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Abstract Given two land-cover maps of different scales, we wish to find a sequence

of small incremental changes that gradually transforms one map into the other. We

assume that the two input maps consist of polygons that constitute a planar subdi-

vision and belong to different land-cover classes. Every polygon in the small-scale

map is the union of a set of polygons in the large-scale map. In each step of the

sequence that we compute, the smallest area in the current map is merged with one

of its neighbors. We do not select that neighbor according to a prescribed rule but

define the whole sequence of pairwise merges at once, based on global optimiza-

tion. An important requirement for such a method is a formalization of the problem

in terms of optimization objectives and constraints, which we present together with

a solution that is based on the so-called A� algorithm. This algorithm allows us

to limit the exploration of the search space such that we can compute solutions of

high quality in reasonable time. We tested the method with a dataset of the official

German topographic database ATKIS and discuss our results.
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1 Introduction

A land-cover map is a planar subdivision in which each area belongs to a land-

cover class or type. Suppose that there are two land-cover maps of different scales

that cover the same spatial region. We consider the problem of finding a sequence of

small incremental changes that gradually transforms the large-scale map (the start
map) into the small-scale map (the goal map). We use this sequence to generate and

show land-cover maps of intermediate scales (see Fig. 1). In this way, we can avoid

large and sudden changes that distracts a user when zooming in or out.

With the same motivation, a strategy of hierarchical schemes has been proposed.

This strategy generalizes a more-detailed representation to obtain a less-detailed

representation based on small incremental changes, e.g., the Generalized Area Par-

titioning tree (for short, GAP-tree), which can be constructed if only the large-scale

map is given (van Oosterom and Schenkelaars 1995) or if both the large-scale map

and the small-scale map are given (Haunert et al. 2009).

Typically, the next change in such a sequence is determined locally, in a greedy

fashion. If we insist on finding a sequence that is, according to some global measure,

optimal, the problem becomes complicated.

We assume that there exist many-to-one relationships between the areas of the

start map and the areas of the goal map. This assumption is based on the fact that

there are many algorithms (e.g., Haunert and Wolff 2010; van Smaalen 2003; Cheng

and Li 2006) that aggregate some land-cover areas into one single land-cover area.

The input and the generalized results of these methods can be used as our input. We

term the areas of the goal map regions. That is, every region is the union of a set of

areas on the start map.

The type of a region may differ from the types of its components. For example, a

small water area together with multiple adjacent forest areas may constitute a large

forest region in the smaller scale. We assume, however, that every region contains

at least one area of the same type. Our assumptions hold if the goal map has been

produced with an automatic method for area aggregation, for example, with the

method of Haunert and Wolff (2010). That method produces a land-cover map at a

single output scale, given a land-cover map at a larger scale. It is based on global

optimization and minimizes type changes as well as a cost for non-compact shapes

while satisfying constraints on the sizes of the output regions. Although the method

output (intermediate-scale maps)input (start map) input (goal map)

Fig. 1 The input and a possible output for an instance of our problem



Using the A� Algorithm to Find Optimal Sequences for Area Aggregation 3

of Haunert and Wolff leads to results of high quality, it does not yield land-cover

maps at intermediate scales.

As stated by Chimani et al. (2014), “a sequence of well-generalized maps is not

necessarily the same as a good sequence of maps.” To generate a good sequence

of maps, we must consider the sequence of maps as a whole instead of considering

each intermediate-scale map separately. On the other hand, to simplify the problem,

we first consider each region of the goal map (with its components on the start

map) independent of the other regions. Once we have found a sequence of maps for

each region, we integrate all the sequences into an overall sequence that transforms

the start map into the goal map. Our aggregation sequence may be stored in data

structures such as the GAP-face tree (van Oosterom 2005) or the map cube model

(Timpf 1998) to support on-the-fly display.

Contribution. We give general ideas and basic concepts of our method, and analyze

the size of our problem (see Sec. 2). We present a new global optimization approach

to solve this problem. Our approach is based on the A� algorithm (see Sec. 3) which

handles the combinatorial explosion that we will discuss in Sec. 2. Then, we do a

case study using a dataset of the German topographic database ATKIS to assess the

effectiveness and efficiency of our method (see Sec. 4). Finally, we conclude the

paper (in Sec. 5).

We do not deal with the simplification of lines in this paper, since this can be

handled separately from the aggregation of areas, for example, by using the method

of Douglas and Peucker (1973) or Saalfeld (1999). Those methods can be used to

set up the Binary Line Generalized tree (van Oosterom and Schenkelaars 1995) (for

short, BLG-tree), which is a hierarchical data structure that defines a gradual line

simplification process.

2 Preliminaries

To allow us to describe our method more easily, we assume that the goal map has

only one region. On the start map, the same region consists of n land-cover areas

(components). In other words, the union of the n land-cover areas is the only region

on the goal map. We show how to compute an optimal aggregation sequence for a

region. For a goal map with more than one region, we simply “interleaf” aggregation

sequences of different regions (see Sec. 3.6).

To find a sequence of small changes that transforms the start map into the goal

map, we require that every change involves only two areas of the current map. More

precisely, in each step the smallest area a is merged with one of its neighbors (adja-

cent areas) b such that a and b are replaced by their union. The union must take over

the type of either a or b. If the union uses the type of a, we say that area b is aggre-
gated into area a, and vice versa. How to aggregate exactly is decided by optimizing

a global cost function. This requirement ensures that the size of the smallest area

in the map increases in each step and thus the sequence reflects a gradual reduction
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of the map’s scale. From another perspective, we consider the smallest area as the

least important, instead of involving more rules for importance, to avoid making

our problem too complicated. Even though the requirement reduces the number of

possible solutions, there is still enough room for optimization since we leave open

with which of its neighbors the smallest area is aggregated. We term a sequence of

changes that adheres to our requirement an aggregation sequence.

Model. We consider a directed graph G, which we call the subdivision graph (see

Fig. 2). The node set V of G contains a node for every possible map (or subdivision,

including the start map, all possible intermediate-scale maps, and the goal map).

The arc set E of G contains an arc uv between any two maps u,v ∈V such that v can

be reached from u with a single aggregation operation involving the smallest area.

Then, any directed path in G from the start map to the goal map defines a possible

aggregation sequence. Our idea is to compute an optimal aggregation sequence by

computing a minimum-weight path from start to goal. This idea obviously requires

that the arc weights are set such that a minimum-weight start–goal path does actually

correspond to an aggregation sequence of maximum cartographic quality. Moreover,

putting the idea to practice is far from trivial since the graph G can be huge as we

will argue below. Thus, exploring all of its nodes must be avoided. To limit the

search space when computing an optimal path, we use the A� algorithm (Hart et al.

1968).

Notation. Each land-cover area is represented by a polygon with a type. A patch is

a set of polygons whose union is connected. The patch also has the property type.

Recall that there are n land-cover areas on the start map. Hence, the desired

aggregation sequence consists of n− 1 steps. There are n subdivisions on a path

from the start map to the goal map. We use t ∈ T = {1,2, . . . ,n} to denote the time
of the path. When t = 1, the subdivision consists of n patches, and there is only 1

patch when t = n. The subdivision graph consists of layers L1, . . . ,Ln, where layer

Lt = {Pt,1, . . . ,Pt,nt} contains every possible subdivision Pt,i with n− t + 1 patches

(see Fig. 2).

P2,2

P2,1

P2,3

P2,4

P3,2

P3,1

P3,3

P3,4

P3,5

Pgoal = P4,1Pstart = P1,1

Fig. 2 The subdivision graph G. The nodes of the graph are the subdivisions. There is an arc from
node Pt,i to node Pt+1, j if Pt+1, j is the result of aggregating the smallest area p of Pt,i with a
neighbor of p.
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Exponential lower bound. We now analyze the size of G. Consider an instance that

consists of a start map P1,1 with n = 2k unit squares in a row and a goal map Pn,1
that is simply the union of the n squares, that is, an (n× 1)-rectangle. One of the

intermediate subdivisions in layer Lk+1—let’s call it Pk+1,1—consists of a row of k
(2× 1)-rectangles. A lower bound for the number of nodes of G is the number of

ways the (2×1)-rectangles in Pk+1,1 can be subdivided into unit squares: each way

corresponds to a unique node in a layer between the start map and Pk+1,1. Clearly,

there are exactly 2k = 2n/2 ways.

3 Using the A� Algorithm

3.1 Formalizing Area Aggregation as a Pathfinding Problem

We model our aggregation problem as finding a shortest path in the subdivision

graph G, which is weighted. We define the weight of an arc to be the cost of the cor-

responding aggregation step. We try to find a shortest path from subdivision Pstart,

the start map, to Pgoal, the goal map. There are various algorithms that compute

shortest paths in graphs, most notably Dijkstra’s algorithm. As the graph G—our

search space—can be of exponential size (see Sec. 2), we avoid computing the

whole graph explicitly.

Once we have found a shortest path, we can generate an optimal aggregation

sequence. Note that we only know subdivisions Pstart and Pgoal at the beginning. To

save time and memory, we generate a subdivision Pt,i only when we want to visit it.

We decided to use the A� algorithm to find a shortest path from the start node Pstart

to the goal node Pgoal because A� uses a clever best-first strategy. For a node Pt,i, A�

considers the exact cost of a shortest path from Pstart to Pt,i and estimates the cost

to get from Pt,i to Pgoal. The A� algorithm can be seen as a refinement of Dijkstra’s

algorithm where nodes are explored earlier if they are estimated to be close to the

goal.

More formally, we define g(Pt,i) to be the exact cost of a shortest path from Pstart

to Pt,i, and we define h(Pt,i) to be the estimated cost to get from Pt,i to Pgoal. Then,

the total cost at node Pt,i is

F(Pt,i) = g(Pt,i)+h(Pt,i). (1)

If h(Pt,i) is always bounded from above by the exact cost of a shortest path from Pt,i
to Pgoal, A� is guaranteed to find a shortest path from Pstart to Pgoal, that is, an optimal

aggregation sequence. Using the estimation, A� is able to reduce the search space.

The better the estimation, the more A� can reduce the search space. In the following,

we show how we define g(Pt,i) and h(Pt,i).
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3.2 Cost Functions

We consider two aspects of cost for our aggregation problem. First, we want to min-

imize the total type change, over all aggregation steps. Second, for the patches of a

subdivision, we consider the one with the minimum compactness. We want to max-

imize the sum of the minimum compactnesses, over all intermediate subdivisions.

We define the cost of type change as follows. Suppose that we are at the step

of generalizing from subdivision Ps−1,i to subdivision Ps, j. In this step, patch p is

aggregated into patch q. We denote the types of the two patches by T (p) and T (q).
We define the cost of type change of this step by

ftype(Ps−1,i,Ps, j) =
Ap

AR
· Cost(T (p),T (q))

Tmax
, (2)

where Ap is the area of patch p, and AR is the area of region R. The constant Tmax,

the maximum cost over all type changes, is used to unify the cost of type change

and is known from the input. The input specifies, for each pair (T1,T2) of types, the

cost Cost(T1,T2) of changing type T1 to type T2.

For an example, refer to Fig. 3a, where the brown and the green patch play the

roles of patches p and q in Eq. 2. The shaded area in Fig. 4a shows the contribution

of type change to the cost.

For path Π = (P1,i1 ,P2,i2 , . . . ,Pt,it ), we define the exact cost of type change over

all steps by

gtype(Π) =
t

∑
s=2

ftype(Ps−1,is−1
,Ps,is) (3)

Recall that we also want to maximize the sum of the minimum compactnesses

over all intermediate subdivisions. However, the A� algorithm tries to find a solution

that minimizes a cost. To adapt our requirement to the A� algorithm, we modify our

request to minimize the sum of a shape cost

fshape(Ps,k) =
1−minp∈Ps,k cp

n−2
, (4)

where cp = 2
√

πAp
/

Lp is the compactness of patch p (Frolov 1975), and Lp is

the perimeter of p. We use n− 2 as the denominator to balance between the costs

Pstart P2,i2

(a) (b)

Fig. 3 An aggregation step, where the brown
patch is aggregated into the green patch.

type change shape

(a) (b)

Fig. 4 The shaded parts show the contributions
to the costs.
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of type change and shape. Take Fig. 4b for example, the compactness of the shaded

blue patch will be used to compute fshape because the blue patch is the least compact

one among the four patches.

For path Π = (P1,i1 ,P2,i2 , . . . ,Pt,it ), we define the exact cost of shape over all

intermediate subdivisions by

gshape(Π) =
t−1

∑
s=2

fshape(Ps,is). (5)

Combining type change and shape, we define the total exact cost of path Π by

g(Π) = (1−λ )gtype(Π)+λgshape(Π), (6)

where λ ∈ [0,1] is a parameter to balance ftype and fshape. In most cases, we use

λ = 0.5 in our experiments. We want to find a path from Pstart to Pt,i that minimizes,

among all such paths, g(Π). Slightly abusing notation, we denote the length (or

cost) of this shortest path from Pstart to Pt,i by g(Pt,i).
To narrow down the search space, we set up estimation functions for type change

(Sec. 3.3) and shape (Sec. 3.4). These functions are meant to direct A� towards the

goal.

3.3 Estimating the Cost of Type-Change

As illustrated in Sec. 3.1, if the estimated cost is always a lower bound of the ex-

act cost of a shortest path from Pt,i to Pgoal, A� is guaranteed to find a shortest

path. To find a lower bound of the cost of type change, we simply assume that ev-

ery patch will be aggregated into a patch with type Tgoal, where Tgoal is the type

of the only patch on the goal map. As long as the cost of type change is a met-

ric, this aggregation strategy indeed returns a lower bound. For subdivision Pt,i, let

(Pt,it ,Pt+1,it+1
, . . . ,Pn,in), Pt,it = Pt,i and Pn,in = Pgoal, be the path that always changes

the type of the smallest patch to Tgoal. Then, the estimated cost of type change is

htype(Pt,i) =
n−1

∑
s=t

ftype(Ps,is ,Ps+1,is+1
). (7)

For an example, after the aggregation step of Fig. 3, we compute htype according

to the aggregation sequence of Fig. 5. Note that the step from P2,i2 to P3,i3 in Fig. 5

is impossible in reality because the violet patch cannot be assigned color green if

none of its neighbors is green. However, this assignment is allowed for estimation

because we may find a shortest path as long as the estimated cost is no more than

the exact cost of a shortest path.
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P2,i2 P3,i3 P4,i4 P5,i5

Fig. 5 An “aggregation sequence” for computing htype, based on the aggregation result of Fig. 3b

3.4 Estimating the Cost of Shape

We find a lower bound of fshape(Ps,k), in Eq. 4, based on the edge number of the

boundaries. We use next to denote the edge number of the region’s exterior bound-

aries. As the exterior boundaries will not be changed by aggregation, next is a con-

stant. We use B(Ps,k) to denote the set of interior boundaries of subdivision Ps,k. Note

that a boundary between two patches is not necessarily connected; for an example,

see the orange boundary in Fig. 7a. The number of interior edges is

eint(Ps,k) = ∑
b∈B(Ps,k)

‖b‖, (8)

where ‖b‖ is the edge number of boundary b. Considering that each interior edge is

used by two patches, the total number of edges over all patches is

esum(Ps,k) = eext +2eint(Ps,k). (9)

To compute a lower bound of fshape(Ps,k) is to find an upper bound of minp∈Ps,k cp.

As the regular polygon is the most compact one among all polygons with the same

number of edges, we construct regular polygons using the edges we have, ignor-

ing their lengths. A regular polygon with more edges is more compact than one

with fewer edges. We now suppose that we know an upper bound of edge number

esum(Ps,k). We denote this upper bound by E(Ps,k). We will show how to compute

E(Ps,k) later. Now, we define the upper bound of minp∈Ps,k cp based on E(Ps,k).
At time s, there are n−s+1 patches. As each patch has 3 edges at least, E(Ps,k)≥

3(n− s+ 1). If we are allowed to freely construct the patches, we should evenly

distribute the edges and construct n− s+1 regular patches in order to maximize the

minimum compactness. In this case, each patch has

ρs,i = �E(Ps,k)/(n− s+1)�

edges at least. The smallest compactness of such a set of regular patches is

Cmin(Pt,i) =

√
π

ρs,i

/
tan

π
ρs,i

.
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This value describes the largest minimum-compact situation, and thus is an upper

bound for minp∈Ps,k cp. The lower bound of fshape(Ps,k) based on the edge number

can be computed, according to Eq. 4, by

l(Ps,k) =
1−Cmin(Ps,k)

n−2
.

In our case, the patches can never be circles, thus Cmin(Ps,k) < 1 and l(Ps,k) > 0.

This property is important when we overestimate (see Sec. 3.5).

One remaining task is to compute upper bound E(Ps,k). Removing a boundary

may result in joining several boundaries to one (see Fig. 6 for an example). At each

step of the aggregation, we remove one interior boundary. To make sure that we

have an upper bound, we always remove the original interior boundary, from the

set of interior boundaries B(Pt,i), with the fewest edges (see Fig. 7 for an example).

Then at each step we compute E(Ps,k) according to Eqs. 8 and 9. Note that we do

this only for estimation. (When computing the real compactness, we consider the

boundary length and the area of a patch; see Sec. 3.2.)

Let (Pt, jt ,Pt+1, jt+1
, . . . ,Pn, jn), Pt, jt = Pt,i and Pn, jn = Pgoal, be the path from Pt,i to

Pgoal where we repeatedly remove the interior boundary with the fewest edges. We

define the estimated cost of shape by

hshape(Pt,i) =
n−1

∑
s=t

l(Ps, js), (10)

where we define l(P1,i1) = 0.

We define the total estimated cost to be

h(Pt,i) = (1−λ )htype(Pt,i)+λhshape(Pt,i),

where λ is the same as in Eq. 6. Recall that we compute the total cost at node Pt,i
by Eq. 1.

Pstart P2,i2

(a) (b)

Fig. 6 An example to show the change of the remained boundaries after removing a boundary. a
Original boundaries. b The boundaries after removal. This example corresponds to the aggregation
step in Fig. 3. Note that the pink boundary and the navy boundary in a join together after we
remove the yellow boundary. So do the red boundary and the blue boundary.
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nint(P2, j2) = 17 nint(P3, j3) = 15 nint(P4, j4) = 12 nint(P5, j5) = 0

5

4 2
3

3 3
5

4
3

5

4
3

Fig. 7 An “aggregation” sequence for computing hshape (see Eq. 10) based on the number of edges.
At each step we remove the boundary with the fewest edges. At the last step, i.e., from P4, j4 to P5, j5 ,
we simply remove all the interior boundaries because we know the exact shape from the input. The
numbers represent the edge numbers of the interior boundaries. This example corresponds to the
aggregation step in Fig. 3.

3.5 Overestimation

Since the number of subdivisions can be exponential, it can happen that we run

out of main memory before we find an optimal solution. To solve this problem, we

overestimate the cost. Overestimation is a popular technique in the A� algorithm.

For example, Pohl (1973) used a strategy of dynamic weighting to overestimate.

We propose another strategy in order to find a solution faster. We first try finding a

solution by the A� algorithm. If we cannot find one after we have visited a predefined

number M of nodes of G, then we overestimate the cost by a factor of 2 and try again.

We repeat this until we have a feasible solution. We revise Eq. 1 that defines the total

cost at a node Pt,i to

F(Pt,i) = g(Pt,i)+K ·h(Pt,i), (11)

where K = 2k is the overestimation factor, and k ≥ 0 is the number of repetitions.

Whenever overestimating (k ≥ 1), we cannot guarantee optimality anymore. We

need to make sure that h(Pt,i)> 0, otherwise the overestimation is of no effect.

3.6 Integrating Aggregation Sequences of Different Regions

We compute an aggregation sequence for each region. Then, we integrate the se-

quences of different regions with respect to the order of the smallest patches (see

Fig. 8 for an example). This integration is similar to the merge step in the sorting

algorithm Mergesort (see Cormen et al. 2009, pp. 29–37).

4 Case Study

We have implemented our methods based on C# (Microsoft Visual Studio 2012)

and ArcObjects SDK 10.2. We ran our case study under 64-bit Windows 7 on a

3.3 GHz dual core CPU with 8 GB RAM. We measured processing time by the
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integrated sequence of the two regions

sequence of the pink region sequence of the green region

1.1 1.2

input inputoutput

2.1 2.2

input inputoutput

1.1 2.1 2.2 1.2

input inputoutput output output

Fig. 8 Integrating two aggregation sequences of different regions: the resulting sequence contains
the given sequences as subsequences and always takes the subdivision with smallest patch next

built-in C# class Stopwatch. We tested our method on a dataset from the German

topographic database ATKIS DLM 50. The dataset represents the place “Buchholz

in der Nordheide” at scale 1 : 50,000. Our start map is the map after the collapse

of areas by Haunert (2009, pp. 61–66), which has 5,537 polygons. Our goal map

was generalized from the start map by Haunert and Wolff (2010) setting the scale at

1 : 250,000 (see Fig. 10). The goal map has 734 polygons, which means that there

are N = 734 regions. We used a tree-based method introduced by Schwering (2008)

to define the cost of type change; the cost is the distance between two types in the

type hierarchy (see Fig. 9). For example, the distance between type fence and type

street is 4. In this tree, the maximum distance is 6. Therefore, Tmax = 6 in our case

study for Eq. 2.

We overestimated whenever we could not find a solution after having visited M
nodes (see Sec. 3.5). We tried M = 200,000 and M = 400,000. The results are shown

in Table 1. When M = 200,000, we have found optimal aggregation sequences for

692 of the 734 regions (94.3%); see column #over in Table 1, where we overesti-

mated for the other 42 regions.

Table 1 A comparison of the A� algorithm for two different settings that depend on the maximum
number of nodes, M, that we allowed the A� algorithm to explore. #over is the number and per-
centage of regions (out of 734) that needed overestimation. Variable ksum is the total repetitions.
Symbols #nodes and #arcs are the total numbers of nodes and arcs that the A� algorithm visited.
(For instances where we needed overestimation, only the final attempt is counted.) We used gt, gs,
and g to denote the sums of gtype(Pgoal), gshape(Pgoal), and g(Pgoal), respectively, over all instances
(see Eqs. 3, 5, and 6). The percentage in the time column is the fraction of the total runtime spent
on solving the instances that needed overestimation

M #over ksum #nodes #arcs gt gs g Time (h)

200,000 42 (5.7%) 113 2.4 ·106 4.9 ·106 51.5 259.1 155.3 0.6 (88.7%)

400,000 39 (5.3%) 96 4.3 ·106 8.9 ·106 51.4 259.0 155.2 1.1 (92.2%)
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2101

settlement area
2000

settlement

3000

traffic

4000

vegetation

5000

waters

built-up

area

natural

spaces

object

3101

street

3543

antenna

4203

hedge

4101

farmland

2352

fence

5321

shore protection

5101

(major) river, stream

Fig. 9 The type distance defined in our case study. For example, the distance between type fence
and type street is 4.

Recall Eq. 11, for region with ID i we define ki as the least repetitions that we

do to find a feasible solution, and we define the least feasible overestimation fac-

tor Ki = 2ki . We define the total repetitions as ksum = ∑N
i=1 ki, where N is the number

of regions. After we increased M to 400,000, we found optimal aggregation se-

quences for only three more regions, but the total repetitions ksum decreased quite

a bit, from 113 to 96. The numbers of regions that needed a certain overestimation

factor are shown in Fig. 11. Besides, we visited more arcs and nodes, used more

time, but got (slightly) less cost when M = 400,000. Although the number of re-

gions that needed overestimation is relatively small, A� spent most of the running

time on these few regions: 5.7% and 5.3% of the regions cost 88.7% and 92.2% of

the total running time, respectively (see Table 1).

The details of some regions are presented in Table 2. According to the entries

with overestimation factor Ki = 1, we often have Rtype = 1 and a large Rshape. Recall

that when K = 1, Rtype ≥ 1 and Rshape ≥ 1; see Sec. 3.1. Rtype = 1 means that we

have the best estimation for the cost of type change. A large Rshape means that our

estimation for the cost of shape is poor.
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Start map, at scale 1 : 50,000 Goal map, at scale 1 : 250,000

2101: village, town, city

2114: construction area

2201: sport facility

2202: leisure facility

2213: cemetery

2230: golf course

2301: mining, pit, quarry

3103: square

3302: airport, air strip

4101: farmland

4102: grassland

4103: garden

4104: heath

4105: swamp

4107: wood, forest

4108: bosk

4109: specialized crop

4111: wet ground

5112: lake, barrierlake, pond

2112: industrial area

The 20 land-cover types appearing in our data

Fig. 10 The data of our case study
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Fig. 11 The numbers of regions where our approach was forced to use the given overestimation
factors in order to find a solution without exploring more than M ∈ {200,000, 400,000} nodes of
the subdivision graph.
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Table 2 The costs in detail of some regions, where M = 200,000. The parameters n and m are
the numbers of patches and their adjacencies on the start map, respectively. Parameter Ki is
the overestimation factor defined in this section. We evaluate the quality of our estimations for
type change and shape by listing the numbers Rtype = gtype(Pgoal)/htype(Pstart) and Rshape =
gshape(Pgoal)/hshape(Pstart). Note that if htype(Pstart) = 0, we define Rtype = 1.

ID n m Ki Rtype Rshape Time (s)

543 20 40 512 1.000 0.516 175.7
94 32 74 64 0.016 4.577 163.6

190 22 45 32 0.034 21.535 84.9
301 30 61 16 0.066 21.895 78.5

...
...

...
...

...
...

...
569 15 32 2 0.514 69.011 16.7
358 21 32 1 1.000 1020.133 1.3
97 20 35 1 1.000 179.132 0.9

257 20 33 1 1.000 463.178 5.9
...

...
...

...
...

...
...

Interestingly enough, region 543 has neither the most patches nor the most ad-

jacencies, but it needs the largest overestimation factor, which is 512 (see the first

entry in Table 2). The reason is that all the patches of this region are with the same

type (see region 543 with 20 patches in Fig. 12). The type change has no contribution

to the estimation, while the estimation of shape is poor to help find an aggregation

sequence.

We show the intermediate aggregation results of some regions in Fig. 12. Al-

though we had to overestimate for regions 543 and 436, the results seem fine (see

the first row and the second row of Fig. 12). In Fig. 12, the third row shows an

optimal aggregation sequence for region 77. However, we noticed some inappropri-

ate aggregations (see Fig. 13 for an example). This inappropriate aggregation could

have been caused by the overestimation or by our definition of the shape cost.

It turned out that the objective function g seems rather robust against changes

of λ . For region 77, we varied λ in the range {0.1,0.5,0.9}, but the resulting aggre-

gation sequences stayed almost the same. When we used even larger values for λ
(e.g., 0.99), the (good) influence of type change was mitigated and, as a result, we

needed to overestimate (with factor K = 8).

5 Conclusions

In this paper, we proposed a method for finding an optimal aggregation sequence

between two maps of land-cover areas based on the A� algorithm. This method re-

duces the search space of attaining an optimal result. We have a good estimation for

the cost of type change, which helps a lot to reduce the search space. In contrast, our

estimation for the cost of shape is poor. If we investigate the shapes of the patches
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(17) (14) (11) (8) (5)

(27) (22) (17) (12) (7)

(20) (17) (13) (9) (5)

K543 = 512

K436 = 8

K77 = 1

Fig. 12 Some intermediate aggregation results of Regions 543, 436, and 77. The numbers in paren-
theses are the numbers of remaining patches.

(a) (b) (c)

Fig. 13 An inappropriate result and the result we prefer. Figures a and b are extracted from re-
gion 436 when there are 27 and 22 patches (see Fig. 12). Our method aggregates the red patch of
figure a into the lower-right patch (see figure b). We prefer aggregating the red patch into the upper
green patch (see figure c).

more carefully, we may improve our estimation for the cost of shape. Our current

method did not manage to find optimal aggregation sequences for some of the re-

gions in our datasets. For these regions, we overestimate in order to find feasible

aggregation sequences. Note that a larger overestimation factor does not necessar-

ily mean a poorer aggregation sequence. We compared our A�-based method with

a method based on integer linear programming, and found that, within a fixed time

frame, the A�-based method managed to solve more instances to optimality than the

integer linear program.

To keep our problem concise, we did not incorporate many cartographic rules.

An example is that a settlement is important and should be remained longer if the

settlement is surrounded by farmlands. We did not consider the case like aggregating

farmland with a hedge results in a land-cover area with type vegetation. These issues

may be considered in our future work. Our method provides a way for continuous

generalization of land-cover areas. We proposed our cost functions (i.e., type change
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and shape) based on cartographic requirements. However, to what extent our output

remains faithful to real-world geography still needs to be evaluated.
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