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Abstract. The Minimum Weakly Connected Dominating Set Problem (MWCDSP)
seeks the smallest weakly connected dominating set (WCDS) on an undirected
connected graph where each vertex is either in the WCDS or a neighbor of at least
one node in the set, and also each node in the WCDS is at a maximum distance of
two hops from at least one other node in the set. MWCDSP is aNP-hard problem.
The MWCDSP has applications in network design and wireless communication.
This paper proposes a greedy randomized heuristic to obtain near-optimal so-
lutions with very low computational cost. The method is evaluated on multiple
instances and compared with state-of-the-art approaches self-stabilizing algorithm
(SMWCDS), the Memetic Algorithm (MA) and the Greedy Randomized Adap-
tive Search Procedure (GRASP). The experimental results demonstrate that the
proposed approach outperforms SMWCDS in both the best and average cases
across all instances, and when compared to MA and GRASP, it achieves better
or equal performance on small and medium instances, while on large instances,
both metaheuristics outperform it due to their broader search capability, but at
the cost of higher computation time. The proposed heuristic is simple, fast and
effective, making it well-suited for scenarios that require quick and reasonably
good solutions under limited computational resources.

Keywords: Combinatorial optimization, Minimum weakly connected dominat-
ing set problem, NP-hard problem, Greedy heuristic

1 Introduction

Let G = (V,E) be an undirected connected graph. The set V contains all nodes and
E contains all edges. A set of vertices is said to be a dominating set if each vertex in
the graph is either a member of the set or adjacent to at least one vertex in the set.
Mathematically, the dominating set is defined as follows.

D𝑠𝑒𝑡 ⊆ G (1)

∀𝑢 ∈ V, 𝑢 ∈ D𝑆𝑒𝑡 ∨ ∃𝑣 ∈ D𝑆𝑒𝑡 such that (𝑢, 𝑣) ∈ E (2)
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A dominating set D𝑠𝑒𝑡 is called a connected dominating set (CDS) if all vertices in
D𝑠𝑒𝑡 are mutually reachable within the subgraph induced by the set. This implies that
a path exists between any two vertices within D𝑠𝑒𝑡 . Thus, the vertices in D𝑠𝑒𝑡 not only
dominate the graph but also form a single connected component. Equation (3) describes
the connected dominating set. It follows that each vertex is either part of the dominating
set or is within one hop of at least one dominating vertex. Formally, the CDS is defined
as:

(∀𝑢 ∈ V, 𝑢 ∈ D𝑠𝑒𝑡 ∨ ∃𝑣 ∈ D𝑠𝑒𝑡 : (𝑢, 𝑣) ∈ E)
∧ (∀𝑢, 𝑣 ∈ D𝑠𝑒𝑡 ), ∃ a path from 𝑢 to 𝑣 entirely in D𝑠𝑒𝑡 (3)

WCDS relaxes the connectivity requirement compared to CDS. A set D𝑠𝑒𝑡 forms a
weakly connected dominating set (WCDS) if it dominates the graph and the vertices in
the set satisfy the condition that each vertex is either adjacent to another vertex in the
set or separated by no more than two hops from some vertex in D𝑠𝑒𝑡 . The objective is
to find a weakly connected dominating set with minimum number of vertices. We use
the notation ℎ𝑜𝑝(𝑢, 𝑣) to denote the distance (in hops) between nodes 𝑢 and 𝑣:

– ℎ𝑜𝑝(𝑢, 𝑣) = 1 means 𝑢 and 𝑣 are direct neighbors.
– ℎ𝑜𝑝(𝑢, 𝑣) = 2 means 𝑢 and 𝑣 are two hops apart.

In this work, we primarily consider hop distances of at most two. Equation (4) describes
that for any given node in the WCDS, either the node is at one hop or two hop distance
of any other node in the D𝑠𝑒𝑡 . The MWCDS can be formally defined as follows:

(∀𝑢 ∈ V, 𝑢 ∈ D𝑠𝑒𝑡 ∨ ∃𝑣 ∈ D𝑠𝑒𝑡 : (𝑢, 𝑣) ∈ E)
∧(∀𝑢 ∈ D𝑠𝑒𝑡 , ∃𝑣 ∈ D𝑠𝑒𝑡 : 𝑣 ≠ 𝑢∧ ℎ𝑜𝑝(𝑢, 𝑣) ≤ 2) (4)

The utility of an MWCDS stems from its dual functionality, it not only covers all
nodes in the graph, but it also simplifies network management. Due to its fundamental
properties, an MWCDS typically consists of fewer critical (dominating) nodes, allowing
efficient network control with minimal overhead. It has been established that the task of
computing a minimum weakly connected dominating set isNP-hard [9]. This challenge
is compounded by the fact that real-world networks are dynamic and constantly evolving.

Formally, a subgraph 𝑆𝑤 induced by a dominating set 𝑊 is defined as 𝑆𝑤 = (N[𝑊],
𝐸∩(𝑊 ×N [𝑊]), whereN[𝑊] includes nodes in 𝑊 and their one-hop neighbors. Set 𝑊
is weakly connected if 𝑆𝑤 forms a connected subgraph. Thus, our objective reduces to
finding a WCDS 𝑊 of minimum cardinality.

The concept of MWCDS was first introduced by Dunbar et al. in 1997 [9]. Since
then, WCDS has been widely applied in clustering strategies for distributed sensor
networks [11] and mobile ad hoc networks [8,12,20]. Research by Yu et al. [27] suggests
that a WCDS includes lesser nodes than a CDS while being no more computationally
challenging to compute, making it an efficient alternative for clustering. Studies by Han
et al. [12] further demonstrate its effectiveness in cluster formation, while Pathan et al.
[20] and Du et al. [8] highlight its utility in reducing cluster head density and addressing
secure clustering challenges in distributed sensor networks.

The minimum weakly connected dominating set problem in general graphs is known
to be NP-hard [9]. Researchers have thoroughly investigated the difficulty in finding
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MWCDSP on various kinds of graphs [7,9,22,24], underscoring its theoretical signif-
icance. To address this challenge, self-stabilizing algorithms have been developed to
efficiently construct MWCDS in connected graphs. In [6], Ding et al. developed a self-
stabilizing solution for this problem that terminates in O(𝑛) steps for an 𝑛-node network.
However, applying such methods to complex networks—which often contain multiple
locally optimal solutions—remains difficult. Recently, Niu et al. [18] introduced a self-
stabilizing memetic algorithm (MA) for MWCDSP, leveraging the algorithm SMWCDS
to refine infeasible solutions during the search process.

While heuristics and exact algorithms have been extensively applied to variants
of the dominating set problems [13,15,19,1,16] in real-world graphs. The GRASP ap-
proach, put forward by Feo and Resende in 1989, has been widely used to obtain
near-optimal solutions in combinatorial optimization [19,21,23,5,10,15,26]. Heuristic
techniques addressing related optimization problems—including the minimum weight
dominating set [3], the dominating tree problem [3], and the MWCDSP [17]—also offer
valuable perspectives. These advancements motivate the development of more efficient
heuristics and metaheuristics for high-quality solutions. We propose an efficient greedy
randomized heuristic for MWCDSP, building upon the heuristic introduced in [2]. The
proposed approach leverages the principle of weak connectivity while prioritizing nodes
that maximize coverage. A purely greedy approach may get stuck in poor solutions, so
we added measures to avoid this problem. The proposed method selects a dominating
node based on its potential to cover the maximum number of its one-hop neighbors. To
avoid local optima, it incorporates randomness by choosing a node from a set of high-
potential candidates. The computational experiments on test instances demonstrate the
effectiveness of our heuristic compared to IBM CPLEX Solver, the memetic algorithm
(MA) [18], GRASP [17] (the current best-performing approach), and the SMWCDS [6].

The layout of paper: Section 2 introduces details of the problem definition and integer
linear programming (ILP) formulation for MWCDSP. Section 3 outlined the suggested
heuristic framework. Section 4 discusses the performance and analysis of the proposed
approach on different sets of instances. Finally, Section 5 provides a conclusion to the
paper, recaps the key contributions, and identifies future research prospects.

2 Problem Definition

This section presents the MWCDSP formulation as outlined in [17]. Consider a con-
nected, undirected graph G = (V,E), with vertex set V and edge set E. Let N𝑖 (𝑣)
denote the set of nodes inV that are exactly 𝑖 hops away from node 𝑣. We define E𝑤𝑒𝑎𝑘

as an adjacency matrix representing edges that connect nodes in V such that for any
node 𝑢 ∈ V, E𝑤𝑒𝑎𝑘 includes connections to nodes in N2 (𝑣). For every pair of vertices
in the graph (𝑢, 𝑣) ∈ V, E𝑤𝑒𝑎𝑘 [𝑢, 𝑣] is 1 if an edge exists between vertices 𝑢 and 𝑣,
and 0 otherwise. S = {𝑒1, 𝑒2, . . . , 𝑒𝑘} (where ∀𝑒𝑖 ⊆ E𝑤𝑒𝑎𝑘) denote a candidate solution
set. 𝑥𝑢𝑣 is a binary decision variable that equals 1 if the edge between nodes 𝑢 and 𝑣 is
selected in the solution, and 0 otherwise. The binary variable 𝑦𝑡 is defined such that it
takes the value 1 when vertex 𝑡 is selected in the solution, and 0 otherwise. The ILP of
the problem is mentioned below:
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minF (S) = 1+
∑︁

(𝑢,𝑣) ∈V
𝑥𝑢𝑣 (5)

subject to,

𝑥𝑢𝑣 ≤ E𝑤𝑒𝑎𝑘 [𝑢, 𝑣],∀𝑢, 𝑣 ∈ V (6a)
𝑥𝑢𝑣 = 𝑥𝑣𝑢,∀𝑢, 𝑣 ∈ V (6b)

𝑦𝑢 + 𝑦𝑣 ≥ 2× 𝑥𝑢𝑣 ,∀𝑢, 𝑣 ∈ V (6c)∑︁
𝑢,𝑣∈S

𝑥𝑢𝑣 ≤ |S| −1,S ⊂ V&
∑︁

𝑢,𝑣∈S
E𝑤𝑒𝑎𝑘 [𝑢, 𝑣] > |S| −1

&|S| ≤ UB (6d)∑︁
𝑢,𝑣∈V

𝑥𝑢𝑣 =
∑︁
𝑡∈V

𝑦𝑡 −1 (6e)∑︁
𝑡∈N[𝑣 ]

𝑦𝑡 ≥ 1,∀𝑣 ∈ V (6f)

The objective function in Equation (5) minimizes the total number of vertices in-
cluded in the WCDS. The corresponding spanning tree is composed of edges with
𝑥𝑢𝑣 = 1. For a connected graph, the vertex count can be derived by adding one to the
total number of edges present in its spanning tree, as established in Equation (5). The
Constraints Equations (6a) to (6f) guarantee that all selected edges in the solution belong
to E𝑤𝑒𝑎𝑘 , and that the solution satisfies the connectivity and domination requirements.

The third constraint, Equation (6c), ensures the connectivity of vertices in an optimal
solution, ensuring that each selected edge includes its corresponding end vertices. Con-
straints Equation (6d) and Equation (6e) employ a minimum spanning tree formulation
to guarantee a valid tree-based solution. Unlike [25], our formulation introduces two
additional subset-selection criteria in Equation (6d).

A solution is a valid MWCDS only if it satisfies all the constraints, including cycle
elimination, which requires

∑
{𝑢,𝑣}∈S E𝑤𝑒𝑎𝑘 [𝑢, 𝑣] > |S| −1 for any subset S ⊆ V, and

a cardinality bound that restricts the size to |S| ≤ UB (UB denoted a upper bound).

3 Proposed Heuristic

This section presents a greedy randomized heuristic algorithm, called GrH, inspired by
[3,2,4]. The closed neighborhood search strategy is based on two principles. It permits
non-dominating nodes that are already covered to be candidates for the dominating set,
as a node with a higher degree can be more competent than a white node, potentially
yielding a better solution. Furthermore, it dynamically updates the neighborhood count
of non-dominating nodes after each iteration to ensure an accurate assessment of their
selection potential in the future course of selection.

GrH combines greedy selection with guided randomized exploration. This greedy
mechanism prioritizes nodes that can cover the greatest number of vertices, with the
goal of minimizing the cardinality of the resulting set, while randomization introduces
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diversity for efficient search space exploration. The algorithm executes as follows. Firstly,
it randomly selects a vertex 𝑣 ∈W𝑛 as a dominating node. It then updates node states:
setting color(𝑣) = BLACK and color(𝑢) = GREY for all 𝑢 ∈ ON(𝑣). The node 𝑣 is removed
from the working graph, W𝑛 =W𝑛 \ {𝑣}, and added to the dominating set Dset =

Dset∪ {𝑣}.
For each remaining vertex 𝑣, we compute its potential setPset (𝑣) as all white vertices

within 2 hops:Pset (𝑣) = {𝑢 ∈V | color(𝑢) = WHITE∧𝑑 (𝑢, 𝑣) ≤ 2}, whereON(𝑣) denotes
𝑣’s neighborhood and 𝑑 (𝑢, 𝑣) represents the distance between 𝑢 and 𝑣.

P𝑠𝑒𝑡 =
{
𝑢𝑖 ∈ Δ𝑛

���� 𝑓 (𝑢𝑖) = max
𝑢 𝑗 ∈Δ𝑛

𝑓 (𝑢 𝑗 )
}
,

where 𝑓 (𝑢 𝑗 ) =NC(𝑢 𝑗 ) −
��ON(𝑢 𝑗 ) ∩D𝑠𝑒𝑡

�� (7)

Following the initial random node selection, our algorithm constructs a candidate set
P𝑠𝑒𝑡 that guides subsequent dominating nodes selection. This set construction represents
a key innovation in our heuristic approach.

The process begins by creating Δ𝑛, which contains all WHITE nodes within two
hops of the current dominating node. This dynamic set evolves as new dominating
nodes are incorporated into the solution. P𝑠𝑒𝑡 is derived from Δ𝑛 by selecting nodes
whose one-hop neighborhoods contain the maximum number of WHITE nodes. The
selection mechanism incorporates a greedy strategy, prioritizing nodes that cover the
most uncovered (WHITE) nodes. However, to maintain diversity in the search process,
Algorithm 1 introduces randomness by selecting the next dominating node uniformly at
random from a potential setP𝑠𝑒𝑡 . This balanced approach combines greedy optimization
with stochastic exploration.

The complete mathematical formulation of this process appears in Equation (7),
which precisely defines the set construction and selection criteria.

The neighbor count NC(𝑣) represents the number of one-hop neighbors for vertex
𝑣. Our selection process identifies the next dominating node by choosing the vertex
with maximum potential, where potential is measured as the count of adjacent WHITE
nodes. The algorithm executes through successive iterations. First, it selects the node 𝑣∗
from P𝑠𝑒𝑡 that maximizes NC(𝑣). Then, it updates node colors: the selected node 𝑣∗

becomes BLACK while nodes in ON(𝑣∗) turn GREY. Finally, these dominated nodes are
removed from the working setW𝑛. This procedure continues untilW𝑛 becomes empty,
at which point all nodes have been recolored either BLACK (dominating nodes) or GREY
(dominated nodes). The result is a valid WCDS. The complete procedure is formally
described in Algorithm 1, which includes an example (Figure 2) demonstrating the node
selection mechanism.

Algorithm 1 processes an input graphW𝑛 =V, where V = 𝑣1, . . . , 𝑣𝑛 denotes the
vertex set. Each vertex is assigned one of three color states: WHITE (unprocessed),
GREY (dominated), or BLACK (dominating). Initialization involves three steps: First, all
vertices inW𝑛 (visualized in Figure 1(a)) are set to WHITE. Second, the dominating set
D𝑠𝑒𝑡 is initialized as empty. Third, the candidate set P𝑠𝑒𝑡 is likewise initialized empty.
The algorithm proceeds iteratively, with each execution performing three key actions:
selecting candidate vertices based on maximal coverage of WHITE neighbors, updating
colors to reflect domination status (GREY for dominated, BLACK for dominator), and
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Algorithm 1 Pseudo-code of Proposed Heuristic (GrH)
Initialization:

1: W𝑛←V; ⊲ All nodes are WHITE (unprocessed)
2: D𝑠𝑒𝑡 ← ∅; ⊲ Initialize dominating set
3: Δ𝑛← ∅; ⊲ Track 2-hop neighborhood

First Node Selection:
4: 𝑣← RandomSelect(W𝑛); ⊲ Pick a random seed node
5: D𝑠𝑒𝑡 ←D𝑠𝑒𝑡 ∪ {𝑣}; ⊲ Add to dominating set
6: Mark 𝑣 as BLACK; ⊲ Mark as dominator
7: W𝑛←W𝑛 \ {𝑣}; ⊲ Remove from unprocessed set
8: Dℎ← {𝑢 | 𝑢 ∈ ON}; ⊲ Immediate neighbors of 𝑣
9: W𝑛←W𝑛 \Dℎ; ⊲ Remove neighbors from unprocessed

10: Mark all 𝑢 ∈ Dℎ GREY; ⊲ Mark neighbors as dominated
11: Δ𝑛←N2 (D𝑠𝑒𝑡 ); ⊲ Initialize 2-hop neighborhood

Main Loop (Greedy Selection):
12: whileW𝑛 ≠ ∅ do; ⊲ While unprocessed nodes remain
13: P𝑠𝑒𝑡 ← Apply Equation (7) ; ⊲ Select candidate nodes
14: 𝑣← RandomSelect(P𝑠𝑒𝑡 ); ⊲ Break ties randomly
15: D𝑠𝑒𝑡 ←D𝑠𝑒𝑡 ∪ {𝑣}; ⊲ Add to dominating set
16: Mark 𝑣 BLACK; ⊲ Mark as dominator
17: W𝑛←W𝑛 \ {𝑣}; ⊲ Remove from unprocessed
18: Dℎ← {𝑢 | 𝑢 ∈ ON(𝑣) ∩W𝑛}; ⊲ New WHITE neighbors
19: W𝑛←W𝑛 \Dℎ; ⊲ Mark them as processed
20: Color all 𝑢 ∈ Dℎ GREY; ⊲ Dominated nodes
21: Δ𝑛← Δ𝑛 \ {𝑣∪Dℎ}; ⊲ Update neighborhood
22: Δ𝑛← Δ𝑛 ∪ (N2 (𝑣) \D𝑠𝑒𝑡 ) ∩W𝑛; ⊲ Add new 2-hop neighbors
23: end while

Output:
24: return D𝑠𝑒𝑡 ; ⊲ Return the computed dominating set

expandingD𝑠𝑒𝑡 while preserving solution feasibility. This process continues untilD𝑠𝑒𝑡

meets all criteria for a valid WCDS. The initialization phase begins with the random
selection of vertex 𝑣13 via Algorithm 1, which is included in the empty dominating
set D𝑠𝑒𝑡 . The algorithm then executes two color updates: 𝑣13 is marked BLACK as a
dominating node, while its immediate neighbors 𝑣12, 𝑣10, 𝑣11, 𝑣7, and 𝑣14 are marked
GREY to indicate their dominated status, as visualized in Figure 1(b). Following this
assignment, the algorithm removes both 𝑣13 and its neighbors from the working graph
W𝑛. The subsequent step involves computing the potential for each remaining vertex
using two criteria: (1) membership in the two-hop neighborhood of 𝑣13, and (2) current
WHITE status. These potentials are calculated according to Equation (7), which quantifies
each vertex’s coverage capability.

The algorithm selects vertex 𝑣2 from the remaining graphW𝑛 = {𝑣0, 𝑣1, 𝑣4, 𝑣5, 𝑣3, 𝑣8, 𝑣9}
based on its maximal potential. Upon selection, 𝑣2 is colored BLACK as a dominating
node, while its neighbors {𝑣1, 𝑣6, 𝑣3} are marked GREY and removed fromW𝑛, as illus-
trated in Figure 1(c). For cases of equal potential among vertices, the algorithm employs
random selection. First, from equally potential vertices {𝑣9, 𝑣5, 𝑣8}, 𝑣5 is randomly cho-
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sen - marked BLACK with neighbor 𝑣4 updated to GREY (Figure 1(d)). Next, among
remaining equal-potential vertices {𝑣9, 𝑣8, 𝑣0}, 𝑣9 becomes the subsequent dominating
node (BLACK) with corresponding neighborhood updates shown in Figure 1(e). Finally,
𝑣8 is selected from the remaining candidates, completing the dominating set formation
as shown in Figure 1(f).

The final stage, in Figure 1(f), constructs a single remaining WHITE vertex 𝑣0
within the two-hop neighborhood N2 of the current dominating set. The algorithm
completes by marking 𝑣0 as BLACK and adding it to the solution set, producing the
final WCDS D𝑠𝑒𝑡 = {𝑣13, 𝑣2, 𝑣5, 𝑣9, 𝑣8, 𝑣0}. The complete construction process, illus-
trated in Figures 1(b) to 1(g), demonstrates two key aspects through red dotted lines:
the sequence of dominating node selections and the formation of the weakly induced
subgraph G𝑤𝑒𝑎𝑘 as shown in Figure 1(h). This subgraph is formally defined as the
pair G𝑤𝑒𝑎𝑘 = (V𝑑𝑜𝑚,E𝑤𝑒𝑎𝑘), where V𝑑𝑜𝑚 =

⋃
𝑑∈D𝑠𝑒𝑡

N[𝑑] represents the union of
closed neighborhoods of all dominating nodes, and E𝑤𝑒𝑎𝑘 = E∩

(⋃
𝑑∈D𝑠𝑒𝑡

{𝑑}×N [𝑑]
)

captures the induced edges between dominators and their neighbors.
Figure 1(h) depicts the final solution where the green arrows indicate the WCDS

of the graph G. For comparison, the SMWCDS [6] operates differently: it begins by
randomly selecting an initial root vertex, then in subsequent iterations chooses vertices
at exactly two-hop distance from the root to form the dominating set. When applied
to small graphs like our test case, both heuristics may coincidentally select identical
vertices due to the limited node count. However, two key distinctions emerge from
the algorithm: First, our approach incorporates inherent randomness in node selection
throughout the process, not just in initialization. Second, our selection criteria consider
both neighborhood coverage and vertex potential. The worst-case time complexity the
algorithm is O(|V|2Δ+ |V|Δ2).

The improved version of the algorithm, called GrH-ImP, modifies the selection pro-
cess by continuously updating the information it uses. After every selection, it updates
the neighborhood count for all non-dominating nodes. Then, as described by Equa-
tion (7), any of these updated nodes can become a candidate for the next dominating
node, ensuring decision-making in any given scenario.

4 Computational Results

We compare the computational performance of the proposed method with the state-of-
the-art approaches SMWCDS[6], MA[18], and GRASP[17]. The proposed heuristic,
GrH, implementation uses C language compiled with gcc 11.4.0 under -O3 flag
optimization. The experimental evaluation was performed on an Ubuntu 22.04 LTS
platform featuring a 12th-Gen Intel® Core™ i7-12700 processor (2.10 GHz base
frequency, 25MB cache) and 32GB DDR4 RAM. For performance evaluation, the
approaches used four standard test instances: Random UDG 1, common UDG [14,15],
LPNMR’092 and NDR3 graphs. The description of all test instances is outlined in
Table 1.

1 https://github.com/niudd304/GRASP_WCDS
2 https://dtai.cs.kuleuven.be/events/ASP-competition/encodings.shtml
3 https://networkrepository.com/networks.php

https://github.com/niudd304/GRASP_WCDS
https://dtai.cs.kuleuven.be/events/ASP-competition/encodings.shtml
https://networkrepository.com/networks.php
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(a) Input graph. Initially, all
nodes are colored WHITE
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(b) Node 𝑣13 is selected ran-
domly
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(c) Node 𝑣2 is selected using
the heuristic GrH
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(d) Node 𝑣5 is selected using
heuristic GrH
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(e) Node 𝑣9 is selected using
the heuristic GrH
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(f) Node 𝑣8 is selected using
the heuristic GrH
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(g) Remaining node 𝑣0 is se-
lected using heuristic GrH
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(h) Induced graph E𝑤𝑒𝑎𝑘 =

E ∩ (D𝑠𝑒𝑡 ×N [Dset])

Fig. 1: Demonstrates the construction of D𝑠𝑒𝑡 and selection of dominating node using
Equation (7)

Table 1: Summary of Graph Test Instances
Graph Set Instances Nodes (Range) Edges (Range)
Random UDG 24 (R1 to R24) 15–30 18–49
Common UDG 41 (C1 to C41) 80–400 262–1880
LPNMR’09 9 (L1 to L9) 40–150 200–500
NDR 24 (N1 to N24) 100–21498 300–459277

The execution time varied significantly across algorithms. While MA and GRASP
were limited to a fixed 300 seconds timeout per instance, SMWCDS completed in less
than 0.01s. The GrH and GrH-ImP algorithms were even faster, averaging under 0.001s.

The subsequent subsections report the computation results and compare the perfor-
mance analysis of the proposed heuristics with the considered approaches.
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Figures 2 to 8 visually compare the percentage improvement by the proposed GrH
heuristic over SMWCDS, MA, and GRASP algorithms. Each figure plots the percentage
of improvement in the solution quality of the best case (%𝐵𝑒𝑠𝑡) and the average case
(%𝐴𝑣𝑔.) in all the test instances. In the figures, the abscissa enumerates the test instance,
while the ordinate quantifies the relative improvement percentage, calculated as:

%Improvement =
𝑄𝑟𝑒 𝑓 −𝑄 {GrH, GrH-ImP}

𝑄𝑟𝑒 𝑓

×100

where 𝑄GrH and 𝑄GrH-ImP denote the quality of the solution (best or average) of our
heuristic, and 𝑄𝑟𝑒 𝑓 represents the corresponding value of the reference algorithm.
The positive values demonstrate GrH’s superior performance, with greater magnitudes
indicating more significant improvements.

4.1 Comparative results of GrH with SMWCDS, MA, and GRASP on Common
UDG Graph Test instances

Figure 2 shows that GrH delivers superior performance over SMWCDS, with improve-
ments of 8.33% to 25% in terms of %𝐵𝑒𝑠𝑡 solutions across various instances. For
(%𝐴𝑣𝑔.) solutions, GrH achieves gains of 9.09% to 31.82% on several instances while
matching SMWCDS on some instances. These results highlight GrH’s consistency and
significant advantage.
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Fig. 2: Comparison of %𝐵𝑒𝑠𝑡 and %𝐴𝑣𝑔. results between GrH and SMWCDS on
Random UDG Graph.

Across the 24 test instances in Figure 3, GrH matches MA in the best solutions
(%𝐵𝑒𝑠𝑡). For the percentage of average solutions (%𝐴𝑣𝑔.), GrH delivers identical results
to MA on instances 80-15-15, 80-15-18, and 150-30-30, while remaining competitive
on the remaining instances.

Compared to GRASP, GrH shows significant improvement of 15.38% and 14.29%
in %𝐵𝑒𝑠𝑡 on instances 150-30-28 and 100-20-23, respectively. It also outperforms
GRASP by margins ranging from 9.09% to 14.29% on several other instances. In terms
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of %𝐴𝑣𝑔. performance, GrH surpasses GRASP on instances 100-20-23, 150-30-27,
and 150-30-28, while delivering comparable results on the remaining instances.
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Fig. 3: Comparison of GrH, MA, and GRASP across instances in terms of %𝐵𝑒𝑠𝑡 and
%𝐴𝑣𝑔. on Random UDG Graph.

4.2 Comparative results of GrH with SMWCDS, MA, and GRASP on
LPNMR’09 Test instances

The comparative results for the LPNMR’09 test set are presented in Figure 4. Graph
demonstrates the performance edge of proposed heuristic (GrH) over the SMWCDS
against the best and average solutions across nearly all test instances.

Specifically, for the best-found solutions (%𝐵𝑒𝑠𝑡), GrH achieves a performance
improvement ranging from 11.11% to over 40% for all instances except L4. Regarding
the average solution quality (%𝐴𝑣𝑔.), the heuristic shows substantial improvements,
exceeding 38.05%, 37.11%, and 36.17% over SMWCDS for most instances.
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Fig. 4: Comparison of %𝐵𝑒𝑠𝑡 and %𝐴𝑣𝑔. results for GrH, MA and GRASP on LP-
NMR’09 test instances.
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In contrast, a comparison with the MA and GRASP metaheuristics reveals a different
outcome. As illustrated in Figure 4, GrH exhibits no discernible improvement over either
MA or GRASP in terms of both %𝐵𝑒𝑠𝑡 and %𝐴𝑣𝑔. solution values across all instances.

4.3 Comparative results of GrH with SMWCDS, MA, and GRASP on Common
UDG graph Test instances

Upon evaluating the performance of GrH against the SMWCDS algorithm on the
Common UDG graph Test instances, the results demonstrate that GrH performs better
in both the Best (%𝐵𝑒𝑠𝑡) and Average (%𝐴𝑣𝑔.) solution quality in almost all test cases,
with only a single exception. The improvement in %𝐵𝑒𝑠𝑡 solutions exceeds 21.43%
in one specific instance, while in other cases the enhancement falls within 18.89%
to 5.56% improvement range. Similarly, for %𝐴𝑣𝑔. solutions, the performance gains
are particularly significant in some instances with improvements surpassing 27.93%,
while most test cases show consistent enhancements of approximately 14% to 21%.
These comparative results against SMWCDS are presented in Figure 5. However, when
comparing GrH with both MA and GRASP algorithms on these same test instances,
the proposed heuristic shows relatively weaker performance. This comparative analysis
against MA and GRASP is illustrated in Figure 6.
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Fig. 5: Comparison of %𝐵𝑒𝑠𝑡 and %𝐴𝑣𝑔. results of GrH and SMWCDS across instances
of Common UDG Graph.

Figure 4 to Figure 8 demonstrates that GrH struggles when compared to both MA
and GRASP in terms of both %𝐵𝑒𝑠𝑡 and %𝐴𝑣𝑔. solution quality. This performance
difference stems from fundamental algorithmic distinctions: MA and GRASP employ
iterative solution generation through multiple execution runs, while GrH operates as a
single-pass heuristic producing just one solution per instance. The repeated sampling
and refinement capability of MA and GRASP enables them to explore the solution space
more thoroughly, leading to better average-case and best-case outcomes at the cost of
greater computational overhead.
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Fig. 6: Comparison of the %𝐵𝑒𝑠𝑡 and %𝐴𝑣𝑔. results of GrH, MA, and GRASP across
instances of the Common UDG graph.

4.4 Comparative results of GrH with SMWCDS, MA, and GRASP on NDR
graph Test instances

For NDR graph test instances the results are presented in Figures 7 and 8. In terms
of percentage improvement, the proposed approach GrH achieves a 3.77% to 37.72%
improvement across all instances compared to the %𝐵𝑒𝑠𝑡 solutions of SMWCDS, and
a 4.81%–41.56% improvement compared to the %𝐴𝑣𝑔. solutions, as shown in Fig-
ure 7. In Figure 8, when compared with MA, our method demonstrates an improvement
of 3.73%–18.47% on six instances for %𝐵𝑒𝑠𝑡 solutions, and 4.26% to 18.51% on
six instances for %𝐴𝑣𝑔. solutions. Against GRASP, the proposed approach achieves
a 6.77%–8.28% improvement on two instances for %𝐴𝑣𝑔. solutions. However, the
heuristic performance, while competitive, does not significantly exceed that of MA and
GRASP for the remaining instances.
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Fig. 7: Comparison of %𝐵𝑒𝑠𝑡 and %𝐴𝑣𝑔. results of GrH and GrH-ImP over SMWCDS
and NDR Graph.
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When the improvement operator is applied to the proposed heuristic GrH on the
NDR graph instances, it exhibits only minimal improvement due to the greedy nature of
the approach and its limited search space. Specifically, it achieves a 1.04% better %𝐵𝑒𝑠𝑡

result on one instance and matches another instance compared to GRASP, while the
%𝐴𝑣𝑔. improvement ranges from 5.78% to 19.64% across two instances. In contrast,
the NDR graph’s larger instances and structural complexity provide a broader search
space, enabling greater potential for improvement. Notably, while MA and GRASP are
metaheuristics, the proposed method is a heuristic-based approach and the execution
timeout per instance is 300 seconds.
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Fig. 8: Comparison of %𝐵𝑒𝑠𝑡 and %𝐴𝑣𝑔. results of GrH and GrH-ImP over MA and
GRASP on NDR graph.

4.5 Some other observations from the computational results

GRASP performs better than most existing methods, mainly due to its thorough lo-
cal search strategy. However, this carries the penalty of longer execution time. When
comparing our proposed approach (GrH) with SMWCDS, GrH delivers better results
in both the best and average cases (see Figure 5 and Figure 7). However, GrH does
not outperform metaheuristic approaches such as MA and GRASP (Figure 6) on many
instances, which is expected since GrH is a simpler heuristic. Still, in some cases, such
as instances (2000-300-230) to (2000-300-260) GrH comes close to GRASP’s perfor-
mance. This suggests that combining GrH with a metaheuristic framework could further
improve its searching capabilities.

On NDR graphs (Figure 8), GrH performs similarly to SMWCDS in most of the
instances and even slightly better than MA and GRASP over four instances. However,
there are still cases where its search efficiency could be improved.

Overall, GrH shows great potential, especially for large instances. Future improve-
ments could include the strategies discussed in Section 5.



14 K.K. Ojha, T. Hemaliya and S.N. Chaurasia

5 Conclusion and Future Direction

The experimental results demonstrate that a balanced integration of greedy and random-
ized strategies can effectively address the MWCDSP, consistently yielding high-quality
solutions. The core principle underlying this approach lies in the deliberate combina-
tion of these two complementary strategies, greedy and random, which, when applied
strategically, improve both exploitation and exploration within the search space. By
randomly selecting nodes from the predefined candidate set P𝑠𝑒𝑡 , the algorithm intro-
duces diversity, thereby escaping premature convergence, while the construction of P𝑠𝑒𝑡
itself ensures that the search remains guided toward promising regions of the solution
space. This careful tradeoff between randomness and greediness not only improves so-
lution quality but also mitigates the risk of premature convergence, which is a common
challenge in combinatorial optimization problems.

The future research could explore the incorporation of advanced metaheuristic tech-
niques such as Evolutionary Algorithm with Guided Mutation, hyper-heuristics, and
deep reinforcement learning (DRL) to further refine the algorithm’s performance. This
would help the algorithm handle larger problems and find near-optimal solutions across a
wider range of test cases. Using probabilistic models, automatic heuristic selection, and
neural network-based decisions, future studies may discover new ways to solve complex
rule-based problems more efficiently.
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