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ABSTRACT 

In contrast to the theory of jurisprudence, pragmatic reasoning was developed as a model for legal case analysis and 

interpretation. Specific legal cases are thought of as having a set of contextual information surrounding it. The combination 

of optimization techniques namely as Genetic Algorithms (GA) and Particle Swarm Optimization (PSO) gathered notable 

attention in legal systems, where the reduction of court cases is a pressing concern. The reasoning derived from these 

cases leads to solutions that are closely linked to particular situations. In order to generalize these solutions, machine 

learning methods are applied. GA helps in feature selection by identifying the most meaningful case attributes, while PSO 

fine-tunes model parameters to achieve higher accuracy. One of the techniques to induce reasoning from cases is 

considered ‘examples’ with a ‘classification’ in a certain area. In this paper, a genetic algorithm approach to inductive 

feature learning of cases from a legal database resulting in case-based reasoning taxonomy is presented. The acquired 

knowledge can then be used to reason from cases which are by their features and classifications ‘interesting’ and predict 

the classification of other cases. 
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1. INTRODUCTION 

Within AI, case-based reasoning is known as an effective modeling strategy in the legal system. Because law is basically 

unstructured and intricate, the legal methodology attempts to counter the lack of a formal consultation model by informal 

processes of legal reasoning and synthesis. In a multilingual country like India, Natural Language Processing (NLP) allows 

translators to provide real-time translation of legal documents, so that language does not become an issue in administrating 

justice[1]. AI based analytics can identify the reasons for unproductive delays and suggest better resource allocation and 

policy changes to encounter the negative impacts of absence of sufficient resources or inefficient working practices. There 

is an opportunity to use AI in the Indian judiciary system, but surveillance and the use of a human component are critical 

in eliminating biased algorithms, data privacy concerns, and case backlogs[2]. 

A case is made up of a multi-faceted set of facts and involves a ‘set of circumstances and ‘result’ or classification 

determined from these circumstances. The paper describes the problem of case classification based on circumstances and 

offers a solution through case-based reasoning and Genetic Algorithms. Legal cases are viewed as cases with particular 

contextual components, and they form the components that detail the reasons which are classified into various types. 

Several countries are employing algorithms to settle civil cases, such as traffic cases and to determine the amount of fines. 

In the knowledge-based reasoning prototype the system is educated with rules and the user supplies the truth and the 

system will generate a decision[3]. In the case-based knowledge  model the system is based on the experience of the 

model, its capability to contrast and express reasons from other situations. Case-based reasoning is based on the model’s 

capacity to draw upon its past successful conclusions, and recognize alike behavior beforehand, so that they can be 

evaluated in the future[4]. In other parts of the world numerous countries have utilized hybrid algorithms of these models 

to resolve consumer, traffic, divorce cases, etc [5]. 

Genetic Algorithms(GA) are an empirical solution-search or optimization technique, at first motivated by the Darwinian 

principle of evolution through (genetic) selection. A GA uses an immensely hypothetical genre of advancement procedure 

to evolve solutions of given problems. Each GA operates on a populace of constraints, a real number which is a rate of 

how satisfactory a solution is for a specific problem. The intersection of biology and computational techniques offers 

valuable insights into algorithm design that could enhance the efficiency of legal systems. Genetic algorithm(GA) and 

Particle swarm optimization(PSO) were selected because both are powerful optimization techniques that mimic natural 

processes.GA works like biological evolution, using selection, crossover, and mutation to gradually improve solutions. 

PSO on the other hand, imitates the collective intelligence of bird flocks or fish schools, where each “particle” acquire 

knowledge from its own experience and swarm’s best experience. Beginning with a randomly generated population of 

variables, a GA carries out a procedure of fitness-based selection and reunite to produce a successor population, the next 

generation. As this procedure iterates successive generation evolves and the mean fitness of the variables tends to increase 

until some conclusion criterion is reached. In this way GA proves and develops as a best solution to the given problem. 

The application and design of heuristic-based improvement  methods have greatly increased. Because they employ a 

populace of solutions during their search, the overall solution of a certain problem is more likely to be obtained. Also, it 

employs only a straightforward scalar measure of performance that does not require or utilize imitative information. 

Particle swarm optimization approach is one of heuristic-based enhancement methods and that was used with success in 
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numerous optimization problems. GA and PSO are two of the heuristic optimization methods. They are very similar to 

their inbuilt parallel nature. Investigation  reveal that they have their own merits in solving various optimization 

problems[6]. In contrast to GA, PSO has some interesting features[7,8]. It contains memory i.e., good solutions are 

remembered by all the particles; while in GA, past information about the problem is lost when the populace is updated. It 

has positive cooperation among particles, i.e., particles within the swarm exchange information between themselves. Up 

to now, PSO has been effectively used for optimizing a variety of continuous nonlinear functions in application[9].  

Over the last couple of years, numerous reported contributions have been made regarding the amalgamation of PSO with 

other heuristic optimization methods. In  PSACO algorithm was presented for non-convex optimization problems[10]. 

Also, in  GA has been integrated into PSO as a hybrid method that combines two heuristic enhancement methods in order 

to perform global optimization on multimodal functions[11]. The primary aim of this research is to present a novel hybrid 

algorithm to take advantage of the strengths of the two heuristic optimization methods, GA and PSO.   

 

LITERATURE REVIEW 

Analysis of the scope of AI technologies in the legal sector in India with a specific focus on understanding how these 

technologies shift the practice of law is done[12]. The impact which AI has in judicial case management, case 

investigation, and decision making in Indian Law is studied. When AI-enabled case analysis was done it was observed 

that the time taken to prepare cases decreased by 40% thereby improving productivity and precision. Potential of biological 

computations has been studied and it was found that it can lead to development of innovative algorithms. These algorithms 

help in enhancing resource allocation and decision-making processes within the legal domain[13]. Biological computation 

and computational biology can be combined to reduce the complexities of legal case management.  

The adoption and application of AI by several countries in their public sector is studied[14]. Effort is made to understand 

how different nations have integrated AI into their legal and administrative systems. Case studies originating from 

different regions were analyzed to identify patterns and issues in the application of AI. There was a tendency for greater 

incorporation of AI in the management of justice and in legal processes, but the discrepancies with the legal systems and 

definitions were also exhibited. Privacy of data and biased algorithms emerged as the limitations suggesting that some 

restrictions and policies regarding these matters would be required in due course. A case study, focused on China, studied 

the impact on judicial decision-making using AI. The influence of AI tools on the operational efficiency, clarity, and 

consistency of the juridical system in question was measured. The qualitative research, looked at the advancements in the 

AI technology that were applicable to the judicial system in China and the impact of such advancements on decision 

making and public confidence towards the legal system. The findings proved that indeed, AI contributed to the process 

improvements and case management consistency[15]. 

The research  involves AI in enhancement of the processing technology and admits the wider access to justice by assisting 

the Indian judicial system with improvements[16]. In a precise way, in what manner and how greatly AI is a factor in 

swift court activities are questions of vital importance that needs to be considered. Through the deductive method, data 

will be collected from cases that qualify and will then be processed meaningfully before the issue of judgement. 

Accordingly, research and analysis were performed on the cases that are prioritized, along with the trends in legal sector. 

The main area of research was to determine how technology was behind the functioning of the judicial system. A mixed-

method approach was adopted. The records issued by the courts were used to conduct interview of the professionals and 

then compared with the policy documents to evaluate the impact of technology on case handling. As far as the efficiency 

in the justice and legal system of the court is concerned, time invested was reduced with several other benefits including 

lighter administrative loads and the eventual solution along with better rights to the citizens[16]. How the technological 

transformation has played an analytical part in enabling the integrity of judicial services within the legal sector of India 

amidst the pandemic and its consequential aftermath is discussed. The objective of the research was to find out how 

technology contributed to the paperless process of legal dealings during the pandemic even though it was at a nascent 

stage. Information from court records were checked against the policies in vogue to check how the cases were handled. 

The introduction of digitalization i.e. filing and virtual hearings has resulted in a massive decrease in the procedural delay 

rate, thereby enhancing the Indian judiciary efficiency on a continuous basis[17]. 

It has been established beyond any dispute that meta-heuristic enhancement algorithms work well by best managing 

various general purpose real-world optimization problems, from automation, wireless networks power systems, job shop 

arranging  to classification and artificial neural network training[18-25]. In pursuit of the global optimum solution, many 

fitness evaluations are demanded by the meta-heuristic algorithms. This is generally a severe obstacle against the usage 

of meta-heuristic algorithms on high-computational optimization issues that widely occur in computational fluid dynamic 

optimization and structural optimization, among numerous others[26,27]. To solve those issues, candidate solutions are 

commonly tested using high-fidelity numerical analysis methods which can subtract CPU time from several minutes to 

many hours, or even days as a consequence. In the meta-heuristic paradigm, numerous Swarm Intelligence(SI) methods 

and types were developed to solve complex optimization problems[28,29].  Efforts have been put to do research in the 

field of particle swarm and new applications. The strength of the research was to describe elaborative challenges and open 

issues in the PSO algorithm. Nevertheless, this research failed to address the compatibility of the application of PSO with 

each approach presented[30,31]. 

Identifying some problems related to Wireless Sensor Networks(WSNs), authors in  proposed PSO and debated the 

applicability of the algorithm to WSN applications[32]. It also discussed a concise overview of how PSO is customized 

to solve the node localization, node deployment, data aggregation, and energy-aware clustering problems as optimization 

issues. The strength of this review lies in briefly summarizing open issues in WSNs.The compatibility of high-speed real 

time applications with every approach was not taken into account. Research in summarized the work concerning the native 

PSO modifications and its engineering application in real-world problems[33]. The quick modifications of PSO have 
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emerged in various examples, such as two-step PSO and PSO-Support Vector Machine((PSO-SVM). The combination of 

the PSO and the engineering application of PSO with the accepted benchmark algorithm have also produced good results. 

The benefit of this survey was to introduce fresh diversified variations in PSO and examine the precision of PSO in various 

fields. The primary flaw of this research is the absence of statistical details regarding the discussed standards PSO and its 

utilization within diverse given contexts. 

Different versions of PSO with respect to swarm utilization, mutation operators, and inertia weight has been discussed[34]. 

The primary benefit of such an overview was to emphasize the significance of incorporating the various mutation operators 

and the inertia weight parameter to enhance the performance of PSO. Other potential versions of PSO were not taken into 

consideration. Systematic review of the development of clustering methods on PSO was done and the outcomes of fast-

growing trends in the SI literature, PSO paradigm literature, and PSO-based data clustering methods literature, 

demonstrating that such methods have a dramatic boost in popularity[35]. This work confirmed that the methods are new 

and easy to apply and is a build-up on collaboration and communication. This research discussed various application fields 

of PSO applicable to clustering. Yet, applications to more intricate problems do not exist. Variants of PSO for clustering 

multidimensional data were also surveyed by[36]. This survey highlighted the efforts of various publications in data 

dimension reduction. The drawback remains due to non-availability of more applications related to clustering. 

Detailed explanation of the PSO algorithm to demonstrate its capability in addressing various types of optimization tasks 

in chemometrics was done[37]. The significance of the proper selection of PSO meta-parameters has been emphasized 

here by way of choosing realistic examples in the research topic of variable selection, robust PCA solution estimation, 

and signal warping. In the origin and history of the PSO algorithm was introduced and a theoretical study of the algorithm 

was done. The present state of application was examined and research on algorithmic structure, topology, parameter 

setting, multi-objective optimization, discrete and parallel PSO algorithm, and engineering applications was done. Several 

researchers have used PSO via string distances to organize the test examples and check their method on a real-world TSL 

dataset. To pick test cases based on redundancy, binary constraint PSO and its mixed version with local search methods 

were created[38]. PSO was used with local search to select test cases, aiming for more branch coverage and lower 

costs[39]. Since the results were promising, PSO was also combined with harmony search, which worked better than 

NSGA-II[40]. In a measure to check the diversity and diagnosability of a test suite was done and the results got better 

when they used local search algorithms with PSO to increase requirement coverage while reducing costs[41].  

 

RESEARCH METHODOLOGY 

To improve the performance of AI models, a mixed approach combining Genetic Algorithm (GA) and Particle Swarm 

Optimization (PSO) is utilized. The process starts with data collection, data cleaning, and feature extraction using principal 

component analysis(PCA). Then a hybrid method incorporates Genetic algorithm(GA) and Particle Swarm 

Optimization(PSO).GA handle large search spaces performing the use of domain derived  or free-formed heuristic 

information from problem bound domains. In PSO particles are not only driven by their own experiences in moving 

towards their optimal position but also by swarm’s knowledge learnt from its members including its neighbor’s best-

known position[42]. 

Together the GA and PSO equilibrium exploration(searching widely) and exploitation (refining good solutions),ensuring 

that the AI model does not get stuck in poor solutions but still converge towards reliable outcomes. The backlog of cases 

and complexity of judicial data required methods that could search through massive solution spaces quickly and reliably.  

GA helps in feature selection by identifying the most meaningful case attributes, while PSO fine-tunes model parameters 

to achieve higher accuracy. Together they balance exploration (searching widely) and exploitation (refining good 

solutions), ensuring that that the AI models don’t get stuck in poor solutions but still converge toward reliable outcomes. 

Proposed Methodology is as brought out in Fig. 1. 

 

 
Fig.1. Proposed Methodology 
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Genetic Algorithm (GA) 

Genetic Algorithms uses heuristics to implement search and optimization. The real-world optimization problems are 

addressed using GA which is based on the hypothesis of evolution[43]. The diverse morphological and behavioral traits 

which are exhibited by species in their environment helps to adjust their behavior[44]. Over time, they develop complex 

physical structures that help them thrive in various conditions. The capacity to reproduce best solution is a key indicator 

of success from an evolutionary standpoint. These compelling factors have led many to advocate for optimization 

strategies rooted in evolutionary theory[45]. 

 

 
Fig. 2. Working of Genetic Algorithm 

 

In the legal domain, GA is used to select which case features (like court number, district code, type of case, are most 

important in predicting delays or outcomes. GA is capable of navigating large search spaces and can utilize both domain-

specific and general heuristic information from problem-related areas. It has positioned itself as a strong competitor among 

the best scheduling methods available[46,47]. Fig. 2 illustrates how the genetic algorithm operates. By simulating the 

natural evolution process, GA enhances the selection of features. It involves repeatedly choosing the most effective 

features for predicting case outcomes with minimal error during the processing of judicial cases. 

 

Steps involved: 

Initialization: Make a group of individuals called P, which includes P1,P2…….Pm. Each individual is a binary string that 

shows which features are chosen. 

 

Fitness Evaluation: Calculate how good each individual is using the formula: 

F(Pi) = 1/(1 + E(Pi)) 

Where E(Pi) is the mistake rate of the model when using the chosen features. 

Selection: Choose individuals based on how fit they are, using methods like roulette wheel selection. 

Crossover: Combine two individuals to make new ones with a chance of Pc. 

Mutation: Change some parts of the individuals randomly with a chance of Pm to keep things varied. 

 

Particle Swarm Optimization (PSO) 

Particle Swarm optimization (PSO) is an algorithmic optimization way imagined by the social behaviors observed in 

environment, such as the flocking of birds and the schooling of fish. In a swarm, multiple particles move through a search 

space to gather potential solutions. This knowledge gathered by their own experiences while seeking optimal positions 

combined with the collective knowledge of all the pieces in the swarm try to find the best-known positions of their 

neighbors. The parameters like learning rate, dropout, or iterations of ML models are optimized so that issues like case 

urgency, fraud detection, or guilty/not guilty decisions are predicted accurately. 

PSO is easy to use, has low computational cost and is versatile. It helps solve problems in the fields of machine learning, 

engineering design, robotics, and finance[48]. One of the benefits of PSO is how well it balances exploration with strategy 

improvement. This balance facilitates movement through intricate search spaces in a timely manner[49]. PSO mimics 

social behaviors to optimize model hyperparameters, aiming to identify the best parameters more efficiently. This 

approach improves the correctness and execution of the model predicting and prioritizing cases. Fig. 3 illustrates the 

geometric representation of the PSO algorithm[50]. 
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Fig.3. Geometrical illustration of PSO algorithm 

 

PSO is an approach based on the conduct of social groups, such as in nature[51]. Each agent in this approach relies on 

two kinds of information when they need to make a decision. The first is their own history[52]. That is, they have already 

experimented with various options and know which of them was the best so far and how good that was. The second 

information is from other agents[53]. This implies they have an idea of the decisions others around them have made useful 

and how well those decisions worked. In the PSO system, every agent makes a conclusion based on their own experience 

and what other agents have discovered. The system begins with a populace of random solutions. Every solution, referred 

to as a particle or agent, is assigned a random velocity and traverses the problem space. Each agent hold memory about 

its best history position and the outcome of that position. There is also a best performer within the group, who is mentioned 

to as the global best, and who holds the best result out of all the agents. 

 

Steps involved in PSO: 

Initialize Particles: 

 Set starting positions X( 0 )  and speeds V( 0 ) for each particle. 

Velocity Update: 

V( t + 1 ) = w. V( t ) + c1 . r1 .(P best -X( t ) ) + c2 . r2 .(G best  – X( t ) )  

Here, w is the inertia weight, c1 and c2 are numbers that control how much the particle looks at its own best and the 

group’s best, r1 and r2 are random numbers, P best is the best position the particle has ever been in, and G best is the best 

position found by all particles. 

 

Position Update: 

X ( t+1 ) = X ( t ) + V ( t + 1 )  

The hybrid approach iterates by alternating between GA  and PSO until convergence, ensuring optimal feature selection 

and model parameter tuning. 

 

Dataset Description 

The dataset used in this research originates from the research conducted by[54]. It includes case records available on the 

e-courts platform managed by Indian Government. The database is from 2010 to 2018 and encompasses cases from over 

7000 districts and interim trial courts, involving more than 20,000 judges[54]. Data from website can be downloaded, 

which contain more than 77 million cases[54]. 

Key information contains the name of the presiding judge, the nature of the case, and its intended outcome. Details about 

the judge’s gender, term, and the relevant section and action for criminal charges are presented separately. Also, it contains 

unique case ID serving as index. Certain data, such as the dates of first, subsequent and final listings, purpose names and 

disposition, were excluded from the study due to their unavailability at the time of filing. The Table 1 brings out the  

feature set of the legal database studied . 

 

Table 1. Features incorporated in analysis 

Column Name Description 

date_of_filing Date when the case was filed 

date_of_decision Date when the case reached a decision 

Court-no. Unique court number of every court in a district 

Number_sections_ipc Count of sections implicated in criminal cases 

State Code Unique state code 

Dist_code Unique district code of each district within a state 

Judge position The judge’s position according to the current 

hierarchy 

Female_judge_filing Gender of presiding judge in the case 
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Female_judge_decision Gender of presiding judge who rendered the decision 

Female_adv_pet Gender of the attorney representing the petitioner 

Female_adv_def Gender of advocate representing the defendant 

Type-name The category of case 

Act Legislation under which case is initiated 

 

The feature set (like date of filing, court number, district code, type of case, judge details, IPC sections) acts as the 

foundation of the analysis. Each feature provides context that helps the AI understand: 

⚫ Where the case is filed (State/District codes) 

⚫ What type of case it is (Civil, Criminal, etc.) 

⚫ Who is involved (judge, lawyers, gender of petitioners/defendants) 

⚫ How Complex it might be (number of sections involved, whether bailable) 

⚫ By feeding these features into PCA, GA and PSO, the system can extract only the most important elements that drive 

case delays or outcomes. 

 

Hyperparameters 

Hyperparameters are the parameters that affect the way of learning algorithm grows. They are tuned to optimize the 

performance of the model overall. Hyperparameters are like the “settings” of the AI model that control how it learns. The 

following parameters were carefully chosen and optimized using GA and PSO.  

Learning Rate: controls how big a step the model takes in learning. 

Batch size: figure of samples processed at a time 

Epochs: figure of times the model sees the full dataset 

Activation: helps handle non-linear patterns 

Optimizer: adjusts learning speed dynamically 

PSO Particles & Iterations: define how many solutions are tested and refined  

These hyperparameters ensure that the models are stable, efficient and accurate for legal predictions as brought out in 

Table 2. 

 

Table 2. Detailed information of hyperparameter used 

Parameter Value 

Batch Size 32 

PSO particles 50 

Number of epochs 100 

Optimiser Adam 

Activation function ReLU 

PSO Iterations 100 

Weight decay 0.01 

 

System Configuration:-It consists of 

Processor(CPU): It is advisable to utilize processor such as Intel Xeon or AMD Ryzen thread dipper with minimum of 

16 physical cores. 

RAM(Memory): 32 GB or more DDR4 RAM is sufficient to fit large datasets into memory. 

GPU (Graphics Processing Unit): GPU such as NVIDIA RTX 3090 or better, a Tesla V100. 

Operating System: The ideal options are Ubuntu 20.04 LTS or windows 10 since they support widely used frameworks. 

Storage(SSD): 1TB SSD assists in rapid data access and delivers high read and write speeds. 

CUDA Version: Installing CUDA 11 is necessary to utilize CUDA NVIDIA GPUs.  

The following were used in this research. 

Python It is flexible enough to support different programming paradigms[55]. 

Python libraries: Some of the key libraries used are Scikit, Seaborn and Pandas. 

Google Colab: It enables users to execute, write, and share python code in a collaborative manner. 

 

Research Findings 

The GA optimization is a multiple step process which tells how it is trying to find an optimum solution. In the graph (Fig. 

4.), performance metric which assesses the quality of solutions is denoted on y-axis and the iteration number is on x-axis. 

The green line shows how the performance metric changes over time showing how the algorithm uses the solution space. 
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Fig. 4. Using GA Optimization 

 

Before the 4th iteration, it is clear that significant improvement of the performance metric which peaks at around 0.82. At 

this point in the performance, we can say that the genetic algorithm(GA) has achieved reasonably good solution by pick 

any elite individuals and their traits through crossover and then merging them, after this point the performance peak, the 

performance metric decreases slightly ranging from 0.75 to 0.82 over considerable number of iterations. This is a common 

pattern of genetic algorithms, when they try to maintain equilibrium between search and optimization. The performed 

iterations indicate algorithm runs back and forth attempting to improve its search strategy to not succumbs to an 

unsatisfactory solution too early. Later on, the performance metric increases again, leveling out at 0.81. This suggests the 

last change in measure indicates that the GA has reached near optimal solution which is achieved by the GA using 

evolutionary principles to increase search effectiveness and performance[56]. 

 

Optimization using PSO 

The evolution of the PSO algorithm between iterations is indicative of its dynamic pursuit of an optimal solution. This 

metaheuristic optimization technique attempts to identify the optimal solution to problem by relentlessly updating 

candidate solutions depending on their individual performance as well as their performance collectively[57]. 

Fig. 5 is a graph where the performance measure is plotted on the y-axis, which reflects the quality of solutions, while x-

axis indicates the iteration number, showing the progressive improvement in solutions as the algorithm proceeds. The blue 

line in graph represents how the performance measure changes during the optimization process. 

 
Fig. 5. Outcome of PSO 

 

At the early stages, the performance metric starts at 0.845 and sways, which indicates the exploratory behavior of the PSO 

algorithm. These sways emphasize the dynamic movement of particle positions in an attempt to find better-performing 

solutions. A significant landmark is experienced at around the 6th iteration, where the performance measure leaps to 

approximately 0. 886.This sudden spike implies that the algorithm has found a much more optimal solution. This 

highlighting of PSO’s capacity to rapidly target worthwhile regions of the search space. After the peak at iteration 6, the 

performance measure slowly decreases and converges to 0.85. This shows that algorithm is entering the exploitation phase, 

refining its search to converge to near-optimal solution. The convergence of the metric suggests that further iterations lead 

to diminishing improvements, which means convergence to a solution that optimizes performance against feasibility. For 

PSO,the optimized factor is the Learning Rate(LR) of the classifier.  
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PSO+GA Optimization 

The optimization process of two metaheuristic algorithms, PSO and GA, was tracked for multiple iterations. The y-axis 

shows the performance measure, which is probably measuring the solution quality being optimized, and the x-axis 

represents the iteration number, which is an indicator of the optimization process’s advancement. 

Code developed  is given below in Fig.6 & Fig.7 - 

 

 
Fig.6. Code developed 

 

 
Fig.7. Code developed 

 

RESULT  

The red line in graph represents the combined performance of the PSO and GA methods, offering insights into their 

collaborative optimization strategy. In the early iterations performance metric begins at around 0.89, highlighting the 

exploration phase of the combined optimization effort. During this stage, the algorithms work together to explore the 

solution specializing PSO’s particle-based exploration alongside GA’s evolutionary techniques to ensure a varied and 

thorough search. A significant milestone is just reached before the 4th iteration, where the performance metric jumps to 

0.92 as depicted in Fig. 8. This notable increase suggests the combine PSO and GA approach has discovered a better 

solution at this point, demonstrating the effective collaboration between the two methods in rapidly converging on 

promising areas of the solution space. 

After reaching its highest point, the performance metric goes up and down. It first drops to about 0.87 and then goes back 

up to around 0.91. These ups and downs show that the system is constantly balancing between exploring new options and 

making the best choices it has found so far. The changes mean the system can avoid getting struck in a less-than-ideal 

solution, making sure the process doesn’t settle too early on a poor result. Later on, performance metric starts to go down 

again and settles around 0.87. This show the combined PSO and GA method has found a solution that is very close to the 

best possible one, and its doing this efficiently without using too much computing power. 
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Fig. 8. Optimization using PSO+GA 

 

DISCUSSION  

The graph reflects how efficient is to combine PSO and GA approaches, applying their respective strengths to find their 

way through the solution space. The fluctuations and subsequent convergence observed reflect the strength of this hybrid 

approach in avoiding local optima, maximizing performance and finding high-quality solutions. Figure 6. highlights the 

usefulness of combining these two algorithms for addressing large optimization problems, pointing to their ability to 

enhance decision and solution quality in the overall methodology.  

PSO Graph: Shows performance rising quickly (exploration), stabilizing after the 6th iteration, and converging around 

0.85. It proves PSO can find good solutions fast. 

GA Graph: Shows up and downs (peaks and valleys), reflecting genetic diversity. It slowly converges around 0.81, 

showing GA’s strength in avoiding premature convergence. 

Combined GA+PSO Graph: Shows the best of both, fast exploration plus careful refinement converging around 0.87-0.91  

After the application of ML, the pending case reduction summary result achieved  is as shown in Table 3. 

 

Table 3. Pending Case Reduction Summary 

Index Metric Value 

0 Total Cases 900.0 

1 Pending Cases Before ML 213.0 

2 Pending Cases After ML 122.0 

3 Reduction Achieved 91.0 

4 Reduction(%) 42.72 

5 Optimization Rate (Adaptive) 42.86 

 

CONCLUSION & FUTURE WORK 

The common as well as specific features across cases are used for their classification. This method is implemented in a 

computer program named Genetic Algorithm for Induction (GAINC) from cases and is said to be generative as opposed 

to deductive or statistical reasoning. Both the PSO and GA techniques work well. The PSO method found potential 

solutions in the 6th iteration, while the GA method demonstrated an investigation and exploitation process at the same 

point. Thus, GA performs feature optimization accuracy rises from 0.89 to 0.93 and PSO performs parameter optimization 

accuracy rises from 0.89 to 0.93.The combination PSO-GA hybrid approach was a kind of way to facilitate this 

optimization process which in turn had given the renewable and efficient system of the resource allocation. Hybrid 

optimization (GA+PSO) ensures better feature selection and hyperparameter tunning, reducing the chances of overfitting 

and enhancing processing efficiency. This makes the algorithms highly relevant in legal workflows and improving 

prioritization of urgent cases, reducing noise in case data, and enhancing predictive accuracy for judicial decisions. 

The special aspect of this approach is the blended nature, where high-level optimization methods such as particle swarm 

optimization and genetic algorithms are combined with AI models to make the court system more effective. Although 

other research uses AI in the courts, but the combination of both of this approach enhance the performance and resource 

allocation in case management . Utilizing both methodologies in tandem is preferable for constructing the models because 

it ensures that the predictions made by the AI not only happen to be correct but also versatile with respect to the various 

forms of legal data, which is something the old system has difficulty with. Future work will include case prioritization 

using Q-learning and comparative analysis using performance metrices. 
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