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ABSTRACT
A trend in software testing is reducing the size of a test suite
while preserving its overall quality. Given a test suite and a
set of requirements covered by the suite, test suite reduction
aims at selecting a subset of test cases that cover the same
set of requirements. Even though this problem has received
considerable attention, finding the smallest subset of test
cases is still challenging and commonly-used approaches ad-
dress this problem only with approximated solutions. When
executing a single test case requires much manual effort (e.g.,
hours of preparation), finding the minimal subset is needed
to reduce the testing costs.

In this paper, we introduce a radically new approach to
test suite reduction, called FLOWER, based on a search
among network maximum flows. From a given test suite
and the requirements covered by the suite, FLOWER forms
a flow network (with specific constraints) that is then tra-
versed to find its maximum flows. FLOWER leverages the
Ford-Fulkerson method to compute maximum flows and Con-
straint Programming techniques to search among optimal
flows. FLOWER is an exact method that computes a minim-
um-sized test suite, preserving the coverage of requirements.
The experimental results show that FLOWER outperforms
a non-optimized implementation of the Integer Linear Pro-
gramming approach by 15− 3000 times in terms of the time
needed to find an optimal solution, and a simple greedy ap-
proach by 5−15% in terms of the size of reduced test suite.
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1. INTRODUCTION
As software evolves over time, test suites or test config-

urations used to validate the software grow. On the other
hand, according to several studies [22, 30, 12], test suite size
has a large impact on the overall test cost in the software
development lifecycle. Therefore, a trend in software test-
ing is to keep the test suite size as small as possible, while
preserving the “quality” of the test suite (e.g., its require-
ments coverage rate, its overall running time, its expected
fault-detection rate or a combination of those). For software
testing contexts where executing a single test case requires
much manual effort and preparation, finding the smallest
set of test cases is essential to keep the test cost as low as
possible.

Test suite reduction, also called a test suite minimization,
is a general problem cross-cutting several related research
areas. In code-based testing where test requirements corre-
spond to code coverage objectives, the goal is to minimize
a test suite while preserving code coverage. In functional
testing with combinatorial interaction testing, test suite re-
duction aims at selecting the smallest test suite covering
all N -tuples of input parameters. In software product line
testing, a challenge is to find the minimal number of test
configurations so that all product line features are covered
at least once. In regression testing, test suite reduction
aims at finding the smallest subset of test cases preserving
the error-detection ability of the original test suite. These
examples reveal that the main problem addressed in this
paper (i.e., test suite reduction) is of a fundamental na-
ture and deserves to be explored in all possible dimensions.
Optimal test suite reduction is obtained when the subset
is of minimum cardinality. However, the problem of find-
ing a minimum-cardinality subset (not necessarily unique!),
known as a Minimum Set Cover, is NP-complete [8, 6]. In
the worst case, the time required to compute a minimum-
cardinality subset grows exponentially with the size of the
problem.

Substantial research work has addressed different varia-
tions of this problem. However, most common approaches
proposed in the literature (see section 6) exhibit some of the
following three drawbacks:

• Minimum-cardinality test suite is not guaranteed. Com-
monly used approaches to compute the minimum car-
dinality subsets exploit greedy algorithms to find the
test cases covering the set of test requirements [24, 29,
16]. For example, they select first the test case that
covers the most test requirements, then remove all re-
quirements covered by the selected test case and repeat
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the process until all requirements are covered. While
generally quick, greedy algorithms can only approxi-
mate the global-optimum solutions. Once a test case
is selected, the choice is usually not reconsidered to
find another test case covering less, but different re-
quirements. An exact method, on the contrary, is a
method able to compute a minimum-cardinality sub-
set;

• Tradeoff between test-reduction time and number of
test cases. Exact approaches based on Integer Lin-
ear Programming (ILP), such as [2, 4, 12, 9] are able
to find a (non-approximated) optimal solution, but at
the cost of long run time. On the other hand, greedy
heuristics exhibit better runtime, but usually at the
cost of larger test suites. Both minimum-cardinality
test suite and low runtime are important aspects of
test suite reduction in practice and therefore, there is
usually a need for a tradeoff;

• Fault-detection capability or code coverage is not pre-
served. When looking only at the size of test suites,
while preserving requirements coverage, test suite re-
duction can compromise other essential characteris-
tics, such as fault revealing capability or code cover-
age [22, 21, 28, 27]. Some of the recent approaches
to test suite reduction have addressed this problem by
combining multi-objective optimization methods and
search-based test data generation [26] or Integer Lin-
ear Programming [2, 12]. However, there is still a chal-
lenge to understand how to balance between these cri-
teria and how to select optima in a multi-objective
optimization problem.

In this paper, we introduce a new method for test suite
reduction (called FLOWER) based on the computation of
network maximum flows. From a given test suite and test
requirements covered by the suite, FLOWER forms a bi-
partite graph with special capacity constraints and searches
for the maximum flows in its corresponding flow network.
FLOWER leverages the Ford-Fulkerson method [7] to com-
pute the maximum flows and constraint programming tech-
niques to search among the optimal flows. According to our
knowledge, FLOWER is the first approach that uses network
maximum flows to address the test suite reduction problem.

Our approach addresses all three drawbacks of the conven-
tional approaches mentioned above. It is an exact method
that finds a true minimum number of test cases covering the
same set of requirements as the original test suite. FLOWER
is quick for medium-size problems. In particular, for the
problems consisting of 3000 requirements and 500 test cases,
it computes the minimum-cardinality subset in less than a
minute on a standard machine. In addition to test suite
reduction retaining requirements coverage, FLOWER can
handle multiple criteria in reduction, for example, test exe-
cution cost or fault-detection capability.

To evaluate FLOWER, we developed a prototype imple-
mentation using the SICStus clpfd library [3] and we con-
ducted a comparative analysis of the time needed to re-
duce test suites and the size of the reduced suites, for 2005
test suite reduction problems. In this experimental study,
FLOWER is compared with a simple greedy model and a
non-optimized ILP model, which are implemented using the
classical description in the literature [5, 12]. Our results

demonstrate that FLOWER outperforms the ILP approach
by 15−3000 times in terms of time needed to find solutions,
and the simple greedy approach by 5− 15% in terms of the
size of reduced test sets.

The paper is organized as follows: in Section 2 we re-
view the theory underlying our proposed approach to test
suite reduction. In Section 3 we describe the problem of test
suite reduction, give its graph-based formulation and show
how the problem can be solved using a maximum flow in a
graph. Section 4 describes the implementation of FLOWER.
In Section 5 we evaluate FLOWER compared to the ILP and
the greedy approach. Section 6 contains related work, while
Section 7 concludes the paper.

2. BACKGROUND AND NOTATIONS
This section revisits the problem of test suite reduction

and briefly reviews the concepts of network flow theory.

2.1 Test Suite Reduction
Test suite reduction aims to decrease the overall num-

ber of test cases while retaining the coverage of the original
test suite. A reduced test suite covering the same test re-
quirements as the original suite, but not necessarily of the
smallest possible size, is called a representative test suite.
An optimal test suite reduction aims to determine the rep-
resentative test suite consisting only of essential test cases
[15], known as a minimum-cardinality subset. If any of the
test cases from an optimal representative test suite were re-
moved, the test suite would not satisfy all test requirements.
In this paper, we will use RTS to refer to a Representative
Test Suite and MCS to refer to a Minimum-Cardinality
Subset, i.e., an optimal RTS. Note that an MCS is not
necessarily unique for a given test suite reduction problem.

Formally, a test suite reduction problem is defined by an
initial test suite T = {T1, . . . , Tm}, a set of test require-
ments R = {R1, . . . , Rn} and a function cov : R→ 2T map-
ping each requirement to the subset corresponding to its cov-
ering test cases. We suppose that each requirement is cov-
ered by at least one test case, i.e., ∀i ∈ {1, . . . , n}, cov(Ri) 6=
∅. An example with 3 test cases and 7 test requirements is
given in Table 1, where 1 denotes that the requirement is
covered by the corresponding test case, and 0 denotes the
opposite. Given T , R and cov, an RTS T ′ is a test suite
T ′ ⊆ T such that ∀i,∃t ∈ T ′ and t ∈ cov(Ri), meaning that
each requirement is covered by at least one test case from
T ′. If Card(S) denotes the cardinality of the set S, an RTS
T ′ such that card(T ′) is minimal, is an MCS.

Table 1: Coverage of test requirements by test cases

R1 R2 R3 R4 R5 R6 R7

T1 1 1 0 1 0 0 1

T2 1 0 0 0 0 1 0

T3 0 0 1 1 1 1 0

2.2 Flow Network
A flow network is an oriented graph G = (V,A) where

each arc (u, v) ∈ A is associated with a capacity c(u, v) ≥ 0.
Every flow network contains two special vertices: the source
s and the sink t, and for each v ∈ V there exists a path from
s to t traversing v (connexity). A feasible flow (or flow in
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short) in G is a function f : V × V → R that associates to
each arc (u, v) a real value f(u, v) such that the following
laws are satisfied:

1. Capacity constraints:
∀(u, v) ∈ A, 0 ≤ f(u, v) ≤ c(u, v);

2. Flow conservation law:
∀u ∈ V \ {s, t},

∑
v∈V f(v, u) =

∑
w∈V f(u,w).

Provided that there is no incoming arc to the source s,
the value of a flow, noted |f | is equal to

∑
v∈V f(s, v). The

maximum flow problem aims at finding a flow f∗ with a
maximum value. In general, there are several flows with
maximum value and computing a maximum flow is done
using the Ford-Fulkerson method [7]. The Ford-Fulkerson
method is based on the residual graph Gf associated with
a given flow f , and the computation of augmenting paths
[7, 6]. In brief, the method iteratively increases the value of
a given feasible flow by finding an augmenting path within
the residual graph associated with this flow. The key-point
of the method is exhibited by the following procedure:

Input: G, s, t
Output: Maximum flow f∗

Initialize f to 0;
while There exists an augmenting path p in the residual
network Gf do

Increase flow f along p;
end
return f

There are several variants of this method, e.g., the Edmo-
nds-Karp algorithm, with different complexities. For the ap-
proach presented in this paper, any of these algorithms can
be employed. Finally, an important result of the network
flow theory for our approach is the following: For any flow
network, if the capacities are integers, then any flow value
(including the maximum) is an integer [6]. This also applies
to the flow values on arcs. This property is crucial when en-
coding a test suite reduction, because it explains why every
computation can be performed on variables of integer type.

2.3 Bipartite Graph
A bipartite graph is a graph G = (V,A) where V is par-

titioned in two subsets: L and R (i.e., L ∪ R = V and
L∩R = ∅), with arcs between L and R only. Figure 1 illus-
trates a bipartite graph for the test suite reduction problem
in Table 1.

3. THE FLOWER APPROACH
In this section we present how to encode a test suite re-

duction as a network maximum flow problem. We show the
equivalence between maximum flows and RTS, and how to
compute an MCS for a test suite reduction problem. Fur-
ther, we review the complexity analysis of the entire ap-
proach.

3.1 Encoding Test Suite Reduction with a Flow
Network

We encode a test suite reduction with a bipartite graph
G = (V,A) augmented with a source node S and a destina-
tion node D. Formally speaking, V = R ∪ T ∪ {S,D} and
there is an arc (u, v), u ∈ R, v ∈ T iff v ∈ cov(u). For each

R1

R2

R3

R4

R5

R6

T1

T2

T3

R7

Test requirements Test cases

Figure 1: Bipartite graph for test suite reduction

arc (u, v) in the bipartite graph, we add an integer capacity
c(u, v) as follows:

1. For any arc (u, v) from S to Ri, we add c(u, v) = 1;

2. For any arc (u, v) from Ri to Tj , we add c(u, v) = 1;

3. For any arc (u, v) from Tj to D, we add c(u, v) =∑
w∈T c(w, u).

For any maximum flow in G, Item 1 enforces the coverage of
all requirements, Item 2 encodes the values of the cov func-
tion, while Item 3 encodes the various possible selections of
test cases. Figure 2 illustrates the network flow G associated
with the test suite reduction problem in Table 1.
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0/1 0/1

0/1

0/1

0/1

0/1

0/1

Figure 2: Flow network with 3 test cases covering
7 test requirements. Flow value and capacity are
denoted as l/c on each arc. Here, a trivial feasible
flow is presented with value |f | = 0.

3.2 Finding a Representative Test Suite Using
Maximum Flows

The following theorem is essential to link a test suite re-
duction to a network maximum flow:
Theorem 1 Let G be the network flow associated with a test
suite reduction problem. A representative test suite (RTS)
is equivalent to a maximum flow in G.

To demonstrate the above theorem, we will use the fol-
lowing three properties that we prove equivalent:
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1. f is a maximum flow in G;

2. |f | = n, where n is the number of requirements;

3. T , composed of the vertices t such that f(t,D) 6= 0, is
an RTS.

Proof.
(1 =⇒ 2) For any flow f , ∀i ∈ {1, . . . , n}, f(S,Ri) ≤
c(S,Ri) = 1. Therefore, |f | ≤ n. Proving that there ex-
ists a feasible flow f of value n would show that |f | ≥ n
as well. Consider the maximum flow f where each ∀u ∈
R, f(S, u) = 1. It is a feasible flow because each requirement
is covered by at least one test case, and thus the flow conser-
vation law from S to D is preserved, i.e.,

∑
w∈T f(w,D) =∑

u∈R f(u, t) =
∑

u∈R f(S, u). Accordingly, all the capacity
constraints are satisfied. Therefore, |f | = n.
(2 =⇒ 3) If |f | = n then

∑
w∈T f(w,D) = n and T is the

set of test cases t for which f(t,D) 6= 0
(3 =⇒ 1) Consider the flow f associated with the subset
T of test cases t for which f(t,D) 6= 0. Let us prove that
f is actually a maximum flow. As T is an RTS, it means
that all requirements are covered. Thus,

∑
t∈T f(r, T ) =∑

u∈R f(S, u) ≤
∑

u∈R c(S, u) = n, where n is the number
of requirements. As f has reached all the capacity values on
arcs from the source S to R, then f is maximum.

As the result, for any maximum flow f , the subset of test
cases T ′ ⊆ T such that f∗(t,D) 6= 0, is an RTS, what
concludes the proof of Theorem 1.

Figure 2 illustrates a test reduction problem encoded as
an augmented bipartite graph G. G is directed from S to
D, with l/c values assigned to all arcs. In Figure 2, l = 0 for
all arcs, meaning that the flow is feasible but not maximum.
Maximum flows, as shown in Figure 3, correspond to various
solutions of the RTS problem. More precisely, the maximum
flow values on arcs give us the RTS, i.e., the subset of a
test suite that covers all test requirements. For example, a
maximum flow 〈S−R1−T1−D;S−R2−T1−D;S−R3−
T3−D;S−R4−T1−D;S−R5−T3−D;S−R6−T2−D;S−
R7−T1−D〉 is associated with the set {T1, T2, T3} because
none of the flow values on arc from Ti to D are null. This
solution is useless as it does not provide any reduction of the
original test suite. However, as illustrated in Fig. 3, there
are 8 possible maximum flows in G and two of them exhibit
optimal reduction, i.e., consist of only two test cases. Our
goal is then to search among maximum flows for the flow
that maximizes the number of zeros on the arcs from T to
D.

3.3 Finding a Minimal-Cardinality Subset
In this section, we prove a theorem that links the Minimum-

Cardinality Subset to the search among maximum network
flows. We also describe the practical labelling search proce-
dure used to search among maximum flows.

Let the critical branches be the final arcs of the bipartite
graph, namely the 〈Ti−D〉 arcs, and critical values the val-

ues of the flow on these arcs. For any flow f , let qf1 , . . . , q
f
m

be the critical values associated to f on m critical branches,
and let n be the number of requirements. Proved in the pre-
vious section, the following property holds: For any maxi-

mum flow f∗,
∑

i∈1..m qf
∗

i = n. This property is crucial to
prove the following theorem, which contains the essence of
the FLOWER approach:
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Figure 3: Feasible solutions (maximum flows in a
graph) for the MCS problem with 3 test cases cov-
ering 7 test requirements.

Theorem 2 A maximum flow f∗ such that the number
of critical branches with zero flow is maximum, represents a
Minimal-Cardinality Subset (MCS), and conversely.

Proof. Theorem 2 states that if Cardi∈1..m({qf
∗

i s.t.qf
∗

i =
0}) is maximum then the RTS corresponding to f∗ forms
the MCS. According to the above mentioned property,∑

i∈1..m qf
∗

i = n. Therefore, by duality, it means that

Cardi∈1..m({qf
∗

i s. t. qf
∗

i 6= 0}) is the minimum. Then,
considering the RTS T associated to f∗, we get that T is
of minimum cardinality, and is thus the MCS. Conversely,
there is no smaller set T included in the MCS and there-
fore, the number of zero flows in the maximum flow f∗ is
maximized.

Theorem 2 ensures both the correctness and completeness
of the FLOWER method by bridging two separate domains,
namely Software Testing and Network Flow Theory. How-
ever, the Theorem is not constructive, as it says nothing
about how to find an MCS. Actually, finding an MCS re-
quires searching among maximum flows. Conveniently, the
Ford-Fulkerson method [7] can be combined with a label-
ing procedure, which is an incremental assignment process
of values to variables. The overall search space formed by
the various maximum flows can be explored through the
assignment one-by-one of the critical values of the bipar-
tite graph. In the example in Figure 3, labelling variables
T1, T2, T3 permit us to explore all the maximum flows in
a flow network. One way to explore the search space is
to assign all variables at once, e.g., searching for the solu-
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tions with 3 values assigned to T1, T2, T3. Another more
subtle way is to start by assigning a value to one of the
variables and propagating this assignment throughout the
flow network, by backtracking until the last assignment, if
a contradiction is found, and repeat the assignment pro-
cess until all variables are assigned. In the example, giv-
ing value 0 to T1 would lead to contradiction, because the
requirement R2 cannot be covered any more. In fact, de-
pending on the order of critical branches, the labeling pro-
cedure selects a branch and a value, propagates the value
through the flow network and evaluates the number of zeros
in the remaining critical branches. If the number of zeros
is less than the current value, the procedure backtracks to
the branch/value selection and makes another choice. Prop-
agating a choice through the flow network means pushing
values for the other flows, depending on the initial choice.
This process is well-known in Discrete Optimization under
the terminology branch-and-bound.

3.4 Multi-objective Test Suite Reduction
In a basic form, test suite reduction aims to retain the re-

quirements coverage of the original test suite while reducing
the overall number of test cases. However, there is often a
need in practice to consider multiple objectives in test reduc-
tion, such as fault detection capabilities, test execution time
or code coverage, which can all be considered as alternative
priorities. FLOWER supports multi-objective test suite re-
duction, with test requirements coverage as a primary objec-
tive and test fault-detection data as a secondary objective,
similarly to the idea that the authors have explored previ-
ously [17]. After all MCSs have been computed, secondary
objectives are considered to propose the solution with the
best fault detection rate. This is handled by exploring the
capacity constraints that encode priorities instead of values
1 in the bipartite graph encoding the test suite reduction.
Leveraging the cost-based solving procedures [20], MCSs are
considered one-by-one to evaluate their fault detection capa-
bilities (or alternatively, test execution time, code coverage,
or other priorities relevant for users). In this way, FLOWER
provides an MCS that is optimal with respect to test suite
size, taking into account fault-detection capability. A draw-
back of this approach is that well-balanced solutions (not
necessarily optimal in terms of test suite size) may not be
found by FLOWER. On the other hand, the advantage is
that it encodes a simple and efficient priority-based scheme
for addressing multi-objective optimization.

3.5 Complexity Analysis
The Ford-Fulkerson method is available in several varia-

tions, i.e., algorithms with distinct complexity classes. The
algorithm selected in FLOWER is a classical one based on
the residual graph and augmented paths. Its asymptotic
time-complexity to compute the maximum flow is known to
be O(a∗|f |) in the worst case, where a is the number of arcs
in the bipartite graph and |f | is the flow value. In the con-
text of RTS, we already know that |f | is equal to the number
of requirements. Therefore, the complexity is O(a∗n) where
n is the number of requirements. However, the “costly” part
of the FLOWER approach is the search among maximum
flows. This procedure is exponential in time as a backtrack-
ing procedure may explore all the possible values for critical
branches in the worst case. As there are as many critical
branches as test cases, the worst-case complexity of this la-

belling process is O(nm), where m is the number of test
cases. Note that, as the Ford-Fulkerson is launched every
time a choice on a critical branch and critical value is made,
the overall complexity is O(a ∗ nm+1). This result is not
surprising as finding an MCS is NP-complete problem.

Although FLOWER may lead to a combinatorial explo-
sion in the worst case, our experiments show that it scales
up to the problems of industrial size. Complexity analy-
sis of other approaches used for solving the same problem
indicates that the ILP approach in the worst-case is simi-
larly exponential in the number of test cases m [6]. This
problem can however be approximated by polynomial algo-
rithms, using greedy approaches. The greedy approach we
implemented for the purpose of comparative evaluation is
of complexity O(m ∗ log(m) + 2 ∗ m ∗ n). We detail this
implementation in the next section.

4. FLOWER IMPLEMENTATION
FLOWER tool is implemented in SICStus Prolog, using

the clpfd library [3]. This library embeds the constraint
solver over finite domains variables, i.e., variables that have
a domain of finite integer values. Using this solver allows
us to encode the relations between test cases and require-
ments directly as domain constraints. For example, the
bipartite graph in Figure 1 is encoded in FLOWER as:
R1 ∈ {1, 2}, R2 = 1, R3 = 3, R4 ∈ {1, 3}, R5 = 3, R6 ∈
{2, 3}, R7 = 1. Using this encoding automatically removes
test requirements that are covered by a single test case (e.g.,
R2 is assigned to 1) and includes the corresponding test
case in the solution set (e.g., T1). In this example, the re-
lation is composed of only 3 requirement variables, because
R2, R3, R5 and R7 are already assigned. This is a simple en-
coding of the problem using finite domain constraints, but
still very efficient.

The Ford-Fulkerson algorithm is interfaced with FLOWER
through the filtering procedure of the global-cardinality con-
straint [20]. This constraint is denoted
global_cardinality([X1, ..., Xd], [K1 − V 1, ...,Kn − V n])
or gcc in short. In this formulation, the Xi are integers or
domain variables, and [K1 − V 1, ...,Kn − V n] is a list of
pairs where each key Ki is a unique integer and V i is a do-
main variable or an integer. The constraint enforces that Xi
is equal to some key and for each pair Ki− V i, exactly V i
elements of [X1, ..., Xd] are equal to Ki. Referring to Sec-
tion 3, V i represents a critical value of the critical branch in
the corresponding bipartite graph. Therefore, encoding the
search for a maximal flow in a bipartite graph is realized by
the following call
gcc([R1, ..., Rn], [1 − V 1, ...m − V m]), where Ri represents
the variables associated to the test requirements and V i rep-
resents the critical values in the maximal flow solution set.
For example, the problem in Figure 1 is encoded using the
following call:
gcc([R1, 1, 3, R4, 3, R6, 1], [1 − V 1, 2 − V 2, 3 − V 3]) where
V 1 ∈ {0, .., 4}, V 2 ∈ {0, 1, 2}, V 3 ∈ {0, .., 4}.

In addition to the gcc constraint, a branch-and-bound
procedure is implemented in clpfd. The objective func-
tion is the number of zeros in the list [V 1, .., V m], so that
maximizing this function reduces to the minimization of the
test suite. This procedure is combined with a labeling pro-
cess over the V i (i.e., the critical values), which incremen-
tally assigns the values for the V i in specific order. Several
heuristics control which branch and value should be selected
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first. Each time a V i is selected for assignment, the objec-
tive function is evaluated and its current value recorded.
When selecting other values for the same V i or a different
variable, if the number of zeros is lower than the current
recorded number, then all the remaining search space to be
explored with this value is just discarded. For evaluating
the objective function in FLOWER, we maintain a finite
domain variable that is bounded to the number of zeros.

This branch-and-bound procedure is time-aware, also kno-
wn as an anytime algorithm [31], meaning that a given con-
tract of time is allocated by the user beforehand. In fact,
most of the time a candidate optimum is proposed very
quickly and the rest of the time is spent proving that this
is actually the optimum. Therefore, allocating a contract of
time permits us to obtain an optimum, and control the time
allocated to the proof. This is particularly useful to control
the search when several problems have to be solved or very
large instances are considered.

For encoding problems to solve, we defined specific in-
put/output formats that are processed in FLOWER by build-
ing appropriate data structures. Note that the management
of bipartite graph is handled directly by the filtering algo-
rithm of the gcc constraint.

5. EXPERIMENTAL EVALUATION
In this section we present the experimental study per-

formed to evaluate FLOWER. First, we study time effec-
tiveness of FLOWER in computing an MCS for a large
set of test suite reduction problems. Second, we study how
well FLOWER performs in terms of the size of reduced test
suites. We compare FLOWER with our own implementa-
tions of an ILP model and a simple greedy approach, using
descriptions from the literature [2, 5].

The research questions evaluated in this study are:

• RQ1: Is FLOWER time-effective in computing an
MCS compared to the ILP and greedy approaches?

• RQ2: Does FLOWER achieve better test suite reduc-
tion rate compared to the ILP and greedy approaches?

5.1 Experiment Subjects
We evaluated FLOWER on a set of 2000 randomly gen-

erated TSR problems, specified as a test suite with a set
of test requirements and an association defining which test
cases satisfy which test requirements. The size of the test
suites in the TSR problems ranges from 20 to 1000 test cases,
and the number of test requirements from 20 to 5000 re-
quirements. The problems were generated as 20 sets of 100
problems each. The problems in a set have the same test
suite size and the same number of test requirements satis-
fied by the suite. They differ in the number of requirements
satisfied by each test case and their assignment to a test
case. An important aspect to consider when generating TSR
problems is the number of test requirements associated with
one test case. This property of a TSR problem affects the
time performance of the TSR process. To take into account
this factor and evaluate different TSR problems, the num-
ber of test requirements associated with one test case in our
experimental subjects varies from 1 to the total number of
test requirements in a test suite. Table 2 provides summary
information about the test subjects used in the experiment.

Supplementary to the evaluation on synthetic subjects,
we assessed FLOWER on five subjects representing the test

suites used to test industrial video-communication config-
urable systems. These subjects were selected as the most
representative suites from the test database, which contains
several tens of suites, mainly similar in size. The test sub-
jects vary from 30 to 59 requirements and from 90 to 107
test cases, with 3 to 11 requirements covered by one test case
in average and a standard deviation from 1.1 to 1.5. The
suites in a test database are specified manually and as they
evolve over time, very often they contain test cases covering
the requirements covered by other test cases in the suite. To
reduce testing effort and support cost-effective testing, such
test suites need to be reduced to their minimal size. Table
3 summarizes information about the real subjects.

5.2 Experiment Setup
The goal of the study is to evaluate the effectiveness of

FLOWER in obtaining the MCS for the considered experi-
ment subjects in terms of (1) time to compute the MCS and
(2) size of the reduced test suite. To do this, we compare
FLOWER with the ILP and the greedy approaches. First,
we compare the time taken by FLOWER with the time re-
quired by the ILP and greedy. Next we compare the size of
the reduced test suite obtained by FLOWER with the size
of the suite given by the ILP and greedy.

For the purpose of evaluation, we implemented the ILP
model using clpq [11], a linear constraint solver over the
rationals. The solver is based on classical techniques such
as the Fourier elimination, the simplex algorithm and the
branch-and-bound procedure for integer problems. The ILP
model for optimal test suite reduction encodes the selection
of each test case with a 0 − 1 variable and each associa-
tion of a requirement to a test case with a linear inequality.
Minimizing the number of test cases requires minimizing the
linear sum expressions over all 0−1 variables. For the same
purpose, we implemented a greedy approach as follows: test
cases are first sorted by increasing order of requirements cov-
erage using quicksort. Next, an iterative procedure selects
one by one a test case until all the requirements are covered
at least once.

We conducted our experimental study as follows: First,
for each test subject, we ran FLOWER, the ILP and greedy
models and measured the time to compute an MCS; Second,
we measured the size of the reduced test suites computed
by the three approaches. The experiments were run on Intel
Core i7-2929XM CPU at 2.5 GHz with 16 GB RAM.

Table 3: Real experiment subjects with an average
number of test requirements covered by a test case
(rounded to nearest) and a standard deviation.

Res1 Res2 Res3 Res4 Res5

Num. of test req. 59 59 50 35 30

Num. of test cases 107 90 93 100 100

Coverage 6 7 3 5 11

Deviation 1.2 1.2 1.5 1.1 1.2

5.3 Results and Analysis
This section presents and discusses the results of our ex-

perimental study, in order to answer RQ1 and RQ2.
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Table 2: Experiment subjects: ES is a set of 100 test suite reduction problems that have the same test suite
size and the same number of test requirements satisfied by the suite.

ES1 ES2 ES3 ES4 ES5 ES6 ES7 ES8 ES9 ES10

Number of test requirements 50 250 350 500 200 50 100 20 50 100

Number of test cases 20 20 30 30 40 50 50 100 300 500

ES11 ES12 ES13 ES14 ES15 ES16 ES17 ES18 ES19 ES20

Number of test requirements 400 400 450 500 500 1000 2000 3000 4000 5000

Number of test cases 200 1000 300 250 300 500 200 500 1000 1000

5.3.1 Time Effectiveness
To answer RQ1, we analysed the time taken by FLOWER,

the ILP model and greedy model to compute the MCS for
2000 experimental subjects in Table 2. The data indicated
that FLOWER and the greedy approach were able to find
the solution for all considered subjects, while the ILP ap-
proach was not able to compute the solution for more com-
plex problems ES9-ES20 in reasonable time. The results
showed that the performance of FLOWER and the greedy
approach is fairly similar across all subjects. FLOWER took
in average between 20% and 30% more time than the greedy
approach. However, the ILP model exhibits a significant in-
crease in running time as the size of the problems grows. In
particular, for the simplest problems ES1 and ES2, the ILP
model required up to 16 seconds in the worst case to find
the MCS, while FLOWER took 0.047 seconds in the worst
case for the same problems. For the ES6, the worst-case
running time for the ILP model was 465 seconds, while for
ES7 it went up to 700 seconds, compared to 1.504 seconds in
a worst case for FLOWER for the same problems. For the
complex test suite reduction problems ES9-ES20, the ILP
was not able to compute the solution after more than 700
seconds of running. On the contrary, FLOWER was very
quick in solving those problems, it reduced the problems
containing 3000 requirements covered by the set of 500 test
cases in less than 1 minute on average. Figure 4 shows rela-
tive difference between the time taken by FLOWER and the
greedy model on average, for 15 sets consisting of 100 ran-
domly generated subjects. The results are in favour of the
greedy model, showing that the greedy model consistently
outperforms FLOWER in terms of time.

We explain the difference in the performance between
FLOWER and the ILP model by the properties of the re-
duction problem. Our experimental results show that the
number of test cases in a suite has the largest impact on
the ILP model running time. As this number increases,
the overall search space, which is a T -dimension convex
polyhedron, where T is the number of test cases, increases
as well. On the contrary, FLOWER is less affected by
the increase of a number of test cases in a suite, as it en-
codes the coverage relation using a sparse representation
(e.g., R1 is covered by T2 and T5 is encoded in FLOWER
as variable R1 has domain {2, 5}, while it is encoded as
0 ∗ B1 + 1 ∗ B2 + 0 ∗ B3 + 0 ∗ B4 + 1 ∗ B5 + ... ≥ 1 where
B1, B2, ... are boolean variables in the ILP model). For E4,
E5 and E7 subjects, a poor performance of the ILP model
is due to the combination of bigger test suites and a larger
number of test requirements.

In summary, the results of the experiment show that FLO-
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Figure 4: Relative difference in time between
FLOWER and the greedy model.

WER consistently provides faster test suite reduction com-
paring to the ILP model. For the subjects E1-E8, FLOWER
was able to compute the MCS for all subjects in less than
1.504 seconds, while the ILP model took ∼700 seconds in the
worst case. In particular, FLOWER showed to outperform
the ILP model in terms of the time needed to find the solu-
tion by 15− 3000 times. These results show that FLOWER
is time-efficient approach to test suite reduction.

5.3.2 Size of the Reduced Test Suites
To answer RQ2, we analysed the reduction rate for FLO-

WER, the ILP and greedy models, as the number of test
cases eliminated from the test suite being reduced. We com-
pared the reduction rate of these three approaches across
2000 experiment subjects (given in Table 2). The results
showed that FLOWER and the ILP model achieved identical
reduction rate for the considered subjects, while the greedy
approach performed worse. Figure 5 presents the distribu-
tion of reduction rate in percentage for 7 sets of subjects
E1-E7 for FLOWER and the greedy model, in the form of
a boxplot. The subjects were grouped in 7 groups by the
number of test cases and the number of test requirements
per test case. In the boxplot, each ES group is represented
with two boxes: the left box illustrates the percentage of
reduction rate for FLOWER and the right box illustrates
the same for the greedy model. As the results show, the
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difference in the reduction rate between FLOWER and the
greedy approach is consistent across the considered experi-
ment subjects and is within the range of 5% to 15%, to the
advantage of FLOWER. This experimental study positively
answers the RQ2. It demonstrates that FLOWER is effec-
tive in reducing the test suites, producing the size-equivalent
solutions as the ILP model and consistently smaller solutions
than the greedy model.

Figure 5: The distribution of the percentage of test
suite reduction for FLOWER (left box) and the
greedy model (right box).

5.3.3 Real Use Cases
We observed similar performance of FLOWER compared

to the ILP and greedy models when applied in real uses
cases, as when applied to the synthetic subjects. In terms
of time needed to find the solution, FLOWER consistently
takes 30% more time on average than the greedy model and
outperforms the ILP model. The worst-case running time for
all five experiment subjects for FLOWER is 0.109 seconds,
and for the greedy model and the ILP model 0.05 seconds
and 2.132 seconds respectively. Detailed experimental re-
sults are presented in Figure 6. In terms of ability to reduce
the size of test suites, FLOWER performs exactly as the
ILP model for all five subjects, while the greedy model gives
from 10% to 15% bigger solution test suites than FLOWER
and the ILP model. Figure 7 shows the experimental results.

5.4 Threats to Validity
A threat to external validity of our experimental results

may be that the considered subjects are not sufficiently rep-
resentative. To address this threat, we generated the sub-
jects by varying some factors, e.g., the size of the test suite
or the number of test requirements. In addition, we used
5 subjects from a real software application. A threat to
conclusion validity may be the randomness in the subjects.
To address this threat, we used a large number of sub-
jects, which increases our confidence in the results. Another
threat to validity of our experimental results relates our
own implementations of both the ILP model and the greedy
approach, which may not contain optimisation techniques
used in other implementations. We intentionally compared
FLOWER against the two other models, within a single and
totally similar environment (i.e., SICStus Prolog) to allow
fair comparison for all used randomly-generated subjects
and real cases. In particular, subjects generated at ran-
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Figure 6: Comparison of time to compute solutions
for FLOWER, the ILP and the greedy model.
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Figure 7: Percentage of a test-suite size reduction
for FLOWER, the ILP and the greedy model.

dom within two distinct environments, even if they share the
same characteristics, can have different requirements cover-
age properties (different average number of covered require-
ments by a test case). In our case, the three approaches
are evaluated on the same random samples. In addition,
we observe that existing implementations of ILP or greedy
methods use a combination of different techniques, such as
preprocessing and heuristics, what makes a fair comparison
with a new proposed technique more difficult. However, even
if the results show improvements over our ILP and greedy
approach implementations, we consider that these results
cannot be generalized without comparison with more spe-
cialized and optimized versions of these approaches. More
experiments with optimized implementations of ILP and
greedy approaches are needed to confirm the results.

6. RELATED WORK
Substantial research has been done to address the test

suite reduction problem. In addition to this problem, authors
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have also considered test suite prioritization techniques in
regression testing and experimental studies [10, 19, 24, 22,
30, 25]. Generally speaking, test-suite reduction techniques
can be classified in two groups: greedy approaches [24, 13,
14] and exact methods [12, 2, 4, 9].
Greedy approaches. Early work on selecting test cases to
cover test requirements is reported by Chvatal [5]. It is a
classical approximation approach for the minimum set-cover
problem based on a greedy heuristic. The heuristic suggests
selecting first the test case that covers the most of uncovered
requirements and repeats the process until all requirements
are covered at least once. Cormen analysed and reported
the upper bound on the distance to the true minimum given
by this heuristic in the worst case [6]. The limitation of
Chvatal’s and similar greedy approaches is that the reduced
test suite may contain redundant test cases. Harrold et al.
proposed a technique that outperforms [5] in terms of so-
lution size, by approximating the computation of minimum
cardinality hitting sets [10]. However, the experimental eval-
uation confined to less than a few tens of test cases and re-
quirements. A variation of the greedy approach to test suite
reduction is presented in [19] where, instead of using a fixed
test case ordering, the authors proposed different orderings.
Agrawal specialized the technique to handle the coverage
of statements and branches in the test suite [1]. Similarly,
Marre and Bertolino proposed to formulate test suite min-
imisation as a problem of finding a spanning set over a graph
[18]. In their approach, the SUT structure is represented
by a decision-to-decision graph (ddgraph). The results of a
data-flow analysis are mapped on the ddgraph for testing re-
quirements and the test suite minimisation is treated as the
problem of finding the minimal spanning set. However, these
approaches are primarily based on a code-level structural
coverage and exploit only the implications among coverage
requirements. Tallam and Gupta presented a new test suite
reduction greedy approach, called the Delayed-Greedy tech-
nique [24], which iteratively exploits implications among test
cases and requirements to prune the minimized test suite.
Jeffrey and Gupta extended this approach by retaining test
cases which improve a fault-detection capability of the test
suite [14]. Comparing to [10], the approach produces bigger
solutions, but with higher fault detection effectiveness. The
shortcoming of all these approaches is that they compute
approximated solutions and cannot offer any guaranty on
the minimality of the test suite.
Exact approaches. Black et al. were among the first to
propose an exact technique able to compute true optimal so-
lutions to the test suite reduction problem [2]. The approach
is based on ILP and a bi-criteria decision making analysis.
Similarly, another ILP-based approach was proposed, called
MINTS, [12] that considers several criteria in test suite re-
duction. This technique extends [2] by comparing differ-
ent heuristics for a multi-criteria ILP formulation, such as
weighted sum, prioritized optimisation or hybridation. Nev-
ertheless, the general limitation of ILP is the early expo-
nential time blow-up to determine the true minimum, which
exposes the technique to serious limitations even for small
problems. In the context of software product lines optimiza-
tion, an alternative approach has been proposed by Uzun-
caova et al. in [25], using SAT or SMT solvers1. The general
principle of this approach is to encode the test suite reduc-

1SAT: Boolean Satisfability, SMT: Satisf. Modulo Theories

tion problem as a boolean formula that can be evaluated
and manipulated by the SAT or SMT solver. The consider-
able recent improvements made on these solvers makes this
approach very promising. Similarly, the approach coined by
Salecker et al. [23] encodes the problem with Binary De-
cision Diagrams and uses traditional transformation algo-
rithms to find an optimal order over the variables to reduce
the test suite. To compromise the shortcomings of ILP, Chen
et al. proposed a degraded ILP approach, called DILP, that
calculates a lower bound of a minimum test suite and then
searches a small test suite close to the lower bound [4]. Hao
proposes another ILP-based approach to test suite reduction
that allows setting upper limits on the loss of fault-detection
capability in test suite reduction [9]. In [26], the authors
propose using search-based algorithms to find optimal so-
lutions of a multi-objective test suite optimization problem.
By comparing several algorithms for 5 different criteria, they
observe that random-weighted multi-objective optimization
is the most efficient approach. However, this approach as-
signs weights at random, meaning actually that no priority
can be established between the criteria.
The test suite reduction approach presented in this paper is
based on Network Flow Theory. To the best of our knowl-
edge, the encoding of an optimal test suite reduction prob-
lem as a search problem among maximum flows in a net-
work flow is novel. This is an exact approach computing
minimum-size solutions to test suite reduction problems. We
have not compared FLOWER with all the previously men-
tioned models and optimizations, but we compared it with
an ILP model and a greedy approach, which are the most
relevant techniques.

7. CONCLUSION
This paper introduces FLOWER, a novel approach to

test-suite reduction based on network maximum flows. Given
a test suite T and a set of test requirements R, FLOWER
identifies a minimal set of test cases which maintains the
coverage of test requirements. The approach encodes the
problem with a bipartite directed graph and computes a
minimum cardinality subset of T that covers R as a search
among maximum flows, using the classical Ford-Fulkerson
algorithm in combination with efficient constraint program-
ming techniques. We evaluated FLOWER on a set of 2005
test suite reduction problems, by comparing it to our own
implementations of an Integer Linear Programming (ILP)
model and a simple greedy approach. The results demon-
strate that FLOWER outperforms ILP by 15− 3000 times,
in terms of the time needed to find the solution. At the same
time, FLOWER obtains the same reduction rate as ILP, be-
cause both approaches compute optimal solutions. When
compared to the simple greedy approach, FLOWER takes
on average 30% more time and produces from 5% to 15%
smaller test suites. These initial results show that FLOWER
is a promising approach to test suite reduction for practical
applications, but also to motivate further research. In fu-
ture work, we plan to perform extensive empirical studies of
FLOWER for multi-objective test suite reduction. We will
consider fault detection capability of a test suite, test exe-
cution time, and costs associated with test execution setup
as reduction objectives. We will perform the evaluation on
case studies from industrial applications. We also plan to
compare FLOWER to other existing solutions for optimal
test suite reduction.
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