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a b s t r a c t

Collecting municipal solid waste (MSW) is a major and expensive task for local waste management
authorities, thus efficient MSW collection is a necessity. This study presents a procedure for developing
an aggregate indicator (AI) to assess MSW collection efficiency based on multiple factors. The applica-
bilities of various key performance indicators (KPIs) are evaluated based on five selection criteria, and
five KPIs are chosen to form the AI. The relative efficiencies of local MSW collection services are analyzed
by the data envelopment analysis (DEA) method. A set of common weights for all five KPIs is then
generated based on DEA results and four selection rules by modifying a previous approach. Finally, the
proposed AI is applied to assess the MSW collection services provided by 307 local governments in
Taiwan, and associated results are compared and discussed.

� 2010 Elsevier Ltd. All rights reserved.
1. Introduction

Municipal solid waste (MSW) management poses a daunting
task for local authorities worldwide (Li and Huang, 2006; Fobil
et al., 2006). MSW collection is an important and expensive
public service worldwide and generally accounts for 75e80% of the
MSW management budget (Simonetto and Borenstein, 2007;
ROCEPA, 2010). The MSW collection service, provided by either the
private or public sector, includes many activities and requires
numerous collectors and equipment (García-Sánchez, 2008). The
quantity of the MSW, the type of equipment, and the distances the
MSW transported as well as the labor required, are all major factors
with significant effects on MSW collection (Kao and Lin, 2002).
Inefficient MSW collection can rapidly deplete resources and
energy (Alam et al., 2008). MSW collection efficiency has thus
attracted increasing attention and is also a major concern among
many local environmental authorities worldwide. Several studies
have assessed the performance of waste collection or management
programs in different countries (e.g. Woodard et al., 2001;
Worthington and Dollery, 2001; Sarkis and Dijkshoorn, 2007;
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García-Sánchez, 2008), although these methods cannot be
directly applied owing to special local features in Taiwan, including
high population density, narrow local streets restricting entry to
small collection vehicles, heavy traffic, and public rather than
private sector MSW collection service. Therefore, this study
explores a method of developing an aggregate indicator for
assessing local MSW collection system performance.

To assess MSW collection efficiency, the two most common
methods are questionnaire survey (e.g., Dajani et al., 1976; Shuhua
et al., 2007; Ramzan et al., 2008; Lin et al., 2010) and key perfor-
mance indicator (KPI) (e.g., Menezes et al., 2003; Australian
Government, 2006; Tugnoli et al., 2008). Questionnaire surveys,
although simple and useful, may produce subjective results
because responses are influenced by the questions asked. Deciding
which groups should be surveyed and how to implement the
survey are also problematic. Although KPI is simple and generally
easy to understand, it usually assesses only a single aspect or factor,
and is thus inappropriate to assess the multi-dimensional MSW
collection performance. Therefore, this study was initiated to
explore an appropriate aggregate indicator (AI) for assessing the
performance of the MSW collection services as provided by 307
local governments in Taiwan.

A typical AI, such as the Environmental Sustainability Index
(Esty et al., 2005) or Water Quality Index (ODEQ, 2007), is
composed of several indicators for assessing a multi-factor issue.
Compared to multiple KPIs, an AI is easier to use and to commu-
nicate to the public. To establish an AI for assessingMSW collection,
major KPIs must first be carefully selected for use as sub-indicators.
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Fig. 1. Normalized indicator values vs. their ranks for two MSW collection indicators:
(a) SP-Collector and (b) MQ-Collector.
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Selection criteria proposed in other areas (ICLEI et al., 1996;
Spangenberg et al., 2002; Zhen and Routray, 2003; Alegre et al.,
2006) include data availability, suitability, community values,
indicator comparability, etc. However, these criteria, although
useful, are not enough for selecting the KPIs for assessing the effi-
ciency of MSW collection, and thus alternative criteria were
explored in this study.

After KPIs are selected, the method of aggregating them into an
AI must be determined. Currently, several methods are available to
aggregate sub-indicators, such as Analytic Hierarchy Process (Saaty,
1987), Impact Assessment Analysis (Prë-Consultants, 2000), and
Conjoint Analysis (Ülengin et al., 2001). However, these methods
must use a questionnaire survey or collect personnel opinions from
experts or related individuals, and thus the results obtainedmay be
subjective. The data envelopment analysis (DEA) method (Charnes
et al., 1978) can discriminate relative effectiveness of evaluated
units based onmultiple inputs and outputs, and theweights of sub-
indicators are directly generated according to the indicator values
themselves without external judgment. However, as indicated by
Cook and Kress (1990); Ganley and Cubbin (1992) and Despotis
(2005), DEA applies different weight sets to assess different eval-
uated units and is thus not directly comparable between evaluated
units.

Therefore, Despotis (2005) modified the DEA and proposed
a common weight (CW) method to derive a set of CWs for use as
sub-indicators. However, the CW method generates different
alternative CW sets, and it is hard to decide which one is the final
CW set. Therefore, this study modified the CW method and
proposed four rules for selecting the final CW set: distinguish-
ability, absence of major KPI exclusion, similarity, and skewness.
The final CW set was then used to establish AI and to assess the
performance of the MSW collection services provided by 307
Taiwan local governments. Local governments can use the
proposed AI to review the efficiencies of their MSW collection
programs and to compare them with others. Any key collection
factor with poor performance can be identified by the AI, from the
KPIs begin assigned with a low weight, and thus the governments
can effectively address the deficiencies of their collection programs.

Next, the procedure for selecting KPIs is detailed. The KPIs serve
as the sub-indicators of the AI to be established. Next, the DEA
method is descried, along with its application for determining the
weight of each KPI for each evaluated local government. The
enhanced CW method and the proposed procedure for selecting
the final set of CWs are followed. Finally, the results are compared
and discussed.

2. Selection of MSW collection KPIs

Various indicators were previously reported for assessing MSW
collection performance (e.g. Quon et al., 1970; Kao et al., 1992;
World Economic Forum, 2002; Australian Government, 2006),
and thirty-two indicators were collected. An AI is composed of
several KPIs. However, too many KPIs may increase the complexity
and the cost of establishing an AI. The development of criteria for
selecting a set of KPIs is needed. Similar to the requirements
proposed for selecting KPIs for a water utility (Alegre et al., 2006)
and the criteria proposed for selecting indicators to assess
sustainable communities (ICLEI et al., 1996; Holden, 1998), this
study uses the following five criteria to select MSW collection KPIs:

(1) Completeness: in order to evaluate and cover all essential
aspects of MSW collection performance, KPIs should have at
least one indicator from each major aspect for evaluating MSW
collection performance, including collection cost, work load
and time, collection distance, and vehicle usage.
(2) Applicability: KPIs should be able to respond to changes in
MSW collection performance. For example, per collection
vehicle failure rate can be used to evaluate the efficiency for
maintaining collection vehicles, but cannot respond to the
collection performance and thus should not be included.
Thirteen of the collected indicators failed to meet this criterion
and thus were excluded.

(3) Ability to measure results: the data for computing an indicator
should be regularly available. Some data are available for some
specific periods only and should not be used to establish an
indicator before a decision is made to collect that data on
a regular basis. Eleven indicators did not meet this criterion
and were thus excluded.

(4) Similarity: to avoid duplicate assessment, this study computed
the correlation coefficients (Pearson,1987) among indicators to
check their similarity. When the coefficient value is greater
than 0.75, the similarity of two MSW collection indicators is
regarded as high and one of these indicators will be eliminated
based on the next criterion. Among remaining eight major
indicators, the correlation coefficients for the quantity of MSW
collected per collection vehicle (MQ-Veh) vs. the population
served per collection vehicle (SP-Veh), the population served
per collector (SP-Collector) vs. the quantity of MSW collected
per collector (MQ-Collector), and the quantity of MSW
collected per vehicle-mile (MQ-Mile) vs. the cost per vehicle-
mile (Cost-Mile) were 0.782, 0.766, and 0.969, respectively.
Since these three pairs of indicators are all regarded as similar
indicators, the next selection criterion is thus applied further.

(5) Distinguishability: when two indicators are highly correlated,
only one of them needs to be retained. To determine which one
to select, the sum of the deviations, either positive or negative,
to the average of all indicator values is used to determine the
level of distinguishability. If the deviation sum is small, then it
means that most values do not vary too much from each other
and the distinguishability is thus low. An example figure for the
indicator values vs. the corresponding ranks of all local
governments is shown in Fig.1, the indicator of the SP-Collector
is more suitable to differentiate the rank than the indicator of
the MQ-Collector, and thus the former is selected as a KPI.

According to these five criteria, five KPIs were selected:

(1) Cost-MQ: cost per unit volume of MSW collected;
(2) MQ-Time: quantity of MSW collected per unit collection time;
(3) MQ-Veh: the quantity of MSW collected per collection vehicle;
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(4) SP-Collector: the population served per collector; and
(5) MQ-Mile: the quantity of MSW collected per vehicle-mile.

Fig. 2 shows the five KPIs for each local government. KPI values
are normalized to a range from 0 to 1. The darker the areas in the
figure indicate better performance. Fig. 2(a) shows the Cost-MQ
indicator values for all local governments. This indicator expresses
the cost utility of a MSW collection system based on consumption
of materials, energy, and resources. About 28% of all local govern-
ments whose scores are higher than 0.5, about NTD 4620 per ton
annually, and the others may require improvement in resource
planning and usage.

Fig. 2(b) shows the MQ-Time indicator values, which indicate
the efficiency of time usage for MSW collection. An effective
collection system is expected to collect a large quantity within
a reasonably short time. The scores for most local governments on
the West Coast of Taiwan exceed 0.5, about 2.9 tons collected per
hour, which is substantially higher than those of East Coast
governments. However, this is due to the fact that the population
density in theWest Coast of Taiwan is significantly higher than that
in the East Coast and thus it must take longer time to collect MSW
in the eastern regions.

Fig. 2(c) shows the MQ-Veh indicator values, which indicate the
efficiency in using collection vehicles. Most MQ-Veh indicators for
local governments on the West Coast of Taiwan are less than 0.3,
about 1.8 tons per collection vehicle, which is significantly less than
those for East Coast local governments. However, one reason for
this situation is the uneven allocation of vehicles among local
governments and the fairness of the vehicle allocation should be re-
evaluated.
Fig. 2. The values of five MSW collection key performance indicators: (a) C
Fig. 2(d) shows the values obtained for the SP-Collector indi-
cator, which reveals the collection efficiency of collectors in
different local governments. Some local governments in the mid-
south, northeast, and mid-west have high scores more than 0.7,
about 1919 residents served per collector. Two possible reasons for
the high scores are effective use of human resources or an insuffi-
cient number of collectors resulting in a high loading. Further
analysis is needed to distinguish these two different types of
performances.

Fig. 2(e) shows the values obtained for the MQ-Mile indicator,
which indicate the collection routing efficiency of a MSW collection
system. This KPI shows the effectiveness of collection routing plans.
Approximately 40% of the local governments whose scores are less
than 0.3, about 3446 tons per mile, and mostly are located on the
East Coast. This indicator is substantially affected by the population
density. Sparsely populated regions tend to have low scores for this
KPI. Thus, comparisons should be made based on similar density.

The scores of the KPIs may significantly interfere with the oper-
ational environment of each local MSW collection system. For
example, factors such as oil prices, labor costs and the expenditureof
collection vehicles and equipment can significantly influence the
COST-MQ indicator. Besides, population density, road density, traffic
condition, and regional characteristics (e.g., area with popular
tourist attraction) can change the score of the MQ-Time indicator.
Other factors, such asmanagement, routing, planning, can also alter
the scores of KPIs. To analyze the differences among theKPI scores in
detail these factors for MSW operational environment should be
considered, although this lies beyond the scope of this study.

For each indicator, the performance rank order for each evalu-
ated local government differs from those determined by other
ost-MQ, (b) MQ-Time, (c) MQ-Veh, (d) SP-Collector, and (e) MQ-Mile.
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indicators, complicating the evaluation of overall performance from
individual KPIs. Therefore, this study developed an approach to
aggregate these five KPIs for this multi-factor MSW collection
performance assessment problem.

3. The DEA method

After selecting the five KPIs, it needs to aggregate KPIs for
assessing the MSW collection performance. The DEA method
(Charnes et al., 1978) is frequently used to evaluate the efficiency
among multiple inputs and outputs, and the weight set for each
evaluated unit is determined based on the distance ratio to the
efficiency frontier. The DEA efficiency frontier is defined as the
collectionofbest achievedperformances (NormanandStoker,1991).
The line in the indicator space, along the upper edge of the region
enclosing all performance indicator values is knownas the efficiency
frontier. The DEA input-oriented method is applied to generate
initial weight sets for this study. The weights for KPIs are estimated
by a linear programming model to the best advantage of each local
government so as tomaximize its relative efficiency. In this study, all
theKPIs are considered as outputs and adummy input (equal to one)
is assumed (Ramanathan, 2006) forall local governments. Therefore,
the modified linear model is formulated as follows.

Ek ¼ Maximum
XS

r¼1

urkYrk (1a)

Subject to

XS

r¼1

urkYrj � 1; j˛C (1b)

urk � 0 r˛S (1c)

Yrj ¼ ½0;1�; r˛S; j˛C (1d)

where Ek is the AI score for local government k; S is the set of the
KPIs; urk are the weights of KPI r for local government k; Yrj is the
Fig. 3. The performance scores of all local gove
indicator value of KPI r for local government j; and C is the set of the
307 local governments.

Equation 1a is the objective function for optimizing a set of
weights to maximize the total aggregate score (Ek) for the local
government k. Each local government has its own weights to
maximize their score, the value of the AI. Using the weight set
determined for local government k, Equation 1b limits the AI score
for each of the local governments to be less than or equal to 1.
Equation 1c sets the lower bound of urk for all the weights to be
determined. Equation 1d limits all indicator values to be between
0 and 1.

The DEA method can be applied to identify efficient local
governments. When the AI score of a local government is equal to 1,
it is regarded as an efficient unit. On the other hand, if the AI score
of a local government is less than 1, it is inefficient, and there is at
least one other local government with a performance better than it.

According to the result obtained using the DEA method, four-
teen local governments are efficient, as marked A to N in Fig. 3. The
weights for each local government are significantly different, and
are not easy to rank and compare in the real world for assessing the
MSW collection performance of all local governments. Further-
more, as shown in Fig. 3, all DEA-based efficient local governments
have at least one KPI with a zero weight and thus cannot cover all
KPIs. Therefore, this study modified the CW method proposed by
Despotis (2005) to generate a CW set for assessing MSW collection
performance, as described in the following section.

4. Enhanced CW method

Because each local government is assigned a different set of
indicator weights in using the DEA method, it is not practical for
assessing the performance of theMSWcollection service. Therefore,
this study modified the CW method proposed by Despotis (2005).
However, Despotis (2005) did not mention how to select the final
CW set from several alternative CW sets. This study thus proposed
four selection rules for determining the final CW set. The CW
methodand the selectionof thefinal CWset aredescribedas follows.
rnments determined by the DEA method.



Table 1
The weight sets determined by the CW method with different t values and their distinguishabilities and applicable selection rules.

No. Cost-MQ MQ-Time MQ-Veh P-Collector MQ-Mile Distinguishability Rulea

CW1 0.325 0.000 0.254 0.529 0.160 20.974 (1)
CW2 0.195 0.000 0.455 0.567 0.000 21.112 (1)
CW3 0.001 0.000 0.489 0.574 0.265 28.759 (2)
CW4 0.000 0.000 0.478 0.600 0.258 28.425 (2)
CW5 0.000 0.000 0.476 0.602 0.259 28.395 (2)
CW6 0.030 0.000 0.425 0.601 0.296 27.891 (2)
CW7 0.127 0.086 0.209 0.672 0.363 27.133 (3)(4)
CW8 0.104 0.161 0.262 0.546 0.327 28.302 (3)(4)
CW9 0.118 0.169 0.236 0.542 0.342 28.280 (3)(4)
CW10 0.083 0.237 0.317 0.456 0.279 29.732 e

CW11 0.079 0.148 0.308 0.551 0.300 28.396 (3)(4)
CW12 0.000 0.105 0.452 0.569 0.217 29.067 (2)
CW13 0.000 0.236 0.315 0.458 0.281 29.696 (2)

a Selection Rules: (1) distinguishability, (2) no major KPI exclusion, (3) similarity, and (4) skewness.

Fig. 4. The distributions of CW7-CW11 results and their coefficients of skewness.
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4.1. CW method

Despotis (2005) proposed the following model to determine
a CW set based on the result obtained from the DEA method.

G ¼ Minimum t$
1
N
$
XN

j¼1

dj þ ð1� tÞ$z (2a)

Subject to

XS
r

wrYrj þ dj ¼ Ej; j˛N (2b)

dj � z � 0; j˛N (2c)

wr � 0; r˛S (2d)

dj � 0; j˛N (2e)

z � 0 (2f)

Yrj ¼ ½0;1�; r˛S; j˛N (2g)

where G is the minimal total distance between each pair of a DEA
and a CW score; N is the number of local governments; the sum of
wrYrj is the AI score for local government j; dj is the difference
between the AI scores obtained by the DEA method and the CW
method for local government j; t is a prespecified constant between
0 and 1, as explained in the next paragraph; z is a nonnegative
variable; wr is the CW of KPI r; and Ej is the DEA score for the local
government j.

The objective function, Equation 2a, is to minimize the total
distance between each pair of DEA and the CWaggregative indicator
scores. When t is set to be 1, then the distance is defined as the
difference, dj, between two AI scores (the L1 normdistance) If t is set
to be 0, then the distance is defined as the maximum of all dj’s (the
LN norm). A different value of t will derive a different set of CWs.
Equation 2b is used to determine the difference dj between two AI
scores. Equation 2c is used to determine the maximum, z, of all dj’s,
while t is set to be zero. Equation 2d limits wr to being positive and
greater than 0. Equations (2e) and (2f) set dj and z to be positive. And
Equation 2g sets Yrk to be bounded in the interval of (0, 1).

Besides the L1, LN norms and various t, between 0 and 1, this
study also applied a least square objective function to find another
set of CWs based on the Euclidean distance (L2). The objective
function is listed as follows Equation (3).
Minimum

0
@XN

j¼1

dj
2

1
A

1
2

(3)

As listed in Table 1, thirteen alternative CW sets were generated.
However, some of these sets are not appropriate. For example, the
weights of some KPIs in some sets are zero and thus will exclude
associated KPIs. Furthermore, the problem that must be resolved is
selecting the final set to be used. Therefore, this study proposed
four selection rules to resolve this problem, as explained in the
following section.

4.2. Selection of final CW set

Four rules of distinguishability (IISD,1999), absence of major KPI
exclusion (Sustainable Measures, 2006), similarity (Spangenberg
et al., 2002), and skewness (Azzalini, 1985) were used to select
the final CW set.

(1) Distinguishability: this rule is similar to the one aforemen-
tioned for selecting KPIs. The distinguishabilities of CW1 and
CW2, as shown in Table 1, were significantly lower than that of
the others, and thus they were excluded.

(2) Absence of major KPI exclusion: for assessing the essential
aspects of MSW collection performance, all KPIs should be
considered. Therefore, if the weight of any KPI in aweight set is
zero, then the weight set is not suitable to be used. Therefore,



Fig. 5. MSW collection performance scores of 307 local governments in Taiwan: (a) the DEA method and (b) the CW method.
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as listed in Table 1, six sets of CW3-CW6, CW12-CW13 were
excluded.

(3) Similarity: to identify similar sets, the correlation coefficients
of all sets are evaluated. If the correlation coefficient between
two sets is greater than 0.95, the two sets are regarded as
similar sets. The correlation coefficients of all pairwise
comparisons for CW8-CW11 are all higher than 0.95, and a rule
is thus needed to eliminate similar ones.

(4) Skewness: if two sets are highly correlated, then only one is
retained. A distribution plot and the coefficient of skewness are
prepared to check the skewness of the results obtained by two
similar CW sets. If the frequency plot is close to a normal
distribution, then its skewness coefficient will be small. In
Fig. 4, two groups can be observed in the plot. One group
consists of CW8-CW11, and the other one is CW7. The skewness
coefficient of CW10 is the lowest, is thus selected as the final
CW set.

Fig. 5 compares the aggregate performance indicator scores
determined by the DEA method and the final CW set. Fig. 5(a) and
(b) present the DEA and the CW results, respectively. The AI scores
Fig. 6. The accumulated percentages of the performance scores of all local
governments.
determined by the CWmethod shown in Fig. 5(b) range from 0.4 to
1. Local governments with low AI scores need to examine their
policy and planning of MSW collection to improve the poor
performances.

The DEA method can evaluate relative efficiency, but the ranks
determined by the DEA scores are not readily accepted by the local
governments because the score of each local government is calcu-
lated based on a different weight set. On the other hand, the scores
obtained by the CW method are comparable among local govern-
ments. By comparing the results obtained by both the DEA and the
CWmethod, the performance scores of some local governments, as
marked a to k in Fig. 5, are high according to the DEA method, but
their performance scores are then reduced by the CW method
because they have only one or fewKPIs with good performance that
lead to high DEA scores. The AI established by the CW method is
more practicable than the one generated by the DEA method. With
the DEA method, in addition to the different sets of weights
assigned to KPIs for each local government, the assigned weights
are frequently set to be extreme values, either 1 or 0. If the weight
of any KPI is set to be zero, it indicates that the KPI is ignored, and
such a situation should not happen for any selected KPI. The set of
weights determined by the CW method and selection rules can
overcome these problems when the performance scores deter-
mined by the set of weights are kept as close as possible to the DEA
scores. Furthermore, as the accumulated percentages of perfor-
mance scores shown in Fig. 6, the distinguishability of the CW
result is superior to that for the DEA result.
5. Conclusion

Because MSW collection is the main expenditure in waste
management, it is crucial to optimize MSW collection efficiency.
This study proposed the following five criteria for selecting indexes
for assessing the performance of MSW collection: completeness,
applicability, ability to measure results, similarity, and distin-
guishability. Five KPIs, Cost-MQ, MQ-Time, Q-Veh, SP-Collector, and
MQ-Mile, were then selected and used to establish an AI for eval-
uating MSW collection performance.

Although the DEAmethod is widely used to analyze AIs, it tends
to generate different weights for evaluated local governments and
does not enable comparisons among local governments. This study
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thus modified the CW method proposed by Despotis (2005) to
overcome this problem. However, the issue of how to select the
final weight set from multiple alternative CW sets remains
a problem. Therefore, four rules of distinguishability, absence of
major KPI exclusion, similarity, and skewness, were developed for
selecting a proper CW set. The proposed procedure, including the
index selection criteria and rules, was demonstrated in develop-
ment of an AI to assess the MSW collection performance in 307
local governments in Taiwan.

The final AI scores were calculated by DEA scores and the CW set
determined by the CW method. Each local government can assess
its performance by comparing its indicator score with its own
previous scores or with the scores of other local governments. Local
governments with good scores can serve as exemplars for other
local governments that wish to improve their MSW collection
performances. The central government can also evaluate the AI and
KPI scores to identify such exemplars and to promote good
collection policies or programs, and it can also identify those with
extremely poor performance and assist them in improving.

All study data were provided by the Environmental Protection
Administration, Executive Yuan, R.O.C. Data validation, including
accuracy and reliability, is important, although this issue was not
explored because a procedure was generally implemented to vali-
date the data before released. The sensitivity of efficiency scores
relative to the data variation may significantly influence the reli-
ability of performance assessment and thus should be evaluated.
The Super-efficiency DEA sensitivity analysis approach (Zhu, 2001)
was thus applied to evaluate the sensitivity. The result of the
analysis shows that all local governments are inliers, and no outlier
with an infeasible value was found. The sensitivity thus is regarded
as insignificant in this study. The procedure is highly proposing for
use in developing other aggregate indexes. Moreover, the proposed
MSW collection AI may also be applicable in other countries if it is
adjusted based on the local operational environment.
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