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Abstract: We proposed a Hierarchical Fuzzy Inference System (HFIS) framework to offer better
decision supports with fewer user-defined data (uncertainty). The framework consists two parts:
a fuzzified Geographic Information System (GIS) and a HFIS system. The former provides comprehensive
information on the criterion unit and the latter helps in making more robust decisions. The HFIS and the
traditional Multi-Criteria Decision Making (MCDM) method were applied to a case study and compared.
The fuzzified GIS maps maintained a majority of the dominant characteristics of the criterion unit but
also revealed some non-significant information according to the surrounding environment. The urban
planning map generated by the two methods shares similar strategy choices (6% difference), while the
spatial distribution of strategies shares 69.7% in common. The HFIS required fewer subjective decisions
than the MCDM (34 user-defined decision rules vs. 141 manual evaluations).
Keywords: Sponge City; urban planning; fuzzy logic; GIS; flooding

1. Introduction
With the tremendous development in China over the past few decades, various problems resulting
from rapid urbanization, population growth, and climate change have emerged. The failure of water
drainage systems is one of the most common. Due to a low design capacity, a lack of maintenance,
and a reduction in natural buffering areas, flooding and waterlogging caused by this failure are in turn
causing huge losses in terms of both property and human lives.
The Sponge City concept was proposed in 2012 in China during the Low-Carbon Urban
Development and Technology Forum to address the conflict between development and resilience cities
face [1]. Similar concepts in urban planning, such as Best Management Practices [2], Low Impact
Development [3], and Water Sensitive Urban Design [4] have been successfully practiced, but there
is still a long way to go to adapt, improve, and develop proper techniques, strategies, and planning
methods to meet local conditions and needs in China.
Followed by a barrage of government-issued policies, several cities in China with different
population densities, spatial scales, and climate conditions are currently sponsored to explore the
applicative national strategy and practice of Sponge City by the 2020s. Meanwhile, current Sponge City
designs and construction plans do not satisfy our expectations [1]. To achieve better performance and
more cost-efficiency, it is urged that a proper decision-making method be employed in the planning
process. Although many novel, powerful, and accurate models and tools to support decision making
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have emerged in recent years [5–9], most of them have been developed and used by experienced
researchers or developers. It is almost impossible for lay designers and decision makers to correctly
and easily apply those tools to their work.
Some widely used methods are usually simple and straightforward. One of the most commonly
used decision support method is Multi-Criteria Decision Making (MCDM), which combines
quantitative and qualitative criteria to form a single index of evaluation. Implemented in a Geographic
Information System(GIS) environment, MCDM has been applied in various studies in such areas as
resource management [10], urban planning [11–14], and vulnerability assessment [15–18] over the
last few decades. Such spatial-based MCDM involves a set of geographically defined basic units
(e.g., polygons, or cells), and a set of evaluation criteria represented as map layers [11]. The criterion
maps rank each unit with an overall score according to the attribute values and criteria weights using
different analyzing approaches (e.g., Boolean overlay, weighted linear combination, and ordered
weighted average) [13]. The Analytical Hierarchy Procedure (AHP) [19] is a method widely used for
ranking multi-criteria weights. It calculates the weighting factors using a pairwise comparison matrix
where all relevant criteria are compared against each other with reproducible preference factors.
Another decision support method is Fuzzy Decision Making, which is a mathematical method for
supporting decision making under uncertain situations with limited information [20]. It consists in an
inference structure that enables appropriate human reasoning capabilities. It has been widely applied
in studies relating to vulnerability assessment [15,17,21–25] and urban planning [26–30]. The approach
sets up a fuzzy inference system (FIS), which consists in user-defined membership functions and
decision rules [20]. The value for each criterion is first divided into classes/words, and a membership
function is used to identify the range of each class/word. Each class has overlay parts with adjacent
classes to represent the fuzziness. The decision rules represent the ambiguous designing principle
of the planner (e.g., if the imperviousness is low and the pollution productivity is high, then the
vulnerability is high). The criterion maps rank each unit by allocating their input distribution in the
membership function and finding out their output distribution according to the rule set and rule
strength, which is called the Mamdani method [31].
Realistically, the application of such methods requires a comprehensive understanding of
the planning process as well as sufficient data. On one hand, the more data we have, the more
comprehensive we can understand the situation and make more reliable decisions. On the other hand,
the more data we are dealing with, the more subjective pairwise comparison matrixes (e.g., MCDM) or
decision rules (e.g., FIS) we need to establish and therefore the more uncertain we are of the decisions.
Nevertheless, the above method usually evaluates criteria units individually (especially polygons) and
disregards the surrounding features.
In this study, we developed an easily applicable decision-making framework that applies a
hierarchical FIS system [24] on a fuzzified GIS system, in order to offer better decision supports with
fewer user-defined data. The hierarchical FIS system aims to reduce the subjective judgement from
planners, minimizing uncertainty in the system. The fuzzified GIS system provides comprehensive
information on the surrounding environment to support better decisions. The developed framework
and the traditional MCDM method were applied on a planning program at Yangchen Lake Resort,
Suzhou, Jiangsu, China. The results of both methods were compared so that the pros and cons for each
approach could be analyzed.
2. Methods and Data Description
2.1. Study Description
The 61.7 km2 Yangchen lake resort consists of two peninsulas, over which more than 100 inner
rivers are spread (see Figure 1). About 3.5 km2 of land area is used for various kinds of farming
activities (rice, vegetable, fruit, and fishery) and 5 km2 is used for public landscapes and parks. A new
town is gradually developing at the upper end of the left peninsula.
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file was then transformed into a GIS map via ArcGIS, and these data were inputted into each
was then transformed into a GIS map via ArcGIS, and these data were inputted into each polygon.
polygon. Together with experienced designers, major criteria pertaining to permeability, pollution
Together with experienced designers, major criteria pertaining to permeability, pollution productivity,
productivity, loss from flooding, and retrofit cost, were identified. Due to limitations in data
loss from flooding, and retrofit cost, were identified. Due to limitations in data accessibility, the four
accessibility, the four features are represented by 0, 1, and 2 (indicating low, medium, and high) for
features are represented by 0, 1, and 2 (indicating low, medium, and high) for every polygon according
every polygon according to the designers’ experience (see Table 1).
to the designers’ experience (see Table 1).
Table 1. Geographic Information System (GIS) features for the resort.
Table 1. Geographic Information System (GIS) features for the resort.
Land Use
Farm

Permeability

Land Use
Farm

1

Building Building

0

Green space
Green space

2

Pollutant Productivity

Permeability
1
0
2

Loss from Flooding

Retrofit Cost

Pollutant Productivity

Loss from Flooding

Retrofit Cost

2

1
2
0

1
2
0

2

11
00

1

2
0

1
2
0

Notes:0:0:Low;
Low;1:1:Medium;
Medium; 2:2:High.
Notes:
High.
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Goal

Goal

Weight

Weight

Criteria

Criteria

Weight

Weight

Class

Weight

Class

High
0.0754
High0.2290
Medium
0.0553 Low
Medium
0.6955

Permea-bility 0.0553

Permea-bility
Land use

Land use
Development 1.0000

Area (ha)

Area (ha)
Development

1.0000

Flood loss

Flood loss
Retrofit cost

Retrofit cost
Pollution

Pollution

FarmLow0.6955
Building
Farm0.2290
0.0754
0.0649 Park
Building
1.19–45
Park0.1140
0.25–1.19
0.4054
0.0401
1.19–45
0–0.25
0.4806

0.0649

0.0401

0.2994

0.2994
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High0–0.25
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Medium 0.1782
LowHigh0.0704

Medium
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Low0.2172
Medium
LowHigh0.7171

0.3286 High
Medium
0.7429
Low0.1939
Medium
LowHigh0.0633
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Medium
Low

0.2117
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Business
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as Usualas Usual
Green Roof
Roof
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0.1155
0.0998
0.0754
0.2500 0.6692 0.25000.1155
0.25000.1155 0.2500 0.0998
0.2290
0.0871 0.2500 0.38540.2500
0.38540.2500 0.1422 0.2500
0.6955
0.0886 0.0871 0.09520.3854
0.55130.3854 0.2649 0.1422
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0.4054
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0.2500
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0.0445
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0.1782
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0.4167
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After the factors, their weights, and all constraints in the decision tree were established for each
strategy, the suitability of each strategy was calculated for each unit in the criterion map according to
its criteria value (Suitability = Criteria Weight × Class Weight × Strategy Weight). The sponge urban
planning map was generated by selecting the most suitable strategy for each unit.
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Figure 3. Designed membership functions of the hierarchical fuzzy inference system (FIS).

Figure 3. Designed membership functions of the hierarchical fuzzy inference system (FIS).
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Step 3 “Defuzzification” of GIS Maps and Strategy Selection
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3.2. Sponge Urban Plan for Yangchen Lake Resort
3.2. Sponge Urban Plan for Yangchen Lake Resort
The result of the sponge urban planning map is presented in Figure 5. This map suggests that
The result of the sponge urban planning map is presented in Figure 5. This map suggests that
55.6%
(MDCM) or 49.7% (HFIS) of the resort can undertake the business as usual strategy. These
55.6% (MDCM) or 49.7% (HFIS) of the resort can undertake the business as usual strategy. These areas
areas include the majority of the west and north green spaces of the resort and the residential areas
include the majority of the west and north green spaces of the resort and the residential areas in the
in the middle peninsula. These areas have relatively good permeability (by themselves or by
middle peninsula. These areas have relatively good permeability (by themselves or by adjacent to the
adjacent to the lake), moderate pollutant productivity, or low loss from flood.
lake), moderate pollutant productivity, or low loss from flood.
It is also suggested that 22.7% (MDCM) or 28.7% (HFIS) of the resort apply rain water tanks or
It is also suggested that 22.7% (MDCM) or 28.7% (HFIS) of the resort apply rain water tanks or
green roofs. These areas consist of high-density buildings whose runoff contributes to the pollution
green roofs. These areas consist of high-density buildings whose runoff contributes to the pollution in
in adjacent areas (such as farming).
adjacent areas (such as farming).
The map further suggests that 21.7% (MDCM) or 21.6% (HFIS) of the resort have rain gardens
The map further suggests that 21.7% (MDCM) or 21.6% (HFIS) of the resort have rain gardens
or bioretention cells implemented. Most of these would be located in areas related to farming. The
or bioretention cells implemented. Most of these would be located in areas related to farming.
pollution from fish farming is extremely high, so it is advisable to take advantage of the reserved
The pollution from fish farming is extremely high, so it is advisable to take advantage of the reserved
land and to construct a large-scale rain garden to hold and treat the runoff from the farming area.
land and to construct a large-scale rain garden to hold and treat the runoff from the farming area.

Figure 5. Sponge urban planning maps for MCDM (left) and hierarchical FIS (right).
Figure 5. Sponge urban planning maps for MCDM (left) and hierarchical FIS (right).

3.3. Comparison of MCDM and HFIS
3.3. Comparison of MCDM and HFIS
In this study, the two methods both require selection and identification of criteria and their
In this study, the two methods both require selection and identification of criteria and their classes’
classes’ ranges. To generate a planning map, MCDM methods required the planners to fulfill 25
ranges. To generate a planning map, MCDM methods required the planners to fulfill 25 pairwise
pairwise comparison matrixes, which consist of 141 manual evaluations for deciding the importance
comparison matrixes, which consist of 141 manual evaluations for deciding the importance between
between two criteria to their upper level criteria. The three-level HFIS required to design 34 decision
two criteria to their upper level criteria. The three-level HFIS required to design 34 decision rules to
rules to determine which strategy was preferred under certain conditions.
determine which strategy was preferred under certain conditions.
As discussed in Section 3.2, the two methods produced similar results regarding the total area
As discussed in Section 3.2, the two methods produced similar results regarding the total area
of each strategy (see Table 3). The HFIS suggested a bit more rain tank/green roof uptake instead of
of each strategy (see Table 3). The HFIS suggested a bit more rain tank/green roof uptake instead
business as usual (6%). In regard to the spatial distribution of the strategies, 69.7% of the resort
of business as usual (6%). In regard to the spatial distribution of the strategies, 69.7% of the resort
planning generated by the HFIS uses the exact same strategy as that used by MCDM. Moreover, the
planning generated by the HFIS uses the exact same strategy as that used by MCDM. Moreover,
two methods suggested different strategies (other than business as usual) with respect to 3.26% of
the two methods suggested different strategies (other than business as usual) with respect to 3.26% of
the planning area.
the planning area.

Water 2017, 9, 903

8 of 10

Table 3. Comparison of the results from HFIS and MCDM.
Comparison criteria
Strategy Choice

Business as ususal
rain water tanks or green roofs
the rain garden or bioretention cells

HFIS

MCDM

49.7%
28.7%
21.6%

55.6%
22.7%
21.7%

Overlay area of choosing same strategy (other than BAU)
User-defined decisions

69.7%
34

141

4. Conclusions
In this study, a decision-making framework was developed and verified to offer better decision
support with fewer user-defined data (to reduce uncertainty). The framework consists of two parts:
a fuzzified GIS system and a hierarchical FIS system. The developed framework and the traditional
MCDM method were applied on a planning program at Yangchen Lake Resort, Suzhou, Jiangsu, China.
In this study, with the grid size we selected (1 ha), the fuzzified GIS maps maintained
a majority of the dominant characteristics of the polygons. The process, by considering the
surrounding environment and making reasonable adjustments, also proved to be efficient in revealing
non-significant information.
The sponge urban planning map generated by the two methods shares similar strategy choices:
BAU: 55.6% (MDCM) or 49.7% (HFIS); rain tanks or green roofs: 22.7% (MDCM) or 28.7% (HFIS);
rain gardens or bioretention cells: 21.7% (MDCM) or 21.6% (HFIS). The spatial distribution of strategies
(other than BAU) have 69.7% in common.
Regarding the user-defined data, the two methods both require the selection and identification of
criteria and their classes’ ranges. In this study, the MCDM methods required 25 pairwise comparison
matrixes, which consist of 141 manual evaluations to decide the importance between the two criteria.
The HFIS required the design of 34 decision rules to determine which strategy was preferred under
certain conditions.
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