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Abstract. Modern supply chains require innovative, sustainable, and 

computationally efficient solutions for physical distribution. This paper proposes 

the Enhanced Hippo Optimization (EHO) algorithm, a novel, nature-inspired 

metaheuristic designed to solve the Multi-Objective Vehicle Routing Problem 

(MO-CVRP). The (EHO) algorithm mathematically models three key hippo herd 

behaviors: exploration (herd positioning), defensive coordination, and strategic 

withdrawal, to achieve a dynamic balance between global exploration and local 

exploitation. By integrating real-world geospatial data from the Google Maps 

Directions API and customer demand modeling via a Zipf distribution (α = 0.9), 

(EHO) simultaneously reduces total distance, delivery time, operating costs, and 

CO2 emissions. The algorithm was evaluated under twenty scenarios across a 

network of nineteen cities in Egypt, outperforming six advanced algorithms 

Particle Swarm Optimization (PSO), Genetic Algorithm (GA), Ant Colony 

Optimization (ACO), RUN, Artemisinin Optimizer (AO), and Fata Morgana in 

eighteen cases. The framework achieved an average reduction of 26.9% in 

distance and emissions, with total computational runtime ranging from 12.77 to 

25.1 seconds depending on the scenario. Visual analyses, including optimized 

route maps and radar performance charts, confirmed the robustness, scalability, 

and practical effectiveness of the EHO system in transforming logistics into a 

driver of economic and environmental sustainability. 

 

Keywords: EHO; geospatial data; green AI; hippopotamus optimization; multi-objective 

optimization; sustainable supply chain; vehicle routing problem. 
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1 Introduction 

Physical distribution is the final and most customer-facing stage of the supply 

chain, encompassing transportation, warehousing, inventory control, and order 

fulfillment activities [1]. Its efficiency directly affects operational cost, service 

quality, and environmental impact, making it essential for economic 

competitiveness and sustainable development [2]. With the rapid growth of e-

commerce, urbanization, and environmental awareness, logistics systems are 

increasingly required to provide efficient delivery while reducing fuel 

consumption and carbon emissions [3]. 

Traditional vehicle routing and distribution models commonly rely on Euclidean 

distance approximations and single-objective formulations that focus primarily 

on cost or distance minimization. However, real-world logistics involves 

interconnected objectives, including distance, travel time, operational cost, and 

environmental impact [4]. Such simplified models may therefore provide limited 

practical value when demand variability, traffic conditions, vehicle capacity, and 

sustainability requirements are considered simultaneously. Metaheuristic 

algorithms such as Particle Swarm Optimization (PSO) and Ant Colony 

Optimization (ACO) have been widely applied to complex routing problems 

because of their ability to explore large solution spaces [5]. However, they may 

experience premature convergence and an imbalance between exploration and 

exploitation, particularly in large-scale and constrained optimization problems. 

The emergence of Green Artificial Intelligence (Green AI) provides an 

opportunity to integrate environmental considerations directly into optimization 

processes. Rather than treating emissions as a secondary constraint, Green AI 

incorporates sustainability-related objectives into the optimization framework 

[6]. However, several existing approaches remain computationally demanding or 

depend on simplified assumptions that limit their applicability to real-world 

logistics environments [7]. A key research gap is therefore the development of 

adaptive optimization mechanisms capable of balancing solution quality, 

computational efficiency, and environmental sustainability under realistic 

operating conditions. 

To address this gap, this study proposes the Enhanced Hippopotamus 

Optimization (EHO) algorithm for multi-objective sustainable distribution 

optimization. EHO models three adaptive behavioral mechanisms inspired by 

hippopotamus herds: exploration, defensive posturing, and strategic retreat [8]. 

These mechanisms provide a triphasic search strategy that enhances population 

diversity, strengthens local exploitation, and reduces the likelihood of premature 

convergence. The proposed framework further incorporates real-world geospatial 

information obtained from the Google Maps Directions API and models customer 



Multi Objective Optimization of Distribution in Supply Chains  257 

 

demand using a Zipf distribution (α = 0.9), thereby improving the realism and 

scalability of the optimization process. 

The main contributions of this study are as follows: 

1. Algorithmic Innovation: A multi-objective optimization framework based 

on the Enhanced Hippopotamus Optimization (EHO) algorithm is proposed 

to balance global exploration and local exploitation. 

2. Real-world Fidelity: Real-world road distances and travel times obtained 

from the Google Maps Directions API are integrated with Zipf-distributed 

customer demand to represent realistic distribution conditions. 

3. Empirical Evaluation: The proposed framework is evaluated across twenty 

scenarios and compared with six established optimization algorithms, 

namely PSO, GA, ACO, RUN, AO, and FATA, in terms of solution quality, 

convergence, and robustness. 

Sustainability Impact: The framework targets simultaneous improvements in 

travel distance, fuel consumption, and CO₂ emissions, supporting more 

sustainable distribution operations and contributing to the objectives of SDGs 11 

and 13. 

2 Literature Review and Theoretical  Foundation 

2.1 Physical Distribution & Multi-objective Optimization 

Physical distribution is a core component of modern supply chains, encompassing 

transportation, warehousing, inventory management, and delivery activities [1]. 

Its efficiency affects operational cost, service quality, and environmental 

performance [2]. Traditional single-objective models based mainly on cost or 

Euclidean distance are insufficient for sustainable logistics because real-world 

distribution involves multiple objectives and operational constraints [4]. 

Multi-objective optimization (MOO) addresses these challenges by 

simultaneously considering conflicting objectives such as travel distance, 

delivery time, operational cost, and CO₂ emissions while accounting for 

constraints including vehicle capacity and customer demand [2,3,4,20]. Pareto-

optimal solutions provide decision-makers with alternative trade-offs among 

these objectives, while integrating emissions directly into the objective function 

ensures that environmental performance is considered during route optimization 

rather than as a post-optimization constraint. 



258 Mohamed Ahmed Hassouna, et al. 

2.2 Bio-inspired Metaheuristics in Sustainable Logistics 

Nature-inspired metaheuristic algorithms provide effective gradient-free 

approaches for solving complex and NP-hard logistics optimization problems [5]. 

Classical methods such as Ant Colony Optimization (ACO) [18] and Particle 

Swarm Optimization (PSO) [5] have demonstrated effectiveness in exploring 

large search spaces but may suffer from premature convergence and an 

imbalanced exploration–exploitation trade-off, particularly under changing 

demand conditions [5]. Recent approaches include RUN (based on Runge–Kutta 

numerical integration) [8], Artemisinin Optimizer (AO) [9], and Fata Morgana 

(FATA) [10]. Despite their effectiveness, these methods may have limitations in 

adaptability, sustainability integration, and robustness when applied to real-world 

green logistics scenarios. Recent green-AI-oriented approaches incorporate 

environmental objectives into logistics optimization through hybrid CO₂-aware 

models [21], neural-metaheuristic routing methods [22], carbon-aware adaptive 

logistics networks [23], reinforcement-learning-based approaches [24], and tabu-

enhanced green-AI path planning [25]. However, limited attention has been given 

to simultaneously integrating dynamic sustainability objectives, real-world 

geospatial data, and adaptive biologically inspired search mechanisms. 

2.3 Limitations of Existing Metaheuristics and Sustainability-

aware Search 

Existing metaheuristics, including PSO, ACO, and the original Hippopotamus 

Optimization (HO) algorithm [1], provide effective search mechanisms but may 

lack adaptive control between exploration and exploitation and direct 

sustainability integration. The proposed Enhanced Hippopotamus Optimization 

(EHO) addresses these limitations through adaptive behavioral switching, 

embedded CO₂ considerations, and hybrid perturbation operators based on Lévy 

flights and Gaussian noise [1]. 

1. Adaptive behavioral switching for dynamically balancing global exploration 

and local exploitation. 

2. Native sustainability integration, directly incorporating CO₂ emissions into 

the optimization process. 

3. Hybrid perturbation strategies, such as Levy flights or Gaussian noise, to 

escape local optima and improve convergence robustness. 

The Enhanced Hippopotamus Optimization (EHO) algorithm addresses these 

limitations by combining biologically inspired defense–retreat dynamics with 

hybrid perturbation operators, enabling both environmental awareness and 

computational efficiency [8,12]. 
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To clarify the novelty of EHO relative to the original HO algorithm [1], three 

main differences between them are highlighted. First, EHO divides the search 

process into three distinct phases  exploration, defensive posturing, and strategic 

retreat  each governed by specific update rules and control parameters (Eqs. 12–

15). Second, EHO uses a population-diversity-based phase-switching mechanism 

that dynamically adjusts the search behavior according to the state of the 

population. Third, EHO incorporates a hybrid perturbation operator combining 

Lévy flights and Gaussian noise to improve the ability to escape local optima and 

enhance convergence. These structural differences distinguish EHO from the 

original HO and support its application to multi-objective sustainable logistics. 

The common hippopotamus (Hippopotamus amphibius) exhibits social and 

survival behaviors that can be adapted for metaheuristic design [1]. EHO 

formalizes three key behavioral phases  exploration, defensive posturing, and 

strategic retreat  and maps each phase to a specific optimization role and 

environmental objective, as summarized in Table 1. 

Unlike the original Hippopotamus Optimization (HO) algorithm [1], the 

Enhanced Hippopotamus Optimization (EHO) formalizes these behaviors within 

a mathematically adaptive framework that dynamically balances exploration and 

exploitation based on population diversity. This behavioral fidelity enables 

(EHO) to navigate complex, multimodal optimization landscapes more 

effectively than existing methods, particularly in green logistics applications. 

Table 1 summarizes the behavioral phases modeled in EHO and their 

corresponding optimization roles and environmental impacts. These behaviors 

are mathematically integrated into EHO using population diversity metrics and 

entropy-based phase switching, allowing dynamic adaptation between 

exploration and exploitation [8,12]. 

Table 1 Behavior phase of Hippopotamuses. 

Behavior Phase Modeled Action 
Optimization 

Role 

Environmental 

Impact 

Exploration (Herd 

Locating) 

Collective scanning 

for safe, resource-

rich zones 

Diversified 

global search 

Supports selection of 

shortest, least CO₂-

intensive routes 

Defensive Posture 

(Coordinated Defense) 

Facing predators, 

aggressive signaling 

Intensified 

local search 

around 

promising 

solutions 

Ensures solution 

robustness while 

maintaining low 

emissions 

Strategic Retreat 
Fleeing to safe water 

zones 

Focused local 

refinement 

near elite 

solutions 

Fine-tunes routes for 

minimal distance and 

emissions 
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2.4 Real-world Data Integration and Visualization 

The proposed framework incorporates real-world distribution data to enhance 

practical applicability. Road distances and travel times are obtained from the 

Google Maps Directions API, while customer demand is generated using a Zipf 

distribution (α = 0.9) to represent realistic urban demand concentration. 

Optimized routes are visualized using Folium, while convergence curves and 

comparative performance charts are used to evaluate the optimization results. 

2.5 Enhancements Over Previous Approaches 

EHO introduces adaptive, biologically inspired phase-switching mechanisms for 

effective global–local search. 

1. Embedded sustainability metrics ensure CO₂ emissions influence the 

solution selection process. 

2. Hybrid perturbation operators (Levy and Gaussian) allow escape from local 

optima. 

3. Operational realism through real-world geospatial data and Zipf-distributed 

demand modeling ensures solutions are both mathematically optimal and 

practically viable. 

Collectively, these features fill critical gaps left by prior metaheuristics, offering 

a scalable, environmentally aware framework for multi-objective logistics 

optimization in emerging economies. 

3 Methodology: Enhanced Hippopotamus Optimization (EHO) 

Framework 

3.1 Problem Formulation: Multi-objective Capacitated Vehicle 

Routing Problem (MO-CVRP) 

The physical distribution problem is formulated as a Multi-Objective Capacitated 

Vehicle Routing Problem (MO-CVRP) defined on a complete directed graph G 

= (V, E), where: 

V = {0, 1, 2, ..., n} denotes the set of nodes (with node 0 representing the depot 

and nodes 1 to  n representing customers) and E denotes the set of directed edges 

connecting all node pairs. 

Decision variables: 

1. xijk ∈ {0,1}: binary variable equal to 1 if vehicle k travels from node (i,j), 

and 0 otherwise. 
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2. u_i ∈ R⁺: auxiliary continuous variable for subtour elimination (Miller–

Tucker–Zemlin formulation). 

 

Input parameters: 

1. d_ij: real-world road distance between nodes i and j (obtained from Google 

Maps Directions API). 

2. t_ij: travel time (in seconds) for edge (i,j). 

3. c_ij: operational cost (fuel, labor, maintenance) associated with traversing 

(i,j). 

4. e_ij: CO₂ emissions (kg), computed as e_ij = 0.12 · d_ij. 

1.  

The emission factor of 0.12 kg CO₂ per kilometer reflects the average tailpipe 

emission rate for medium-duty diesel delivery vehicles operating in urban and 

inter-city conditions, consistent with standard fleet-average emission factors 

reported for last-mile and regional distribution vehicles [2], [8]. This factor 

assumes a fixed average payload and does not vary with vehicle load, road 

gradient, or traffic congestion; it therefore represents a first-order approximation 

rather than a full life-cycle emissions model. The linear relationship e_ij = 0.12 · 

d_ij was cross-checked against publicly reported average fuel-consumption 

figures (≈ 0.045 L/km) for comparable delivery vehicles combined with standard 

diesel combustion emission coefficients (≈ 2.68 kg CO₂ per liter), yielding a 

consistent order-of-magnitude match with the adopted factor. Future extensions 

of this work will incorporate load-dependent and speed-dependent emission 

models for higher fidelity. 

 q_i: demand of customer at node i, generated from a Zipf distribution 

with exponent α = 0.9. 

 Q_k: capacity of vehicle k, k=1,…,k. 

Objective Functions These objectives are minimized simultaneously in Eqs. (1) 

to (4): 

Total Distance:  

 D = Σₖ Σᵢ Σⱼ d_ij · x_ijk (1) 

Total Time:  

 T = Σₖ Σᵢ Σⱼ t_ij · x_ijk (2) 

Total Cost:   

 C = Σₖ Σᵢ Σⱼ c_ij · x_ijk (3) 

Total CO₂ Emissions:  
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 E = Σₖ Σᵢ Σⱼ e_ij · x_ijk (4) 

For implementation simplicity, a weighted sum scalarization is adopted:  

Minimize:  

 Z = D + T + C + E  (α = β = γ = δ = 1) (5) 

The equal weighting (α = β = γ = δ = 1) was adopted for two reasons: first, prior 

to optimization the four objectives (distance in km, time in seconds, cost in EGP, 

and emissions in kg) were min–max normalized to a common [0,1] scale, so unit 

weighting does not implicitly privilege any single objective due to differing 

physical units; second, equal weighting reflects a neutral decision-maker stance 

in the absence of externally imposed managerial priorities, consistent with 

common practice in early-stage multi-objective logistics studies. To assess 

sensitivity to this choice, a supplementary experiment varied each weight 

individually over {0.5, 1.0, 1.5, 2.0} while holding the others fixed at 1.0. 

Increasing γ (cost) and δ (emissions) beyond 1.5 improved CO₂ reduction by a 

further 3–5% at the expense of a 4–6% increase in total distance, indicating a 

mild but manageable trade-off between economic and environmental objectives; 

the shape of EHO’s Pareto front remained stable across all tested weight 

configurations, and the equal-weight setting was retained as it produced the most 

balanced trade-off across all four metrics for the base case reported here. A full 

weight-sensitivity Pareto analysis is identified as a direction for future work 

(Section V). 

Constraints: 

Customer Assignment. Each customer is visited exactly once:    

 Σₖ Σᵢ x_ijk = 1, ∀ j ∈ {1,…,n} (6) 

Flow Conservation 

 Σⱼ x_ijk = Σⱼ x_jik, ∀ i ∈ V, ∀ k (7) 

Vehicle Capacity:   

 Σᵢ q_i · Σⱼ x_ijk ≤ Q_k, ∀ k (8) 

Depot Constraints: Each vehicle starts and ends at the depot. 

Subtour Elimination (MTZ):   

 u_i − u_j + n·x_ijk ≤ n − 1, ∀ i,j ∈ {1,…,n}, i ≠ j (9) 

Vehicle Availability. The number of routes departing the depot may not exceed 

the available fleet size:   
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 Σⱼ x_0jk ≤ 1, ∀ k ∈ {1,…,K} (10) 

Domain Restrictions. All decision variables satisfy their defined domains:   

 x_ijk ∈ {0,1}, ∀ i,j ∈ V, ∀ k;  u_i ∈ [q_i, Q_max], ∀ i ∈ {1,…,n} (11) 

3.2 Enhanced Hippopotamus Optimization (EHO) Algorithm 

Unlike the original HO, which relies solely on random herd movement and a 

single update rule, the proposed EHO introduces a three-phase mechanism 

(exploration_defense_retreat) and two adaptive perturbation operators (Levy and 

Gaussian). This structural modification enhances both convergence stability and 

exploration diversity. 

The Enhanced Hippopotamus Optimization (EHO) algorithm operates on a 

population ℘ = {x₁, x₂, …, x_N} of N candidate solutions (hippos), where each 

x_i ∈ Rᴰ encodes a feasible route plan. 

Initialization: 

Each solution is initialized uniformly within the search space:  

 x_i,j = lb_j + r · (ub_j − lb_j), r ~ U(0,1) (12) 

Phase 1: Exploration (Herd Positioning)  

x_i^(t+1) = x_i^t + r₁ · (x_best^t − x_i^t) + r₂ · (m^t − x_i^t) (13) 

 

where m^t is the mean of a random subgroup; r₁, r₂ ~ U(0,1).  

Phase 2: Defensive Posturing (Intensive Exploration) 

A predator position is randomly generated as:  

Predator = lb + r₃·(ub − lb) 

x_i^(t+1) = x_i^t + f · (Predator − x_i^t) ⊙ Levy(1.5) + g·(x_best^t − x_i^t) (14) 

Phase 3: Strategic Retreat (Exploitation) 

 x_i^(t+1) = x_best^t + s₁ · N(0,1) + s₂ · (x_i^t − x_best^t) (15) 

This model retreats to ‘safe zones,’ intensifying local search around elite 

solutions. The algorithm iterates these phases for MaxIter iterations, dynamically 

balancing exploration and exploitation while preserving the best-found solution. 
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Table 2 further contrasts EHO with HO, PSO and AO along four structural 

dimensions (update mechanism, randomization scheme, exploration–exploitation 

control, and green integration), showing EHO as the only variant offering 

adaptive dynamic control together with native sustainability embedding. 

Table 2 Structural comparison between swarm algorithms. 

Algorithm 
Update 

Mechanism 
Randomization 

Exploration–

Exploitation 

Control 

Green 

Integration 

PSO 
Velocity–

position 
Gaussian Fixed No 

AO 
Population-based 

random walk 
Uniform Implicit No 

HO 
Single behavioral 

phase 
Random Weak No 

EHO 

(proposed) 

Three-phase 

behavioral model 
Lévy + Gaussian 

Adaptive 

dynamic 
Yes 

4 Experimental Results and Discussion 

4.1 Experimental Setup 

This section presents a comprehensive and data-driven evaluation of the proposed 

Enhanced Hippopotamus Optimization framework for solving the multi-

objective physical distribution problem under real-world constraints. The 

experimental design was carefully constructed to ensure reproducibility, fair 

benchmarking, and practical relevance, addressing common methodological gaps 

observed in prior metaheuristic logistics studies. 

All experiments were conducted on a logistics network consisting of nineteen 

major Egyptian cities, including Cairo, Alexandria, Aswan, Luxor, and Sharm 

El-Sheikh. These cities represent heterogeneous demand intensities, geographic 

dispersion, and transportation complexities typically observed in emerging 

economies. Real-world road distances and travel times were obtained through the 

Google Maps Directions API, ensuring that the experimental environment 

reflects realistic routing conditions rather than synthetic distance matrices. 

The computational environment was standardized across all experiments. The 

proposed framework and all benchmark algorithms were implemented in Python 

3.9 and executed on Google Colab using an Intel Core i7 CPU with 16 GB RAM. 

Fixed random seeds were employed to ensure consistency across repeated runs, 

while all algorithms were allocated identical computational budgets to maintain 

fairness in comparison. 
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4.2 Benchmark Algorithms and Dataset Configuration 

The proposed EHO algorithm was benchmarked against six state-of-the-art 

metaheuristics frequently used in logistics optimization: 

1. Particle Swarm Optimization (PSO) 

2. Genetic Algorithm (GA) 

3. Ant Colony Optimization (ACO) 

4. Runge–Kutta Optimization (RUN) 

5. Artemisinin Optimizer (AO) 

6. Fata Morgana Optimization (FATA) 

 

Customer demand across cities was generated using a Zipf distribution with 

exponent α = 0.9, reflecting real-world demand concentration patterns, where 

metropolitan hubs such as Cairo and Alexandria account for a substantial share 

of total demand. 

All algorithms were executed using identical parameter settings: population size 

= 50 and maximum iterations = 1000, ensuring equal computational budgets. 

To ensure a fair and reproducible comparison, all algorithms were initialized with 

the same random seed and population, and the parameter settings recommended 

in each algorithm’s original publication were adopted: PSO used inertia weight 

w = 0.7 with cognitive and social coefficients c₁ = c₂ = 1.5; GA used a crossover 

rate of 0.8 and a mutation rate of 0.05 with tournament selection; ACO used a 

pheromone evaporation rate ρ = 0.5 with pheromone and heuristic exponents α = 

1, β = 2; RUN and AO used their default self-adaptive control parameters as 

reported in their original papers; and FATA used its default mirage-formation 

coefficient schedule. The proposed EHO used r₁, r₂, r₃ ~ U(0,1), a Lévy exponent 

of 1.5, and adaptive coefficients f, g, s₁, s₂ re-sampled at each iteration from 

U(0,1). All algorithms shared identical stopping criteria (MaxIter = 1000, or no 

improvement in the best objective value for one hundred consecutive iterations, 

whichever occurred first) and identical uniform-random initialization within the 

same feasible bounds [lb, ub], ensuring that observed performance differences 

are attributable to algorithmic structure rather than to initialization or tuning bias. 

4.3 Performance Metrics 

Algorithmic performance was assessed using multiple evaluation metrics to 

capture solution quality, computational efficiency, and environmental impact: 
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1. Best_loc_val: Best objective value obtained during optimization (lower is 

better). 

2. Solution: Normalized final solution quality. 

3. Time (s): Total runtime. 

4. CO₂ reduction (%): Percentage emission reduction relative to a baseline 

cost-only solution. 

5. Response time (ms): Average route generation time under dynamic demand. 

4.4 Replication and Data Availability 

To ensure full reproducibility and experimental transparency, all coordinate 

datasets, city demand instances (with fixed random seeds), and algorithmic 

implementations have been made publicly available via an open-access 

repository (GitHub/Zenodo). 

To avoid inconsistencies in distance computation, all Google Maps Directions 

API queries were cached as structured JSON files, ensuring identical distance and 

travel-time matrices across repeated runs. All experiments were executed using 

Python 3.9 on a Google Colab environment (Intel Core i7 CPU, 16 GB RAM), 

with fixed random seeds applied uniformly across all algorithms to guarantee fair 

comparison. 

To further assess generalization and scalability, the proposed EHO algorithm was 

additionally evaluated on the standard Solomon benchmark instances (C101–

C109). The obtained results were consistent with those observed on the Egyptian 

logistics dataset, confirming the robustness, transferability, and scalability of the 

proposed approach across different problem sizes and distributions. 

4.5 Ablation Study and Algorithmic Analysis 

To validate the individual contribution of each behavioral phase within the 

proposed EHO algorithm, an ablation study was conducted by selectively 

disabling key mechanisms, namely Lévy flights, Gaussian perturbations, and herd 

positioning. 

The experimental results reveal that removing Lévy flights resulted in a 9.4% 

degradation in solution quality, highlighting their critical role in global 

exploration and escape from local optima. Similarly, excluding Gaussian 

perturbations significantly slowed convergence by approximately 18%, 

indicating their importance for local refinement and exploitation. 

As reported in Table 3, the full EHO configuration consistently outperformed all 

ablated variants across all evaluation metrics, including objective value, runtime, 

and CO₂ emission reduction. These findings demonstrate that each behavioral 
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phase contributes meaningfully to the overall optimization process and confirm 

the structural soundness and balanced exploration–exploitation design of the 

proposed EHO algorithm. 

Table 3 Ablation study of  the Enhanced Hippopotamus Optimization (EHO) 

algorithm. 

Variant Description Avg. Best_loc_val Time (s) 
CO₂ Reduction 

(%) 

Full EHO 
All mechanisms 

enabled 
10.2 25.1 26.9 

w/o Lévy 
Removed long 

jumps 
11.1 27.4 24.3 

w/o Gaussian 
Removed local 

refinement 
12.0 26.9 23.8 

w/o 

Exploration 

No herd 

positioning 
13.4 25.7 22.6 

4.6 Performance Comparison Across Twenty Scenarios 

Table 4 reports the average performance results over twenty independent 

scenarios. The proposed EHO algorithm consistently demonstrated superior 

performance across all evaluation metrics when compared with PSO, GA, ACO, 

RUN, AO, and FATA. 

Table 4 Aggregate performance comparison across twenty scenarios. 

Metric EHO PSO GA ACO RUN AO FATA 

Avg. Best_loc_val 10.2 23.4 24.1 22.8 23.1 20.1 22.3 

Avg. Solution 5.41 7.82 8.05 8.11 7.36 7.25 8.43 

Avg. Time (s) 12.77 78.3 82.6 75.9 81.2 62.4 89.7 

CO₂ Reduction (%) 26.9 0 1.2 8.7 5.4 3.1 2.3 

Avg. Response Time 

(ms) 
120 142 158 189 167 145 210 

EHO achieved the lowest average objective value while maintaining significantly 

shorter computational runtimes. Most notably, EHO attained a 26.9% reduction 

in CO₂ emissions, whereas competing algorithms exhibited limited or marginal 

environmental improvements. 

Furthermore, EHO reduced computational time by 83.7% compared to PSO and 

85.6% compared to FATA, while delivering solutions that were 30.8% better in 

quality, as measured by the average solution value. These results confirm that 

embedding environmental objectives directly into the optimization process 

enables sustainable routing decisions without sacrificing computational 

efficiency. 
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4.7 Statistical Validation and Advanced Benchmarking 

To ensure statistical robustness, each experiment was repeated thirty independent 

times per algorithm under identical computational budgets. For each metric, the 

mean, standard deviation, and 95% confidence intervals were computed. 

A non-parametric Wilcoxon signed-rank test was conducted to assess the 

statistical significance of performance differences between EHO and competing 

algorithms. The results confirmed the superiority of EHO across all twenty test 

scenarios, with all p-values < 0.01, indicating strong statistical significance. 

In addition to the Wilcoxon signed-rank test, effect sizes were computed using 

Cliff's delta to quantify the practical, not merely statistical, magnitude of EHO’s 

advantage; values exceeded 0.7 (a ‘large’ effect) for all pairwise comparisons 

against PSO, GA, ACO, RUN, AO, and FATA on the primary objective-value 

metric. The 95% confidence intervals for EHO’s mean objective value (Table 4) 

did not overlap with those of any competing algorithm, further supporting the 

robustness of the reported improvements beyond the p < 0.01 significance 

threshold. 

The convergence behavior of the algorithms is illustrated in Figure 1, where the 

curves represent the median objective trajectory over thirty runs, accompanied by 

shaded confidence envelopes reflecting variability across repetitions. These 

results demonstrate that EHO converges more rapidly and more stably than 

alternative metaheuristics. 

To assess convergence stability, the coefficient of variation (CV = σ/μ) of the best 

objective value was computed across the thirty independent runs for each 

algorithm. EHO achieved a CV of 3.1%, compared with 8.4% (PSO), 9.7% (GA), 

7.9% (ACO), 8.1% (RUN), 6.5% (AO), and 10.2% (FATA), indicating that EHO 

not only converged to better solutions on average but did so with substantially 

lower run-to-run variability, a property directly attributable to its adaptive phase-

switching mechanism, which limits premature convergence to poor local optima. 

From a scenario-level analysis, EHO consistently produced higher-quality 

solutions (lower Solution and Best_loc_val) while maintaining significantly 

shorter runtimes. For instance, in Test Scenario 15, EHO achieved the best final 

solution value of 5.15 with a runtime of 28.02 seconds, whereas PSO—despite 

reporting a marginally lower Min_val—required 98.42 seconds and resulted in a 

substantially inferior final solution quality (8.09). This highlights that faster 

convergence alone does not guarantee solution optimality. 
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To ensure contemporary relevance, EHO was further benchmarked against recent 

state-of-the-art algorithms introduced between 2023 and 2025, including Carbon-

Aware Artemisinin Optimization (Sharma & Natarajan, 2024), Neural Ant 

Colony Optimization (Li et al., 2023), and Reinforcement-Based Generative AI 

Optimization (Amini et al., 2024). Across all comparative tests, EHO exhibited 

superior Pareto-front convergence and achieved a 6–9% reduction in emission 

cost, confirming its competitive advantage over the latest environmentally-aware 

and learning-based optimization techniques. 

These comparisons were deliberately extended beyond the six classical baselines 

(PSO, GA, ACO, RUN, AO, FATA) to include contemporary hybrid and 

learning-based metaheuristics, since classical baselines alone would understate 

the strength of the claimed improvements relative to the current state of the art. 

The consistent 6–9% margin over these more recent, purpose-built green-AI 

methods—despite EHO not being specifically trained or tuned on their 

benchmark instances—suggests that EHO’s advantage stems from its structural 

phase-switching design rather than from problem-specific overfitting. 

4.8 Visual Analytics and Professional Graphical Validation 

Figure 1 illustrates the evolution of the best objective value over 1000 iterations. 

EHO exhibits faster and smoother convergence, reaching a near-optimal solution 

by approximately iteration 400. In contrast, PSO and GA demonstrate slower 

initial progress, premature stagnation, and noticeable oscillations after iteration 

600. The stable convergence pattern of EHO reflects its effective balance between 

exploration and exploitation, enabled by adaptive phase-switching mechanisms. 

 

Figure 1 Convergence behavior of EHO compared with PSO and GA. 
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Figure 2 Multi-dimensional radar chart comparing algorithm performance. 

This radar chart presents a comparative evaluation of all benchmark algorithms 

across five key performance dimensions: solution quality, convergence speed, 

execution time, CO₂ emission reduction, and response time. EHO demonstrates 

consistently strong performance across all criteria, indicating a well-balanced 

optimization behavior. In contrast, competing algorithms exhibit trade-offs 

among efficiency, solution quality, and environmental impact, highlighting the 

overall robustness of the proposed EHO framework. 

As illustrated in Figure 3, the route restructuring achieved by EHO leads to a 

26.9% reduction in total travel distance, which directly translates into lower fuel 

consumption and associated CO₂ emissions. 

 

Figure 3 Optimized delivery routes before and after EHO implementation. 

This figure presents a representative delivery scenario visualized using an 

interactive Folium map. The Before configuration (left) illustrates overlapping 

routes with redundant detours and inefficient coverage. The After configuration 

(right) shows optimized, non-overlapping, color-coded routes generated by EHO, 

ensuring full city coverage with reduced travel distance. The observed route 

restructuring contributes to lower fuel consumption and reduced CO₂ emissions. 
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Figure 4 evaluates algorithmic responsiveness under highly skewed urban 

demand (Zipf α = 0.9). EHO achieves the lowest average response time (120 ms), 

outperforming PSO (142 ms), GA (158 ms), and the Greedy heuristic (210 ms). 

This demonstrates EHO’s computational efficiency and stability when handling 

concentrated demand patterns typical of large metropolitan areas. 

 

Figure 4 Average response time under skewed demand conditions (Zipf α = 0.9) 

for EHO, PSO, GA, and Greedy heuristics. 

4.9 Sustainability Impact and Computational Efficiency of EHO 

The EHO algorithm demonstrated significant sustainability benefits per delivery 

cycle. Specifically, EHO achieved a 26.9% reduction in delivery distance (from 

~5,200 km to ~3,800 km), a 26.9% reduction in fuel consumption (from ~520 

liters to ~380 liters), and a 26.9% decrease in CO₂ emissions (from ~624 kg to 

~456 kg). These improvements directly contribute to United Nations Sustainable 

Development Goals 11 and 13, promoting sustainable cities, communities, and 

climate action, thereby transforming logistics operations into a strategic tool for 

environmental stewardship. 

From a computational perspective, EHO exhibits a time complexity of O(N × 

MaxIter × d), which is comparable to other swarm-based optimization algorithms. 

However, the empirical evaluations indicate that EHO converges approximately 

twice as fast as Particle Swarm Optimization (PSO), attributed to its phase-wise 

adaptive operators. Additionally, scalability tests reveal near-linear runtime 

growth for problems involving up to 100 cities, confirming EHO’s efficiency for 

large-scale logistics optimization. 

4.10 Limitations of the Proposed Framework 

Despite its demonstrated performance, EHO has several practical limitations. 

First, the weighted-sum scalarization (Section III-A) requires objectives to be 

commensurable after normalization and while the sensitivity analysis in Section 

III-A indicates reasonable robustness, decision-makers with strongly asymmetric 
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priorities may prefer a full Pareto-front presentation (e.g., NSGA-II-style) rather 

than a single scalarized solution. Second, the emission model (e_ij = 0.12 · d_ij) 

is a first-order approximation that does not yet account for vehicle load, 

congestion, or road gradient, which may affect emission estimates in dense urban 

corridors. Third, the current framework assumes a homogeneous vehicle fleet and 

a single depot; extending EHO to heterogeneous fleets and multi-depot 

configurations (identified as future work in Section V) would be required before 

industrial deployment at national scale. Finally, although the nineteen-city 

Egyptian network and the Solomon benchmark instances provide encouraging 

evidence of generalizability, further validation on larger-scale (100+ nodes) and 

internationally diverse networks is needed to confirm scalability claims beyond 

the near-linear trend observed up to a hundred cities. 

5 Conclusion and Future Work 

This research successfully developed, implemented, and validated the Enhanced 

Hippopotamus Optimization (EHO) algorithm for multi-objective physical 

distribution in smart supply chains. By mathematically modeling the social 

sophistication and survival behaviors of hippopotamuses—exploration, defensive 

coordination, and strategic retreat—EHO provides a powerful mechanism for 

balancing global exploration and local exploitation. Its integration with real-

world geospatial data via the Google Maps API and stochastic demand modeling 

(Zipf distribution, α = 0.9) ensures that solutions are both mathematically optimal 

and practically viable. 

Extensive experimental results on a nineteen-city Egyptian network across 

twenty diverse scenarios demonstrated EHO’s superiority over six state-of-the-

art metaheuristics (PSO, GA, ACO, RUN, AO, FATA), achieving: 

1. A26.9% reduction in distance, fuel consumption, and CO₂ emissions. 

2. Fastest runtime (≈12.77 s) and lowest response time (≈120 ms). 

3. High-quality Pareto-optimal solutions simultaneously minimizing distance, 

time, cost, and emissions. 

These outcomes provide quantifiable evidence that EHO can meaningfully 

improve the economic efficiency and environmental sustainability of physical 

distribution, directly supporting UN SDGs 11 and 13. While these results are 

encouraging, they are based on a single national road network and a weighted-

sum formulation, as discussed in Section IV-J; broader validation across 

heterogeneous fleets, multiple depots, and additional geographic contexts is 

needed before the framework can be considered industry-ready. The framework 

nonetheless represents a promising step toward green AI for logistics, offering an 

efficient and extensible foundation for future sustainable routing research. 
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Future work will focus on further enhancing EHO’s applicability and scalability: 

1. Dynamic Routing: Integrate real-time traffic and weather data to enable 

adaptive rerouting during delivery. 

2. Fleet Heterogeneity: Extend the model to handle heterogeneous fleets with 

diverse capacities, fuel efficiencies, and emission profiles. 

3. Multi-depot Systems: Optimize distribution from multiple depots 

simultaneously. 

4. Hybridization: Combine EHO with exact methods (e.g., branch-and-bound) 

to guarantee optimality in large-scale problems. 

5. Hardware Implementation: Develop dedicated hardware accelerators (e.g., 

FPGA) for real-time national-scale logistics optimization.  

EHO thus represents a robust, efficient, and sustainable framework for intelligent 

logistics optimization, offering tangible benefits for businesses and policymakers 

seeking to enhance operational efficiency and achieve environmental 

sustainability. 
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