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Abstract
When swarm intelligence heuristic algorithms solve the Discounted {0-1} Knap-
sack Problem (D{0-1}KP), some repair and optimization strategy is required
to transform abnormal encoding individuals into encoding individuals that sat-
isfy the solution constraints, in order to improve solution efficiency and quality.
Based on the concept of item set value density, and taking the Particle Swarm
Optimization (PSO) algorithm as an example, a set of item set-based greedy
repair and optimization methods (Group Greedy Repair and Optimization Al-
gorithm, GGROA) is proposed, and the PSO-GGRDKP algorithm (PSO based
GGROA for solving D{0-1}KP) is further constructed to investigate the fea-
sibility and performance of the GGROA method. PSO-NGROADKP (PSO
based NGROA for solving D{0-1}KP) and PSO-GRDKP (PSO based GROA
for solving D{0-1}KP) are particle swarm algorithms based on the item greedy
repair and optimization method. Experimental results on the D{0-1}KP stan-
dard dataset demonstrate that, compared with PSO-NGROADKP and PSO-
GRDKP, the PSO-GGRDKP algorithm has a slightly higher solution error rate,
but its time performance is improved by 13.8% and 12.9%, respectively.
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Abstract: When swarm intelligence heuristic algorithms solve the Discounted
{0-1} Knapsack Problem (D{0-1}KP), repair and optimization strategies are
required to convert abnormal coding individuals into feasible solutions that sat-
isfy constraint conditions, thereby improving solution efficiency and quality.
Building upon the concept of group value density, this paper proposes a set of
group-based greedy repair and optimization methods (GGROA) using the Parti-
cle Swarm Optimization (PSO) algorithm as a case study. We further construct
the PSO-GGRDKP algorithm (PSO based GGROA for solving D{0-1}KP) to
investigate the feasibility and performance of the GGROA approach.

PSO-NGROADKP (PSO based NGROA for solving D{0-1}KP) and PSO-
GRDKP (PSO based GROA for solving D{0-1}KP) are PSO algorithms
based on item-level greedy repair and optimization methods. Experimental
results on standard D{0-1}KP datasets demonstrate that compared with
PSO-NGROADKP and PSO-GRDKP, the PSO-GGRDKP algorithm exhibits
slightly higher solution error rates but achieves time performance improvements
of 13.8% and 12.9%, respectively.

Keywords: Discounted {0-1} Knapsack Problem; heuristic algorithm; particle
swarm optimization algorithm; abnormal coding individual; greedy repair and
optimization; D{0-1}KP dataset

0 Introduction
The {0-1} Knapsack Problem ({0-1}KP) is a fundamental NP-complete prob-
lem in computer science and a classic combinatorial optimization problem with
widespread applications in commerce, economics, management, and security.
Over the decades since its introduction, {0-1}KP has been extensively studied,
giving rise to two major algorithmic categories: exact algorithms and approxi-
mation algorithms. Exact algorithms include dynamic programming, backtrack-
ing, and branch-and-bound methods, while approximation algorithms primarily
encompass randomized algorithms, approximation schemes, and bio-inspired al-
gorithms. In 2005, Guder first proposed the Discounted {0-1} Knapsack Prob-
lem (D{0-1}KP) as an extension of {0-1}KP. This problem serves as a classical
mathematical model for characterizing commercial phenomena such as discount
sales and bundled promotions, providing scientific computational foundations
for merchants to design marketing strategies and for consumers to make pur-
chasing decisions.

A D{0-1}KP instance consists of a set of item groups, with each group containing
three items available for selection. Definition 1 presents the first mathematical
model of D{0-1}KP.

Definition 1. First Mathematical Model of D{0-1}KP [3]: Given 𝑛 item
groups and a knapsack with capacity 𝐶, each group 𝐼𝑖 comprises three items.
Let 𝑤3𝑖+𝑗 and 𝑝3𝑖+𝑗 denote the weight and value coefficients of item 𝑗 in group
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𝑖, respectively, where 𝑗 ∈ {0, 1, 2}. The value density of each item is defined
as 𝑒3𝑖+𝑗 = 𝑝3𝑖+𝑗/𝑤3𝑖+𝑗. At most one item can be selected from each group for
inclusion in the knapsack. Under the constraint that the total weight does not
exceed capacity 𝐶, the objective is to select items from the given groups to
maximize the sum of their value coefficients.

All parameters are positive integers, with 𝑖 ∈ {0, 1, … , 𝑛 − 1}. D{0-1}KP is a
special integer programming problem. Define decision variables 𝑥3𝑖+𝑗 ∈ {0, 1},
where 𝑥3𝑖+𝑗 = 1 indicates that item 𝑗 in group 𝑖 is included in the knapsack, and
𝑥3𝑖+𝑗 = 0 otherwise. For a decision vector x = (𝑥0, 𝑥1, … , 𝑥3𝑛−1), the integer
programming formulation of D{0-1}KP is:

max 𝑓(x) =
𝑛−1
∑
𝑖=0

(𝑝3𝑖𝑥3𝑖 + 𝑝3𝑖+1𝑥3𝑖+1 + 𝑝3𝑖+2𝑥3𝑖+2) (1)

s.t.
𝑛−1
∑
𝑖=0

(𝑤3𝑖𝑥3𝑖 + 𝑤3𝑖+1𝑥3𝑖+1 + 𝑤3𝑖+2𝑥3𝑖+2) ≤ 𝐶 (2)

𝑥3𝑖 + 𝑥3𝑖+1 + 𝑥3𝑖+2 ≤ 1, 𝑖 = 0, 1, … , 𝑛 − 1 (3)
𝑥3𝑖+𝑗 ∈ {0, 1}, 𝑖 = 0, 1, … , 𝑛 − 1, 𝑗 = 0, 1, 2 (4)

Each item group in D{0-1}KP has four possible selection states. When the
knapsack capacity and item value coefficients have large ranges, determining
the constraint conditions for not selecting a particular item becomes challeng-
ing, making D{0-1}KP algorithmically more difficult than {0-1}KP. Building
upon {0-1}KP research, scholars have investigated various algorithms for D{0-
1}KP. The Basic Dynamic Programming (BDP) algorithm [5] provides exact
solutions for small-scale instances. In 2016, He Yichao et al. [4] constructed a
dynamic programming objective function based on the principle of “minimizing
total weight for a given sum of selected item values,” proposing a New Exact
algorithm for D{0-1}KP (NE-DKP). When the knapsack capacity exceeds the
cumulative sum of the third-item values across all groups, NE-DKP outperforms
BDP. However, dynamic programming algorithms have pseudo-polynomial time
complexity and are generally unsuitable for large-scale D{0-1}KP instances.

Swarm intelligence heuristic algorithms have become mainstream approaches
for solving D{0-1}KP in recent years, demonstrating outstanding performance
advantages for large-scale instances. When designing heuristic algorithms using
the first mathematical model of D{0-1}KP, decision vectors x with different
value combinations correspond to different individuals. Although this binary
encoding facilitates the implementation of evolutionary operators, the proba-
bility of abnormal coding individuals (i.e., individuals whose encodings do not
correspond to feasible solutions) in the search space is at least 1 − (4/7)𝑛 due
to constraints (2) and (3). Consequently, repair and optimization strategies are
necessary to convert abnormal coding individuals into feasible solutions, thereby
improving solution efficiency and quality. Michalewicz [6], He Yichao [3,4], and
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other scholars have proposed greedy repair and optimization strategies that ef-
fectively eliminate abnormal coding individuals. In their study of D{0-1}KP
particle swarm algorithms, He Yichao et al. [4] proved that only four possi-
ble relationships exist among the value-to-weight ratios of three items within a
given group. Leveraging this property, they proposed the GR-DKP (Greedy Re-
pair Algorithm for D{0-1}KP) and designed the PSO-GRDKP algorithm (PSO
based Greedy Repair Algorithm for solving D{0-1}KP) [4]. In their research
on the First Genetic Algorithm (FirEGA) for D{0-1}KP [3], they also proposed
the GROA (Greedy Repair and Optimization Algorithm). Both GROA and GR-
DKP select items greedily based on non-increasing item value density, choosing
the item with maximum value density when multiple items in a group are se-
lected. Yang Yang et al. further optimized GROA, constructing the NGROA
(New Greedy Repair and Optimization Algorithm) [7], which also selects items
based on non-increasing item value density but chooses the item with maximum
value in the group when multiple items are selected. Their research applying
NGROA to NFirEGA (New First Genetic Algorithm) demonstrated improved
solution quality for D{0-1}KP. More recently, literature [8] defined the concept
of group value density and proposed a greedy selection strategy based on non-
increasing group value density, selecting the item with maximum value density
that satisfies solution constraints when multiple items in a group are chosen.

The time complexity of the aforementioned greedy repair and optimization algo-
rithms [3-8] is 𝑂(𝑛 log 𝑛). Most researchers have adopted the GROA algorithm
from [3] to design various heuristic evolutionary algorithms for D{0-1}KP, in-
cluding differential evolution (DE) [9], Mutated Double Codes Binary Bat Algo-
rithm (MDBBA) [10], Monarch Butterfly Optimization with Differential Evolu-
tion (DEMBO) [11], Moth Search Algorithm (MS) [12], Lagrange Interpolation
based Learning Monkey Algorithm (LSTMA) [13], Ring Theory Based Evolu-
tionary Algorithm (RTEA) [14], and Discrete Hybrid Teaching-Learning based
Optimization Algorithm (HTLBO) [15]. These studies typically use FirEGA
[3] and basic heuristic algorithms as baselines, comparing solution quality and
convergence speed to demonstrate algorithmic performance.

In research employing the first mathematical model and GROA algorithm for
D{0-1}KP heuristics [10,11,14], experimental results in [10] show that on UDKP
and SDKP instances, the Double Codes Binary Bat Algorithm (DBBA) exhibits
worse solution quality than FirEGA, while on IDKP and WDKP instances,
DBBA performs better. The Monarch Butterfly Optimization (MBO) algorithm
yields significantly worse results than FirEGA across best, mean, and worst
evaluation metrics [11]. The PSO-GRDKP algorithm demonstrates superior so-
lution accuracy and stability compared to FirEGA [14]. These findings indicate
that different heuristic algorithms employing the same class of greedy repair
and optimization methods exhibit varying performance. Based on the group
value density concept [8], this paper constructs a set of group-based greedy
repair and optimization methods and investigates their feasibility and perfor-
mance, further discussing the adaptability relationship between greedy repair
methods and data instance types. To avoid algorithmic differences confounding
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the research, we use the particle swarm algorithm as a case study to construct
D{0-1}KP solution algorithms.

1.1 Binary Particle Swarm Optimization Algorithm
Kennedy and Eberhart proposed the standard Particle Swarm Optimization
(PSO) algorithm in 1995 through their study of bird flock foraging behavior [16].
Binary PSO (BPSO) is a discrete-space variant for binary optimization problems
[17]. Bansal and Deep employed particle velocity as the probability of selecting
an item as 1 or 0 in {0-1}KP, proposing a Modified Binary PSO (MBPSO) algo-
rithm for knapsack problems [18]. The MBPSO algorithm operates as follows:
assume a D-dimensional search space, where x𝑖 = (𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝐷) represents
the position of the 𝑖-th particle in the swarm, p𝑖 = (𝑝𝑖1, 𝑝𝑖2, … , 𝑝𝑖𝐷) denotes its
personal best position, and v𝑖 = (𝑣𝑖1, 𝑣𝑖2, … , 𝑣𝑖𝐷) is the corresponding velocity
vector. Let p𝑔 = (𝑝𝑔1, 𝑝𝑔2, … , 𝑝𝑔𝐷) represent the global best solution found by
the swarm during evolution. Personal and global bests are determined by the
fitness function. The particle evolution equations are:

𝑣𝑡+1
𝑖𝑗 = 𝑣𝑡

𝑖𝑗 + 𝑐1𝑟1(𝑝𝑖𝑗 − 𝑥𝑡
𝑖𝑗) + 𝑐2𝑟2(𝑝𝑔𝑗 − 𝑥𝑡

𝑖𝑗) (4)

sig(𝑣𝑡+1
𝑖𝑗 ) = 1

1 + 𝑒−𝑣𝑖𝑗𝑡+1 (5)

𝑥𝑡+1
𝑖𝑗 = {1, if 𝑟3 < sig(𝑣𝑡+1

𝑖𝑗 )
0, otherwise

(6)

where 𝑡 indicates the iteration number, 𝑣𝑡
𝑖𝑗 is the velocity of particle 𝑖 in dimen-

sion 𝑗 at iteration 𝑡, and 𝑥𝑡
𝑖𝑗 is the corresponding position. Equation (4) con-

stitutes the evolutionary dynamics of the swarm, comprising three components:
𝑣𝑡

𝑖𝑗 represents the inertial potential from the particle’s history; 𝑐1𝑟1(𝑝𝑖𝑗 − 𝑥𝑡
𝑖𝑗) is

the attractive potential from the particle’s personal best, representing “individ-
ual cognition”; and 𝑐2𝑟2(𝑝𝑔𝑗 − 𝑥𝑡

𝑖𝑗) is the attractive potential from the swarm’s
global best, representing “social cognition” [19]. The learning factors 𝑐1 and 𝑐2
serve as weighting coefficients for individual and social cognition, influencing the
degree of learning from personal and social information during evolution and af-
fecting the particle’s ability to identify optimization objectives. The parameters
𝑟1, 𝑟2, 𝑟3 are random numbers in (0, 1).
The PSO-GRDKP algorithm [4] is a PSO-based solver for D{0-1}KP with search
space dimension 𝐷 = 3𝑛. The fitness function corresponds to the total value of
items in the knapsack, with learning factors 𝑐1 = 𝑐2 = 2 and time complexity
𝑂(𝑛𝑇 ), where 𝑇 is the number of iterations. This algorithm employs a greedy
repair and optimization operator to correct and optimize infeasible particles in
the population, effectively increasing the proportion of high-quality individuals
and enhancing the algorithm’s search capability.
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1.2 Greedy Repair and Optimization Algorithm for Infea-
sible Individuals
He Yichao et al. proposed two greedy repair algorithms for D{0-1}KP: GROA
[3] and GR-DKP [4]. GR-DKP was specifically developed for PSO, and its
pseudocode is presented in Algorithm 1.

Algorithm 1: GR-DKP
Input: Value vector p = [𝑝0, … , 𝑝3𝑛−1], weight vector w = [𝑤0, … , 𝑤3𝑛−1];
knapsack capacity 𝐶; array 𝐻 storing item indices sorted by non-increasing
value density; particle x to be repaired.
Output: Repaired feasible particle x and fitness value 𝑓(x).
The algorithm proceeds with initialization, repair operations (steps 2-4), and
optimization (step 5), with overall time complexity 𝑂(𝑛 log 𝑛). If step 2 of
Algorithm 1 is modified to item = arg max𝑗∈{0,1,2}{𝑝3𝑖+𝑗}, the algorithm evolves
into NGROA [7].

2.1 Group-Based Greedy Strategy for Particle Repair and
Optimization
Existing greedy repair strategies for infeasible particles in D{0-1}KP [3,4,7] sort
items by value density during preprocessing. This paper introduces the group
value density 𝑅𝑖 and sorts data in non-increasing order of 𝑅𝑖 at the group level
before selecting items. Literature [8] presents three algorithms based on this
concept.

Algorithm 2 performs repair operations (steps 2-5) and optimization (step 6) on
particle x, with time complexity 𝑂(𝑛 log 𝑛).

2.2 D{0-1}KP Particle Swarm Optimization Algorithm
Based on GGROA
In constructing the PSO-GRDKP algorithm [4], the authors employed the basic
discrete particle evolution equations (4)-(6) with learning factors 𝑐1 = 𝑐2 =
2. To avoid confounding effects from evolutionary formulas and parameters
and to facilitate comparative analysis under uniform conditions, we adopt the
same scheme to construct PSO-GGRDKP (PSO based GGROA for solving D{0-
1}KP), with pseudocode in Algorithm 3. The parameters 𝑚 and 𝑧 correspond
to the group value density calculation functions and item selection strategies in
Algorithm 2.

Algorithm 3: PSO-GGRDKP
Input: Value vector p, weight vector w, knapsack capacity 𝐶, population size
𝑁 , maximum iterations 𝑇 , learning constants 𝑐1, 𝑐2, GGROA parameters 𝑚, 𝑧.
Output: Best particle g𝑏𝑒𝑠𝑡 and approximate optimal solution value
fitness(g𝑏𝑒𝑠𝑡).
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The algorithm initializes the population, then iteratively updates velocities and
positions using equations (4)-(6), applying the GGROA repair operator to in-
feasible particles. The time complexity is 𝑂(𝑛𝑇 + 𝑛 log 𝑛).
It is evident that when 𝑚 = 1, the algorithm is equivalent to the GR-DKP
[4] strategy. Combining NGROA concepts, we define eight D{0-1}KP group-
based greedy repair and optimization methods (GGROA) by pairing four group
value density calculations (equations (7)-(10)) with two item selection strategies
(equations (11)-(12)), as shown in Table 1.

Table 1. GGROA Strategies for D{0-1}KP in PSO Algorithm

Group Value Density Item Selection Strategy GGROA

𝑅(1)
𝑖 Strategy 1 (1,1)

𝑅(1)
𝑖 Strategy 2 (1,2)

𝑅(2)
𝑖 Strategy 1 (2,1)

𝑅(2)
𝑖 Strategy 2 (2,2)

𝑅(3)
𝑖 Strategy 1 (3,1)

𝑅(3)
𝑖 Strategy 2 (3,2)

𝑅(4)
𝑖 Strategy 1 (4,1)

𝑅(4)
𝑖 Strategy 2 (4,2)

The pseudocode for GGROA is presented in Algorithm 2, where parameter 𝑚 ∈
{1, 2, 3, 4} corresponds to the four group value density functions (equations (7)-
(10)), and parameter 𝑧 ∈ {1, 2} corresponds to the two item selection strategies
(equations (11)-(12)). The time complexity of PSO-GGRDKP is 𝑂(𝑛𝑇 +𝑛 log 𝑛).

3.1 Experimental Design
The D{0-1}KP dataset serves as a standard benchmark for evaluating algorith-
mic performance [3], comprising four instance types: Inverse Strongly Corre-
lated D{0-1}KP (IDKP), Strongly Correlated D{0-1}KP (SDKP), Weakly Cor-
related D{0-1}KP (WDKP), and Uncorrelated D{0-1}KP (UDKP). Each type
includes instances with scales 𝑛 ∈ {100, 300, 500, 800, 1000}. To validate the
performance characteristics of various greedy repair strategies for D{0-1}KP,
we conduct two experiments. Experiment 1 examines eight group-based greedy
repair strategies using PSO to investigate their feasibility, performance, and
adaptability to different data instance types. Experiment 2 evaluates the per-
formance characteristics of three typical infeasible individual repair methods:
PSO-GRDKP [4], PSO-NGROADKP, and PSO-GGRDKP. Both experiments
analyze algorithmic performance through solution time and computational re-
sults. All experiments run on a ThinkStation P330 with an Intel® Core™ i7-
8700 CPU (3.2 GHz), 16 GB DDR4 memory, NVIDIA P2200 GPU, Microsoft
Windows 10 Education Edition, and Python 3.6.
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Let opt denote the optimal solution obtained via basic dynamic programming
for each D{0-1}KP instance. The PSO algorithm uses a population size of
200, maximum iterations equal to the number of item groups 𝑛, and runs inde-
pendently 20 times per instance. We report the maximum (best), mean, and
minimum (worst) approximate solution values, along with average computation
time 𝑇 .

3.2 Experiment 1: Data and Analysis
Table 2 lists the IDs corresponding to the eight group-based greedy repair strate-
gies.

Table 2. GGROA Strategies and Their IDs for D{0-1}KP

ID Strategy
1 (1,1)
2 (1,2)
3 (2,1)
4 (2,2)
5 (3,1)
6 (3,2)
7 (4,1)
8 (4,2)

Table 3 presents experimental results for the eight greedy repair methods on
four instance types with 𝑛 = 900, where subscripts in PSO-GGRDKP names
correspond to Table 2 IDs. Box plots for eight instances (IDKP3, IDKP6,
SDKP3, SDKP6, UDKP3, UDKP6, WDKP3, WDKP6) are shown in Figure 1.

Table 3. PSO-GGRDKP Experimental Results on Standard D{0-
1}KP Instances

Instance
(Optimal) GGRDKP1GGRDKP2GGRDKP3GGRDKP4GGRDKP5GGRDKP6GGRDKP7GGRDKP8
IDKP3
(234804)

… … … … … … … …

IDKP6
(452463)

… … … … … … … …

SDKP3
(238248)

… … … … … … … …

SDKP6
(466097)

… … … … … … … …

WDKP3
(256616)

… … … … … … … …
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Instance
(Optimal) GGRDKP1GGRDKP2GGRDKP3GGRDKP4GGRDKP5GGRDKP6GGRDKP7GGRDKP8
WDKP6
(466050)

… … … … … … … …

UDKP3
(184006)

… … … … … … … …

UDKP6
(536578)

… … … … … … … …

Results demonstrate that all eight group-based greedy repair strategies are
feasible for PSO, though significant performance differences exist across
strategies on the same instance type, and the same strategy performs differ-
ently across instance types. For each data type, we identify the top three
strategies by mean solution quality: IDKP favors PSO-GGRDKP1 and PSO-
GGRDKP2; SDKP favors PSO-GGRDKP1 and PSO-GGRDKP5; WDKP
favors PSO-GGRDKP1 and PSO-GGRDKP8; UDKP favors PSO-GGRDKP2
and PSO-GGRDKP6. Considering average computation time 𝑇 , we select the
most time-efficient algorithms: PSO-GGRDKP2 for IDKP, PSO-GGRDKP5
for SDKP, PSO-GGRDKP8 for WDKP, and PSO-GGRDKP2 for UDKP.

3.3 Experiment 2: Data and Analysis
Table 4 presents experimental data for PSO-GRDKP, PSO-NGROADKP, and
PSO-GGRDKP. For PSO-GGRDKP, we select the best-performing strategies
identified in Experiment 1 for each data type.

Table 4. Experimental Results of PSO-GGRDKP, PSO-NGROADKP,
and PSO-GRDKP

Dataset PSO-GGRDKP PSO-NGROADKP PSO-GRDKP
mean worst mean

IDKP1-10 … … …
SDKP1-10 … … …
WDKP1-10 … … …
UDKP1-10 … … …

The three greedy repair strategies exhibit varying solution quality and time per-
formance. Define the solution error rate as ERR = 1 − mean/opt. The average
error rate across all instances, ERRAVE, indicates algorithm performance (lower
values are better). Table 5 summarizes the average error rates and computation
times for the three algorithms across four data types.

Table 5. Average Error Rates and Computation Times of Three PSO
Algorithms
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Algorithm
IDKP
ERRAVE

IDKP
TAVE

SDKP
ERRAVE

SDKP
TAVE

WDKP
ERRAVE

WDKP
TAVE

UDKP
ERRAVE

UDKP
TAVE

PSO-
GGRDKP

… … … … … … … …

PSO-
NGROADKP

… … … … … … … …

PSO-
GRDKP

… … … … … … … …

Results show consistent trends across instance types: IDKP yields the lowest
error rates, while UDKP produces the highest. Among the three algorithms,
PSO-NGROADKP achieves the lowest average error rate (0.2%), while PSO-
GGRDKP’s average error rate is slightly higher at 0.7% compared to PSO-
NGROADKP and 0.4% compared to PSO-GRDKP. However, PSO-GGRDKP
significantly outperforms both algorithms in time performance, achieving 12.9%
improvement over PSO-GRDKP and 13.8% over PSO-NGROADKP. The time
performance trends vary across instance types: PSO-GGRDKP performs best
on WDKP, PSO-NGROADKP on SDKP, and PSO-GRDKP on IDKP.

Further investigation reveals that solution error rates correlate strongly with
data characteristics. Table 6 presents statistical measures for each instance
type: correlation coefficient 𝜌 between item values and weights, mean item
value density 𝜇, and standard deviation 𝜎.

Table 6. Statistical Values of D{0-1}KP Instances

Dataset 𝜌 𝜇 𝜎
IDKP … … …
SDKP … … …
WDKP … … …
UDKP … … …

Analysis reveals that except for SDKP, the error rates across IDKP, WDKP, and
UDKP correlate with 𝜌—larger correlation coefficients yield smaller error rates.
Interestingly, SDKP’s correlation coefficient is slightly smaller than IDKP’s but
larger than WDKP’s, yet its error rate exceeds WDKP’s. Moreover, SDKP and
UDKP show large differences in 𝜌 but similar error rates. Table 6 shows the
ordering 𝜇IDKP < 𝜇WDKP < 𝜇SDKP < 𝜇UDKP and 𝜎IDKP < 𝜎WDKP < 𝜎SDKP <
𝜎UDKP, which aligns with the observed error rate trends. This indicates that
PSO performance with greedy repair strategies for D{0-1}KP is highly corre-
lated with data characteristics such as mean and standard deviation of item
value density, explaining the similar performance on SDKP and UDKP.
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4 Conclusion
This paper defines the group value density concept for D{0-1}KP and constructs
the Group Greedy Repair and Optimization Algorithm (GGROA) with eight
combined strategies. Using PSO as a case study, we develop the PSO-GGRDKP
algorithm to investigate GGROA’s feasibility and performance for solving D{0-
1}KP. Experimental results on four D{0-1}KP instance types demonstrate:

1. The optimal GGROA operators for each instance type are: IDKP—PSO-
GGRDKP2, SDKP—PSO-GGRDKP5, WDKP—PSO-GGRDKP8, and
UDKP—PSO-GGRDKP2.

2. Compared with PSO-NGROADKP and PSO-GRDKP, PSO-GGRDKP
exhibits average error rates 0.7% and 0.4% higher, respectively, while im-
proving time performance by 13.8% and 12.9%.

3. The error rates of all three algorithms correlate strongly with data charac-
teristics including correlation coefficients, mean value density, and value
density standard deviation.

These results confirm that PSO-GGRDKP significantly improves algorithmic
time efficiency for D{0-1}KP at the cost of slightly higher solution error rates.
Inspired by research showing performance variations when applying GROA
across different heuristic algorithms, we infer that GGROA’s performance may
also vary across algorithmic frameworks, which warrants future investigation.
Additionally, recent work [20] proposed a group-based encoding scheme for D{0-
1}KP in PSO, suggesting a promising direction for further PSO-GGRDKP en-
hancement.
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