errors, and it might be
helpful for estimating accurate rectified values if LCI data at

both scales are utilized in data rectification. The sixth and
eighth columns in Table 9 show the rectified values by the
multiscale and single scale models, respectively. The seventh
and ninth columns in Table 9 show the results of binary vari-
ables to determine the existence of gross errors. The con-
sumption amounts of sodium chloride (S1) at the value chain
and equipment scales contain gross errors, which are com-
pensated by rectification with the multiscale and single scale
models. The gross error in the emission amount of chlorine
(S3) can not be identified and removed by the data rectifica-
tion of the single scale model. Thus, the amount of chlorine
in S4 cannot be rectified accurately by the single scale
model. However, the gross errors in the measured values of
the emission amount of chlorine (S3) at the equipment and
value chain scales can be identified and removed by the data
rectification of the multiscale model. The large difference
between the rectified values by the single scale model and
multiscale model makes the results of LCA by the single
scale model significantly different from those by the multi-
scale model. In addition, the amounts of sulfur and ash con-
tained in coal (S11) at the equipment and value chain scales
also include gross errors, which are removed by the data rec-
tification of the multiscale model, while the single scale data
rectification cannot identify a gross error in the equipment
scale LCI data. The compensation of gross errors in the sul-
fur and ash contents of coal makes it possible to estimate the
emission amounts of sulfur dioxide and ash in S12 accu-
rately. However, the rectified values of sulfur dioxide and
ash by the single scale model are similar to the measured
values at the equipment scale because gross errors cannot be
identified. Consequently, data rectification with a multiscale
model has the benefit of being able to identify and compen-
sate gross errors more accurately than rectification with a sin-
gle scale model.

Tiered hybrid LCA is applied to the rectified values by a
multiscale model and a single scale model, and the LCI data
at the equipment and value chain scales. Figure 4 shows the
resource consumption of hybrid LCA results, and Figure 5
represents the emission of hybrid LCA results. In both fig-
ures, HLCA I represents hybrid LCA using LCI data at the
equipment and economy scales, while HLCA II represents

Figure 4. Hybrid LCA results for resources.

Without rectification of resource consumption by LCI data at
equipment (HLCA I) and value chain (HLCA II) scales.
Rectified data with single (HLCA III) and multiscale
(HLCA IV) models. All results are scaled with respect to the
results of HLCA I. [Color figure can be viewed in the online
issue, which is available at www.interscience.wiley.com.]
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hybrid LCA using LCI data at the value chain and economy
scales. These two sets of results are without rectification.
Results of HLCA III are obtained by hybrid LCA using the
rectified LCI data by a single scale model at the equipment
scale and economic LCI data, and HLCA IV are obtained by
hybrid LCA using the rectified LCI data by a multiscale
model and economic LCI data. For easier comparison, all
hybrid LCA results are divided by the results of HLCA I.
Thus, the results of HLCA I are equal to 1. In Figure 4, the
consumption amounts of water and oxygen by HLCA II are
equal to zero even though they are utilized to generate
power, while the results by HLCA I, III, and IV have no
missing value. In addition, the LCI data for HLCA I and II
do not satisfy the conservation law of mass due to which
these results may contain more errors. Data rectification
removes measurement errors, thus the LCA results by the
rectified values such as HLCA III and IV can be more accu-
rate than those by the raw LCI data such as HLCA I and II.
The consumption amounts of resources by HLCA III are
similar to those by HLCA IV except coal consumption. The
gross errors in the ash and sulfur contents of coal are
removed by multiscale data rectification, while no gross error
is identified by single scale data rectification. Thus, the con-
sumption amount of coal by HLCA III is similar to that by
HLCA I, but the coal consumption by HLCA IV utilizes the
rectified values based on the LCI data at the equipment and
value chain scales.

The results of the tiered hybrid LCA for waste emission
are shown in Figure 5. The LCA results of lead, mercury,
nickel, and zinc are omitted because these variables are not
redundant, and rectified values are equal to measured values.
The emission amounts of carbon monoxide, VOC, PM10,
methane, nitrous oxide, CFC, and toxics by rectified values
and raw LCI data are similar to each other. However, the

emission amounts of carbon dioxide and nitrogen dioxide by
HLCA II are nearly zero because carbon dioxide and nitro-
gen dioxide are omitted from LCI data at the value chain
scale. This is physically impossible because boilers consume
fossil fuels for energy. However, the results by HLCA I, III,
and IV can evaluate the emission amounts of carbon dioxide
and nitrogen dioxide. The emission results of chlorine and
sulfur dioxide by HLCA III are similar to those by HLCA I
because gross errors can not be removed. However, the emis-
sion results of chlorine and sulfur dioxide by HLCA IV can
remove the gross errors from the raw LCI data, which gives
significantly different results. Usually, the LCA results by
the rectified values using the single scale model are similar
to those by LCI data at the equipment scale, and the LCA
results by LCI data at the value chain scale have a few miss-
ing flows. However, the LCA results by the multiscale data
rectification can estimate the missing flows, and gives
weighted average values of LCI data at the equipment and
value chain scales satisfying the conservation laws.

Conclusion

Satisfaction of mass and energy balances is a fundamental
requirement according to the first law of thermodynamics. As
is well known in process engineering, measured data may
violate this law due to contamination by noise and errors.
Similarly, many LCI data also do not satisfy the conservation
law of mass, and the LCA results based on such inconsistent
data may not be reliable. Data rectification techniques that
are widely used for improving the quality of process data
may also be applied to inconsistent LCI data, but the unique
characteristics of LCI data prohibits the direct use of tradi-
tional rectification methods. These characteristics include the
lack of information about the underlying reactions, flowsheet,

Figure 5. Hybrid LCA results for emissions.

Without rectification of emissions by LCI data at equipment (HLCA I) and value chain (HLCA II) scales. Rectified data with single
(HLCA III) and multiscale (HLCA IV) models. All results are scaled with respect to the results of HLCA I. [Color figure can be viewed
in the online issue, which is available at www.interscience.wiley.com.]
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and error structure, as well as the availability of data repre-
senting multiple overlapping spatial scales. This article
presents the first effort for multiscale rectification of LCI
data. This approach is integrated with the computational
methods of process LCA, economic input–output LCA, and
hybrid LCA. The case study of the life cycle for a caustic
soda process shows that gross errors can exist in LCI data,
and the developed method can remove the errors so that
LCA results become more accurate.

This work represents only an early step in providing much
needed rigor to LCA, and many challenges remain. Data rec-
tification works best when information about the flow net-
work, reaction equations, and component flow rates and com-
positions are available. Such information about reactions and
component flows at the economy scale is currently unavail-
able, making it difficult to apply multiscale LCI data rectifi-
cation to hybrid LCA and EIOLCA. A practical approach
utilized in this article is to apply LCI data rectification to
data where uncertainty information and constraints are avail-
able, such as at the equipment, process, and value chain
scales, followed by applying EIOLCA to the cutoff streams
of the network at finer scales. In addition, the representation
of LCI data must be standardized for giving the correct
results of data rectification. LCI data should be shown in the
form of overall and atomic material balances, which makes it
easy to examine the satisfaction of conservation laws. Infor-
mation about energy consumption must include the net-calo-
rie values to permit conversion between mass and energy
units. In addition, the chemical composition of fuel must be
shown to permit the use of combustion equations as con-
straints in the data rectification model.

LCI data are usually based on information from a variety
of sources, including proprietary data. These data are often
averaged to avoid revealing proprietary information. It should
be possible to report the variance of the underlying values
along with the mean, and many commercial databases are
starting to provide such information. This should allow appli-
cation of the proposed approach with fewer assumptions.
LCI data are the foundation of LCA, which is an essential
approach for evaluating the broader implications of technol-
ogy. Such analysis is increasingly crucial for greener and
economically feasible decision making. LCA is currently
plagued by problems such as the use of arbitrary boundaries
and uncertain data. The proposed approach is expected to
enhance the quality of LCI data, and should become an inte-
grated part of all LCA studies.
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