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Abstract - Optimal path suggestion for taxi cabs being operated by private Fleet Management Services (FMS) seems a classical 

combinatorial problem, yet attracts researchers when more conflicting objectives are met. To improve the Quality of Service 

(QoS), the FMS employed a variety of strategies, compromising on some conflicting objectives, such as reducing passenger 

waiting time by having cabs cruise on roads, thereby increasing traffic, air, and noise pollution. To find an optimal solution for 

such kind of objectives, herewith a multi-objective optimization model is proposed. This model fuses the best features of Bio-

inspired algorithms with Recurrent Neural Networks (RNNs) and Graph Neural Networks (GNNs), providing optimal paths for 

FMS cabs. The proposed model has been trained and tested on the 2024 Chicago Taxi trips and Traffic datasets, which were 

downloaded from the official Chicago government portal.s The Points of Interests (POIs) were crawled using the Google Maps 

API. Results showed that the proposed model outperformed the baseline model by reducing CO2 emissions by an average of 

11.4%. In addition, the time taken to pick up is also reduced to a total of 3.70 km for the spatiotemporal parameters taken. These 

reductions indicate that the proposed model has minimized unnecessary cruising time, waiting time, and CO2 emissions to a 

greater extent. This model is modular, scalable, and provides balanced revenue for the FMS that runs in a resource-constrained 

environment. 

Keywords - Forecasting traffic congestion areas, Graph Neural Networks, Heuristic algorithms, Recurrent Neural Networks, 

Ride-hailing services, Route suggestion for taxis. 

1. Introduction 
In metropolitan cities, traffic congestion disrupts day-to-

day activities, and it has become routine for commuters to plan 

early to overcome it. Vehicles that run for emergency services 

will be allowed to move faster, but the situation becomes 

worse if that path gets blocked by hectic traffic. Although the 

infrastructure of the road network has been expanded, the 

usage of private vehicles on the road grows exponentially. The 

reason is either that the public sector vehicles were not enough 

to fulfil all demands or the improper timing was maintained 

by them. To mitigate this issue, private Fleet Management 

Services (FMS) are allowed to provide additional services. 

These service providers attract daily commuters because of 

their last-mile pickup and drop-off services. FMS uses 

strategies suggested by researchers around the world. 

Versatile models were developed by researchers to reduce 

traffic. Factors include abnormal flooding of vehicles at the 

same time, the working hours of popular places, etc. 

contributes heavily to creating congestion on roads. 

Commuters who travel on an emergency basis using FMS 

prefer to reach their destination ahead of time. At that moment, 

travelling via the shortest path Having hectic traffic is a mere 

waste of time. Using the shortest path is different from 

choosing the ‘Optimal’ path, which is a clever choice. The 

term ‘Optimal’ is a quality metric that can be determined by 

providing paths that satisfy both the driver and the passenger. 

Normally, drivers rely on the shortest path to use less fuel, 

whereas the passenger demands on-time drop-off, although 

the kilometres travelled are high. To achieve solutions for 

these sorts of conflicting objectives, researchers develop 

models using neural networks, Heuristic algorithms, or a 

combination of these, etc. These models use High-

Performance Computing (HPC) machines to compute and 

provide a balanced solution. Expecting all FMS to implement 

HPCs is not a feasible solution, but developing models that 

run on resource-light environments can be achieved. Models 

that are developed, tested, and have shown promising results 

were clustered under the literature review section. 

2. Literature Review 
The authors of the article [1] developed a trajectory 

analysis framework to address inefficiencies in traditional 
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travel surveys and mobile phone data for on-demand services. 

It identified key challenges such as GPS errors and socio-

demographic biases, with historical models failing to capture 

real-time supply-demand changes. To overcome these issues, 

analytical models were divided into demand, supply, and 

mixed components, using techniques like map matching and 

trajectory clustering. Ridership was analysed through 

ARIMA, LSTM, and CNN models, while driver behaviour 

was tested using multinomial logit and SVM models. The 

framework was validated with diverse datasets, including 

NYC taxi and Uber trips, but faced limitations due to low 

sampling rates and a lack of high-resolution, real-time data. 

The authors of the article [2] focused on forecasting the 

short-term passenger demand using RNNs such as simple 

RNN, LSTM, and GRU. To train these models, they used 

Tehran’s TAP30 dataset, which has 64 areas with 68 features. 

These models were compared with the ARIMA and XGBoost 

models, and concluded that the simple RNN and the GRU 

performed effectively and produced higher accuracy when 

compared with the LSTM, too. To reduce the MAPE, the 

researchers clustered the data into 15-minute intervals, 

thereby improving the prediction accuracy. 

To forecast the ride-sourcing request effectively, the 

authors of the article [3] constructed an ST-ED-RMGC model, 

which was trained using the NYC trip records. The proposed 

model learnt the complex relationships and temporal 

information effectively while handling the missing data 

cautiously. This model outperformed the LASSO and Random 

Forest, but it took more computation time. To enhance the 

prediction even further, the authors suggested including 

weather data and local events. 

[4] The Discrete Sparrow Search Algorithm is really good 

at solving the Symmetric Travelling Salesman Problem. This 

problem is very hard to solve. The Discrete Sparrow Search 

Algorithm tries to find a way to visit each city one time. It uses 

a way of figuring out the order of the cities, and it also uses a 

method to make sure the population of solutions is very 

diverse. The Discrete Sparrow Search Algorithm has a way of 

looking at the problem from different angles. It uses a 

mutation to look at the problem in a big way, and it uses a 

swap operator to look at the problem in a small way.  

The Discrete Sparrow Search Algorithm also uses a 2-opt 

search to make sure the solution is the best it can be. The 

Discrete Sparrow Search Algorithm was tested on 34 

problems. These problems occurred in between 30 and 1,002 

cities. The Discrete Sparrow Search Algorithm found the 

solution in 26 of these problems. The Discrete Sparrow Search 

Algorithm was better than five methods and 11 new methods. 

However, the Discrete Sparrow Search Algorithm can only 

solve problems where the distance from city A to city B is the 

same as the distance from city B to city A. 

The authors of the article [5] looked at how to deal with 

traffic jams in cities by checking out ways to predict what will 

happen using neural networks like CNN, LSTM, GRU, and 

GCN. They tried these methods with information from cities, 

including Los Angeles, Beijing, and Shenzhen. These 

methods used tools to pay attention to important things and 

looked at what happened in different places and times. Even 

with these methods, urban traffic congestion models still had 

some problems. Urban traffic congestion models often do not 

work well in all cities. Urban traffic congestion models also 

assume that things do not change much in a city, which is not 

true. It is hard to understand how urban traffic congestion 

models work because they are so complicated. Sometimes 

they do not think about things like the weather or accidents, 

which makes it hard to use them to make cities better for 

everyone. 

Researchers in the article [6] came up with an idea called 

the Improved Firefly Algorithm. This Improved Firefly 

Algorithm is used to solve a problem called the Multi-Depot 

Vehicle Routing Problem with Time Windows. The Improved 

Firefly Algorithm tries to find the distance using the fewest 

vehicles and takes the least amount of time for the route. The 

Improved Firefly Algorithm makes sure that the vehicles do 

not carry too much and that they arrive at the places they need 

to go to at the right time. If a vehicle gets to a place early, it 

will wait. The Improved Firefly Algorithm first decides which 

customers to send to which vehicles. Then it uses an old 

method to plan the routes.  

After that, it tries to make the routes better by looking at 

them. The Improved Firefly Algorithm uses a way of moving 

around to avoid getting stuck in a bad solution. It is like the 

firefly is moving around and looking for a place to go. The 

people who came up with the Improved Firefly Algorithm 

tested it on some data called the Cordeau benchmark data. The 

Improved Firefly Algorithm worked better than some 

algorithms, like the traditional Firefly Algorithm, the Genetic 

Algorithm, and the Ant Colony Algorithm. The Improved 

Firefly Algorithm is very good at solving problems that 

involve sending vehicles to many different places. 

The study [7] is about the Vehicle Routing Problem with 

Simultaneous Pickup and Delivery and Time Windows. The 

goal of the Vehicle Routing Problem with Simultaneous 

Pickup and Delivery and Time Windows is to find a way to 

reduce the distance that vehicles travel and the number of 

vehicles that are needed. The study uses a method called Ant 

Colony Optimisation with Destroy and Repair strategies. This 

method uses a rule that considers the direction vehicles are 

going, how urgent the deliveries are, and how long it takes to 

make each delivery. The destructive part of this method gets 

rid of the customers who are not as important. Then the repair 

part puts these customers back into the route in a way that tries 

to save money and reduce regret. The researchers tested this 

method on some problems and found that it worked really 
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well. In fact, the Ant Colony Optimisation with Destroy and 

Repair strategies was able to reduce the distance that vehicles 

travelled by up to 36 percent compared to a basic version of 

this method. The Vehicle Routing Problem with Simultaneous 

Pickup and Delivery and Time Windows method also worked 

well, as did some other top methods. However, sometimes it 

was not as good at reducing the number of vehicles that were 

needed. Also, it was hard to compare the results of this study 

to those of other studies because the computers used were 

different. 

The authors in [8] looked into the challenges of predicting 

traffic flow in edge IoT environments by creating a smart 

hybrid framework called PROMOTION. They tried to handle 

data and improve hyperparameter tuning in large road network 

graphs. To do this, they used the Local Outlier Factor, or LOF, 

in pre-processing to remove nodes and shrink the graph size. 

Then they processed the cleaned data with a Graph 

Convolutional Neural Network, or GCNN. The GCNN used 

normalization for aggregation. 

The authors of the article [9] have identified that 

traditional methods and PSO struggle a lot in solving the 

Vehicle scheduling problem for ore companies. These models 

often get stuck in local optima. To overcome this issue, these 

authors developed a modified PSO by introducing four 

methods, such as elite reverse, adaptive weights, a jump-out, 

and mutation. These methods increased the search 

effectiveness and population diversity. The proposed model’s 

operational cost was found to be lower when compared with 

practical 10 VSP simulations and tested with advanced 

algorithms using 12 benchmark functions. This model could 

not be generalized as it has been constructed using a private 

dataset, and its optimization made the model hang between 

speed and accuracy. 

The authors focused on the Energy Minimising Vehicle 

Routing Problem by aiming to reduce energy use based on 

vehicle distance and load [10]. Four hybrid algorithms were 

developed, combining capacity-restricted K-Means/K-

Medoids clustering with Best-Worst Ant System (BWAS) and 

Variable Neighbourhood Search (VNS). Evaluated on 

CVRPLIB benchmarks, two frameworks were tested: Free 

Ant (which uses clustering for pheromone start points) and 

Restricted Ant (which breaks the problem into smaller TSPs). 

Free Ant outperformed Machine Learning-Tabu Search (ML-

TS) on “Set A” with a 7.08% better solution gap, but required 

more computational time and parameter tuning. Restricted 

Ant was faster but slightly less accurate. The proposed 

strategy also suffered from Scalability and parameter 

sensitivity. 

The authors [11] have constructed the Multi-View 

Dynamic Graph Convolution Network (MVDGCN), which 

addresses the shortcomings of traditional traffic prediction 

models by capturing complex, multi-periodic temporal 

patterns and dynamic spatial relationships. It uses three 

encoder-decoder modules for hourly, daily, and weekly views, 

integrating a Coupled Graph Convolution Module (CGCN) 

and a Dynamic Fusion Module (DFM) for adaptive feature 

weighting. The proposed MVDGCN was evaluated using 

RMSE, MAE, PCC, and MAPE on the NYCTaxi and 

NYCBike datasets and compared with eight baseline models, 

including CCRNN and XGBoost. MVDGCN outperformed 

all baselines with a maximum of 12.9% improvement in 

RMSE compared to CCRNN. The ablation studies validated 

the contribution of each component, but the complexity 

increases the computational cost, which has raised interest in 

model pruning to improve efficiency. 

The article [12] addresses the issue of creating novel 

hybrid metaheuristic algorithms that will be capable of solving 

complex optimization tasks by finding a balance between the 

exploration of a larger space and the use of search algorithms. 

The developed models include a combination of several 

computational approaches, including multi-ant systems 

combined with local search algorithms, large neighbourhood 

search with Genetic Algorithm (GA), and Ant Colony 

Optimization (ACO) applied to the multi-objective Vehicle 

Routing Problem (VRP). Even though the advanced 

combinations of these models benefit from the strengths of 

each algorithm in order to generate optimal results, the article 

lacks important information for making an appropriate 

evaluation. In particular, the exact problem that is to be solved 

is not mentioned at all, and the information about testing 

datasets (their number, features, etc.) is absent as well. 

The Vehicle Routing Problem with Time Windows is 

really tough to solve. This is because it is an NP-hard problem, 

and it takes a long time to find a solution. The Self-

Competitive Particle Swarm Optimisation algorithm is a way 

to solve this problem [13]. It is also called ScPSO. The ScPSO 

algorithm works by letting the particles that are not doing well 

learn from the ones that are doing well. It also uses a weight 

that changes to help the particles search for the best solution. 

The algorithm starts with a solution and then makes it better 

by looking at the solutions that are close to it. The ScPSO 

algorithm was tested on a lot of problems. These problems are 

called Solomon’s 56 benchmark problems. The ScPSO 

algorithm did better than or just as well as other algorithms 

like S-PSO-VRPTW, HGA, MS-EAS, and TSA. It even did 

better than the solutions that were already known. This is 

especially true when the customers are in places. The ScPSO 

algorithm is really good because it has increased the profit 

from 48.5% to 71.8%, more than the basic PSO algorithm. 

However, it is still hard to set up the algorithm and to make it 

work well. 

The researchers in the article [14] constructed the GMTP 

framework to figure out how long it takes to travel by vehicle. 

They wanted to understand the roads and how traffic changes 

at different times and places. The GMTP framework uses a 
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tool called GATv2 to see how different areas are connected, 

and it also looks at how often buses and trains run. It uses 

something called BERT to understand the path that vehicles 

take. The framework also looks at things like rush hour, day 

of the week, etc. The GMTP framework was tested on a lot of 

data from Porto and Beijing. It worked better than models like 

Traj2vec and Transformer. The only problem with the GMTP 

framework is that it only uses GPS data and does not use 

information, such as where people check in. 

The authors introduced the Hierarchical Spatio-Temporal 

Graph Convolutional Neural Network (HSTGCN) to address 

traffic speed data imputation, especially under complex 

"blockout" and non-random missing patterns [15]. Tested on 

real-world datasets (PEMS-BAY and Seattle), HSTGCN uses 

a dual-layer architecture: a macro layer that clusters nodes 

using Pearson correlation for learning from non-adjacent 

roads, and a road layer combining adaptive adjacency matrices 

with temporal attention mechanisms. The model fuses feature 

across layers for final imputation. Evaluated against deep 

generative and tensor decomposition models (BGCP, DSAE, 

MIWAE, BTMF, GA-GAN), HSTGCN consistently achieved 

higher accuracy, maintaining strong performance even with 

70% missing data. However, feature interpretability remains 

an area for future research. 

The researchers have developed a HetGAT, a 

heterogeneous graph neural network, that addresses the 

shortcomings of traditional User Equilibrium Traffic 

Assignment Problems (UE-TAP) for large urban networks 

[16]. Using a two-encoder design-combining a Virtual Graph 

Encoder for capturing long-range dependencies with Real XG 

for local processing-HetGAT effectively estimates link flows, 

even with up to 40% missing origin-destination data. The 

model was validated on Sioux Falls, East Massachusetts, and 

Anaheim datasets, using a composite loss function that 

balances supervised accuracy and physics-based constraints. 

Compared to FCNN, GAT, and GCN, HetGAT achieved up 

to 56.4% lower mean absolute error in the EMA network. 

While robust and efficient, its application is limited to static 

traffic scenarios. 

To handle the balance between increasing service 

requests and rising operational costs, the authors of the article 

[17] proposed a novel logistics distribution model through the 

application of an Improved Fireworks Artificial Bee Colony 

(IFW-ABC) algorithm. The model introduced the use of an 

adaptive search strategy with real-time variable control for 

step size and search space. The focus was on minimizing an 

all-inclusive cost function for transport, fixed costs for a 

vehicle, and time, while observing strict vehicle load and time-

window constraints. The authors successfully optimized the 

distribution model through the use of mathematical functions 

to control the balance between a global search and optimal 

locality. The simulation and validation runs were based on the 

Solomon benchmark problem and a real-world case for 

reference. In comparison to the other form of the ABC model, 

the IFW-ABC was proven to be more effective, with an 

average delivery cost of 3.2 % and a 15.4 % reduction in the 

total cost in the case study. The study appreciated the vast 

improvements regarding the efficiency and utilization of 

vehicles, but acknowledged that, due to the ABC model, the 

same local optimality and universal parameter problems were 

present. To enhance the Quality of Service in multiple trips 

and depots, using the complex Fuel-Electric Hybrid VRP, the 

authors of the article [18] have developed an improved DSSA 

by introducing the tent mapping and key encoding techniques 

for initialization and discrete variables. This model is tested 

against the Cordeau benchmarks and proves its ability to 

reduce the total distribution cost by 4.22% and path distance 

by 5.84%. Even then, the proposed model has limitations, such 

as the assumption that vehicles are moving at a constant speed, 

which is impossible in the real world. 

Accurate forecasting of traffic volume and speed is 

always challenging. The authors of the article [19] have 

addressed this issue by developing a Spatial-Temporal 

framework called the GNN-DW-LSTMA model. This model 

uses MLPs to enhance the Quality of learning and to reduce 

the over-smoothing problem. This model is compared with the 

baseline models, such as STGCN and the DCRNN, on two 

datasets, PeMSD7 (M) and PeMSD7 (L). It outperformed all 

the baselines in accuracy and reduced the MAE values, too. 

Hence, it is considered robust in traffic forecasting by the 

developers 

To effectively forecast traffic prediction from various 

perspectives, the authors of the article [20] created an MSTFF 

model. Since it is a time-series problem where the model 

should be trained on continuous timestamps, it uses a sliding 

window technique to separate normal traffic and sudden 

blocks. This model is trained and tested with 4 datasets, and it 

performed well against 12 baseline models. Despite its success 

in forecasting congestion, the model is limited to a one-hour 

forecasting window. The authors thus concluded by 

confirming that this model, in the future, will improve its 

accuracy if local events and weather conditions data are 

included to manage city traffic. 

Researchers in [21] constantly focus on developing 

hybrid models to mitigate the problem of acquiring the 

Spatial-Temporal correlations, which were disturbed by the 

complex road networks and flow dispersion at junctions. The 

authors of this article addressed this issue by constructing a 

model called the STGM, which uses a GCN and a temporal 

attention-enhanced LSTM. The model used four different 

graphs, such as Distance, transfer, speed similarity, and 

occupancy matching. This model is thus evaluated using the 

PeMSD8 and Xuancheng datasets. This model has 

outperformed ARIMA and advanced GNNs such as 

MSTGCN, ASTGCN, and STSGCN in metrics including 

MAE, RMSE, MAPE, and NRMSE. Researchers thus 
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concluded that the complexity of real-world traffic is always 

challenging. 

The model GNN-SDE, which is a graph neural network 

that estimates shortest distances very fast, even faster than 

conventional methods such as Dijkstra's, has been proposed in 

[22]. It makes use of information from node (coordinates, hop 

distance) and edge (travel time) features and propagates this 

information using layers in a graph neural network. The 

Performance of the model is optimized using the minimization 

of the Mean Absolute Error Loss function, while shortest path 

estimation is performed using an algorithm similar to 

Dijkstra's algorithm. The validation of the model has been 

done on both synthetic grid graphs (1,000 - 100,000 nodes) 

and real-world road networks in Manhattan and Hillsborough 

County (with floods as risk), where the GNN-SDE showed a 

Pearson Correlation of over 0.979. 

[23] The Spatial-Temporal Graph Wavelet Neural 

Network (SWNN) aims at overcoming difficulties in traffic 

flow forecasting, such as complicated road networks, 

insufficient spatiotemporal data, and over-smoothing in 

GNNs. The SWNN approach is a combination of Graph 

Convolutional Neural Networks to extract spatial features and 

Long Short-Term Memory layers to analyse temporal aspects. 

The wavelet transforms act as an activation function, whereas 

historical context attention helps in capturing long-range 

dependence and preserving the integrity of the signal. The 

SWNN was tested on real-world data sets such as PEMS04 

and the California traffic dataset and demonstrated the best 

results compared to other classical and recent methods (such 

as T-GCN, GMAN, STGCN, and WaveletCNN), reaching 

smaller RMSE and MAE. 

The everyday hectic traffic congestion in Bangalore city 

is taken as the study area by the authors of the article [24]. To 

overcome this issue, these authors have constructed an ST-

GNN model that integrates a multi-agent system to forecast 

the bottleneck and to optimize the signal. To train this model, 

they have used the dataset of Bangalore’s traffic data for a 

period of 200 days, which consists of features such as volume, 

speed, roadwork, etc. This model got an F1-Score of 86.99% 

and suggested speed and volume as the important features. 

Although this model performed effectively, it lagged in 

throughput or queue length, which will be addressed as future 

work. 

The researchers [25] have developed a Physics-Guided 

Spatiotemporal Graph Neural Network (PG-STGNN) to 

enhance urban intersection traffic flow forecasting through the 

incorporation of physics-based constraints, such as queue 

length and volume-to-capacity ratio, into a four-step deep 

learning approach. In PG-STGNN, Graph Convolutional 

Networks (GCNs) have been applied for spatiotemporal 

learning, whereas Long Short-Term Memory (LSTM) 

networks have been used for learning temporal dynamics 

based on actual traffic data collected from a signalized 

intersection in Beijing. PG-STGNN outperformed other 

baseline algorithms (KNN, ARIMA, RF, GNNs) with respect 

to Mean Absolute Percentage Error (MAPE) and prediction 

error by a margin of 9.452% and 9.8%, respectively. The study 

noted limitations regarding computational complexity and 

interpretability, recommending future transitions toward 

multimodal data integration. 

Some of the problems encountered in conventional 

optimization techniques, such as poor convergence rate and 

falling into local minima, were overcome through enhanced 

Tent mapping and a dimensional reverse learning approach. In 

the study [26], an Improved Whale Optimization Algorithm 

with Recurrent Neural Networks (IWOA-RNN) is utilized to 

cope with the nonlinear dynamics of traffic flow analysis by 

using actual highway data of Guangzhou. The parameters for 

optimizing the RNN include population size and adaptive 

weights. When compared with other models such as Support 

Vector Machine (SVM), KNN, CNN-LSTM, and hybrid 

techniques (PSO-SVM, GWO-ANN), IWOA-RNN 

outperformed all these in terms of accuracy by getting the 

lowest MAE, MRE, MSE, and RMSE values and improving 

9% performance of the basic RNN. 

Researchers [27] addressed the multi-depot, multi-

salesman problem by integrating Ant Colony Optimization 

(ACO) with the Artificial Bee Colony (ABC) algorithm, 

utilizing a tensor (I×J×K) method for efficient route and cost 

management. ACO generated an optimal pheromone matrix, 

serving as input for the ABC process, which minimized route 

costs via bee-inspired agents. The model was tested on 

multiple TSPLIB benchmarks with 2-10 salesmen. The hybrid 

AC-ABC algorithm outperformed other methods (AC-PGA, 

IPGA, TWPS), achieving a 1.48% variation and reducing 

execution time by 580%. For a single objective, the model 

performs well, whereas further research should be done for 

multi-objective problems and real-world applications like 

robotics and delivery scheduling. 

The research conducted in [28] addressed the problem of 

traffic signal prediction in a large-scale urban network, crucial 

for automated traffic control. Two versions of the Spatial-

Temporal Graph Convolutional Neural Network (STGCNN) 

model have been designed, including a basic one and an 

improved one with Signal Plan IDs and traffic state. For the 

investigation, the urban network of Tel Aviv and the arterial 

road Even Gvirol have been used, providing speed 

information based on Bluetooth sensors and signal plans of the 

city. Traffic is represented in terms of spatiotemporal graphs 

employing Chebyshev expansion. STGCN models perform 

better than traditional LSTM and RNN models. The addition 

of temporal external features and fixed cycle steps has led to 

improved results, although certain limitations are associated 

with partial Bluetooth data and mismatched data. To address 

the issues arising from unreliable and insufficient information 



P. L. K. Priyadarsini et al. / IJETT, 74(10), 403-421, 2026 

408 

in traditional traffic flow forecasting in the context of flooding 

in an urban environment, the authors of the article [29] 

presented the PINN-GNN model that uses Graph Neural 

Networks (GNNs) and Physics-Informed Neural Networks 

(PINNs). Features of the model include a field effect module 

and the use of a modified LWR traffic equation with a 

composite loss function. The model is tested on historical 

traffic data and rainfall data in London and then tested in terms 

of scalability in 16 cities. The model outperformed existing 

baselines by 17.5% in heavy rain (in terms of MAPE, MAE, 

and RMSE). Although very accurate in the case of traffic, it 

demands much computing power. 

3. Proposed Model 
Based on the nature of the problem, a multi-objective 

optimization problem is formulated to assign cabs to the user 

requests, with the following objectives and corresponding 

constraints. 

1. min f (Waiting_Time+) - To reduce the waiting time of 

riders, allowing cabs to cruise on roads leads to traffic, air, and 

noise pollution. Hence, it should not exceed the threshold. 

 min 𝑓 (𝑊𝑎𝑖𝑡𝑖𝑛𝑔_𝑇𝑖𝑚𝑒)  = 𝑇𝑃𝑖𝑐𝑘𝑢𝑝𝑛,𝑟𝑛
− 𝑇𝑅𝑒𝑞𝑢𝑒𝑠𝑡𝑛 ,𝑟𝑛   

where, 

𝑇𝑅𝑒𝑞𝑢𝑒𝑠𝑡𝑛 ,𝑟𝑛
 - Time of Request made by the Rider ‘n’ 

𝑇𝑃𝑖𝑐𝑘𝑢𝑝𝑛,𝑟𝑛
 - Time the cab took to reach the Rider ‘n’ 

Subject to: 

𝑇𝑃𝑖𝑐𝑘𝑢𝑝𝑛,𝑟𝑛 −  𝑇𝑅𝑒𝑞𝑢𝑒𝑠𝑡𝑛 ,𝑟𝑛  ≤ 𝑇𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑    

(where TThreshold = 15 minutes, for example) 

𝑇𝑃𝑖𝑐𝑘𝑢𝑝𝑛,𝑟𝑛
≤ 𝑇𝑅𝑒𝑞𝑢𝑒𝑠𝑡𝑛,𝑟𝑛

+ 𝐶   

(where C is a buffer time to reach the pickup location) 

𝐷𝑖𝑠𝑡(𝑇𝑎𝑥𝑖𝑝𝑜𝑠, 𝑃𝑖𝑐𝑘𝑢𝑝𝑟𝑛) ≤ 10 𝑘𝑚  

2. min f (Cruising_Time) - Reducing fuel consumption by 

making the cab idle increases the waiting time of the passenger 

booked for a ride. 

min 𝑓 (𝐶𝑟𝑢𝑖𝑠𝑖𝑛𝑔_𝑇𝑖𝑚𝑒)  =  ∑ ∑ 𝐶𝑇𝑣,𝑟𝑣∈𝑉 𝑟∈𝑅   

where, 

CTv denotes the Cruising time for picking up ride r for 

vehicle v 

Subject to: 

𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑟𝑖𝑑𝑒 𝑟 , ∑ 𝑈𝑣,𝑟 ≤ 1 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑣   

where Uv,r is an Indicator random variable for vehicle v 

assigned to ride r 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑉𝑒ℎ𝑖𝑐𝑙𝑒𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛,   𝑃𝑎𝑠𝑠𝑒𝑔𝑒𝑟𝑃𝑖𝑐𝑘𝑢𝑝) ≤

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒_𝑀𝑎𝑥   

where Distance_Max is the maximum distance the vehicle can 

travel to satisfy the overall minimization of cruise time  

𝑇𝑆𝑡𝑎𝑟𝑡𝐶𝑟𝑢𝑖𝑠𝑒  ≥ 𝑇𝐿𝑎𝑠𝑡𝐷𝑟𝑜𝑝_𝑜𝑓𝑓𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟
+ 𝛥𝑡  

where 𝛥𝑡 is the time taken to change the taxi flag from 

booked to available. 

3. min f (Idle_time) =  ∑ 𝑇𝑖𝑑𝑙𝑒(𝑑)𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑑𝑟𝑖𝑣𝑒𝑟 𝑑   

But if too much idle time is reduced by keeping the cab 

busy, the driver’s resting time will be disturbed. 

Subject to: 

 Maximum Work Condition: 

𝑇𝑅𝑢𝑛𝑛𝑖𝑛𝑔𝑇𝑖𝑚𝑒(𝑑) ≤ 𝑇𝑀𝑎𝑥_𝑊𝑜𝑟𝑘𝑖𝑛𝑔𝐻𝑜𝑢𝑟𝑠 for each driver d 

 Minimum Rest Condition: 

 𝑇𝐼𝑑𝑙𝑒(𝑑) ≥ 𝑇𝑀𝑖𝑛𝑅𝑒𝑠𝑡𝑇𝑖𝑚𝑒
(𝑑), for each driver d. 

4. min f (Travel_Time) - During peak hours, using the 

shortest path to reduce travel time may lead to more fuel usage 

if the chosen path is stuck with hectic congestion. So, we try 

to minimize the travel time, which includes the time spent in 

traffic. Hence, for each taxi: 

min 𝑓 (𝑇𝑟𝑎𝑣𝑒𝑙𝑇𝑖𝑚𝑒)  

=  ∑ (𝑇𝑇𝑟𝑎𝑣𝑒𝑙(𝑖,𝑗) + 𝑇𝑇𝑟𝑎𝑓𝑓𝑖𝑐(𝑖,𝑗))

(𝑖,𝑗)∈𝐸

∗  𝑥(𝑖,𝑗) 

where,  

E is the set of Edges of the form (i,j),  

i & j are the consecutive nodes along the path and i≠j 

x(i, j)  =  {
1 If the road between i and j is taken

0 Otherwise
  

∀ i,j where i ≠ S and j ≠ D 

Once the above multi-objective optimisation problem is 

formulated, we designed an integrated architecture, as given 
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in Figure 1, to provide an optimal assignment of vehicles to 

users, followed by finding the best route for the ride. The 

proposed model in Figure 1 consists of three modules: (i) Cab 

and User mapping, (ii) Prediction of traffic and POIs to avoid 

congestion, and (iii) Optimal routes generated using GNNs. 

The first phase focuses on matching the passenger with the cab 

that is idle or cruising nearby. This is done by solving the 

above-mentioned multi-objective optimisation problem using 

the meta-heuristic model, the Discrete Sparrow Search 

algorithm.  The second phase identifies the congested areas to 

be avoided when reaching each passenger’s destination from 

their respective sources using the pre-trained LSTM model. 

The last phase utilises Graph Neural Networks (GNNs) to 

forecast alternative paths to the destination without any 

hurdles. The modules are clustered into two groups: the first 

cluster tries to minimise the idle time, waiting time, and 

cruising time in the first module, and the second cluster tries 

to reduce travel time, mapped with the second and third 

modules of the proposed framework. The overall increase in 

service quality can be achieved by the entire model. Each 

module will be discussed in the subsequent sections. To train 

and test the model, the Chicago Taxi Trip Dataset [30] and its 

Traffic dataset have been collected for the year 2024 [31], and 

the Points-of-Interest (POI) or Hotspots were crawled using 

the Google Maps API. These datasets have undergone many 

pre-processing steps that were explained in the corresponding 

section. The overall process flow of this architecture is shown 

in Figure 2. 

Phase 1: Data Pre-Processing: For any model to be 

trained, tested, and launched, it demands historical datasets 

that are cleaned and processed. To train and test the proposed 

model, herewith 3 datasets were collected and pre-processed. 

They are the Chicago taxi-trip dataset, the traffic dataset, and 

the POIs dataset. These datasets were perfectly aligned for the 

July 2024 period, and the “flash cab” FMS taxi trip records 

were taken as inputs. These datasets underwent initial 

processing, such as finding missing values for each feature and 

using interpolation techniques, and type conversions were 

made. The Chicago taxi trip dataset has been identified with 

absurd records, i.e., records with 0.0 miles travelled; there 

were around 10,217, and merely 33 trips had 0.0 seconds 

recorded, which means that the trip has the same source and 

destination geo-coordinates. Such records were truncated 

from the dataset. The Chicago traffic dataset has around 

2,042,169 sensor speed errors, which are (-1), indicating 

whether those sensors failed to capture a valid reading due to 

network loss or whether those sensors might have gone for 

maintenance during that time. These records were removed 

from the dataset in this phase. Thus, after pre-processing, the 

Chicago Taxi trips dataset for the month of July 2024 has 

22,346 valid trips. Similarly, the traffic sensor dataset has 

5,83,188 valid speed records. Using KD-Tree and spatial 

binning methods, the POIs’ geo-coordinates were clustered, 

and has identified that 84,219 POIs were available for July 

2024. All the features are standardized and cleaned so that the 

model can integrate the 3 datasets clearly and understand the 

patterns, such as on which day, time, and which POIs and 

intersections were busy. Using this knowledge, the model can 

start to forecast the future whenever a trip is initiated. 

Phase 2: DSSA Phase: The following objectives were 

mainly focused on in this section:  min(f(waiting_time)), 

min(f(idle_time)), min(f(cruising_time)), subject to each 

function’s constraints. These objectives come to a trade-off 

space when each customer is mapped to each cab, and each 

cab is utilised optimally to get booked for a ride. Thereby, 

cruising time and idle time are implemented properly. To map 

the driver with the rider, herewith the framework uses the bio-

inspired algorithm called the Discrete Sparrow Search-based 

Dispatch Engine operating over the previously constructed 

Chicago transportation graph, transforming static pre-

processing outputs into a dynamic, topology-aware fleet 

optimisation system. The core optimisation loop executes a 

discrete variant of Sparrow Search, where each taxi represents 

a “sparrow” candidate competing to service a user request. For 

every incoming trip, the pickup location is mapped to the 

nearest graph node using a KD-tree, and for each taxi, its 

current position is similarly mapped. The shortest path road 

distance is computed via Dijkstra over the graph using edge 

length as weight; if routing fails, a fallback Manhattan-style 

geodesic approximation is used. A fitness function is 

calculated as weighted road distance plus a load-based 

penalty, discouraging over-utilisation of the same vehicle. The 

taxi with minimum fitness is selected, and its state is updated 

to the drop-off location, thereby chaining dispatch decisions 

sequentially-this constitutes the discrete, iterative search 

mechanism tailored for fleet allocation rather than continuous 

parameter optimisation. 

Tent chaotic mapping is introduced as an “explorer”, 

generating bounded chaotic sequences that enhance entropy 

across iterations; here, it ensures non-deterministic yet 

controlled variability within the optimisation cycle, 

preventing predictable dispatch repetition patterns. Stochastic 

key exchange, a technique used as a “translator”, further 

strengthens system security by generating a SHA-256-based 

cryptographic key derived from taxi ID, trip ID, chaotic state, 

and nanosecond timestamp entropy, embedding tamper-

resistant authentication metadata within each dispatch record. 

In the earlier technique, the DSSA search space is widened, 

and thousands of different taxi-passenger combinations are 

tried. Before the matching begins, this module finds the 

possibilities to match the passenger. In the latter, the 

matchmaking happens, i.e., the “decoder” finds which 

passenger gets the “best” cab first. Once a taxi is assigned to 

a person, it will be removed, from the pool of taxis to satisfy 

our condition that: ∑ 𝑈𝑣𝑟 ≤ 1𝑟 ∈𝑅  ∀𝑣 ∈ 𝑉.  The bio-inspired 

algorithm eventually forces too many idle taxis during peak 

hours to get the pickups in a parallel manner, including the 

taxis that are cruising for pickups. Therefore, this model 

reduces the time of: 
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F (fitness)  =  w1 ∑ (𝑇𝑊𝑎𝑖𝑡 , 𝑟)𝑟 ∈𝑅  +
 w2 ∑ (𝑇𝐼𝑑𝑙𝑒 , 𝑣) +𝑣 ∈𝑉 w3 ∑ (𝑇𝐶𝑟𝑢𝑖𝑠𝑒 , 𝑣)𝑣 ∈𝑉   

where w1, w2, and w3 are the weighting factors that are 

introduced to find a trade-off between the objectives taken by 

this phase. These weighting factors ensure that the primary 

objective of minimizing customer waiting time is met without 

degrading drivers’ downtime and increasing the cruising time. 

Therefore, this phase provides overall satisfaction through 

balanced workload, reduced waiting time, and the emission of 

CO2 is reduced by avoiding cruising taxis on roads. 

Phase 3: LSTM Phase: This module is constructed to 

understand the traffic zones and the POIs’ locations when 

more people are attracted to them. To forecast the traffic 

horizons, this LSTM uses the 80/10/10 methodology, where 

80 percent is for training, 10 percent for validation, and 

another 10 percent for testing. It consists of 2 stacked layers 

having 32 units, each with a dropout regularization of 0.2. The 

model uses the “Adam” optimizer and MSE. The inputs are 

normalized using the MinMaxScaler. It calculates a 

congestion Index ranging from (0 - 1), where ‘0’ is heavily 

congested and ‘1’ is a freeway. To forecast the POIs, another 

LSTM uses a 2-stacked layer consisting of 128 and 64 units, 

each with a dropout of 0.3 and 0.2, respectively. These two 

layers use the “Adam” and “Huber loss” optimizers. The 

POIs’ records are expanded further to hourly records, and an 

interruption score is created. Finally, the forecasted locations 

are processed using DBSCAN to find which zones are highly 

active. 

Phase 4: GNN phase: Once the previous module is ready 

to forecast the traffic congestion and the POIs, which occurs 

during the beginning of each trip, this module uses the 

information received into a unified format and as batches that 

will be forwarded to 3 widely used Graph Neural Networks 

namely, the Graph Attention Networks version 2 (GATv2), 

Spatiotemporal Graph Convolutional Neural Network 

(STGCNN), and the Diffusion Convolutional Recurrent 

Neural Network (DCRNN). These models have already 

shown promising outputs that were discussed in the literature 

survey section. These GNNs have the ability to generate the 

path while considering the spatiotemporal data from the 3 

datasets. To create a path that can be implemented in real-

world that ‘osmnx’ library is used to crawl the original road 

networks of the city of Chicago. Once the city map is fixed, 

the GNNs are constructed with their respective layers. To 

begin with, the GATv2, it is constructed with 2 distinct layers: 

the Convolution layer and a multi-head attention layer to 

capture the complex neighbourhood relationships and data 

patterns. It integrates with a Dijkstra shortest-path algorithm 

to generate a path that avoids POIs and congested zones. It is 

trained with a batch size of 32 and 64 units for 100 epochs. 

Early stopping of 15 epochs with a learning rate of 0.0005 is 

also implemented. The STGCNN model is constructed using 

the GCNConvLayer with LSTM to learn the spatiotemporal 

patterns clearly. It uses a 12-step input sequence to predict a 

multi-step forecast of 3-6 steps, i.e., 15 to 30 mins. Early 

stopping at 10 and 20 epochs was implemented with a learning 

rate of 0.001. The DCRNN is constructed with a bidirectional 

Diffusion convolution with Gated Recurrent Units (GRU) to 

read the long-term temporal features in the city road network. 

Here, the input sequence length was 12 to perform a multi-step 

forecast of 3, 6, and 12, i.e., 15, 30, and 60 minutes. Early 

stopping at 12 epochs is implemented with a learning rate of 

0.001. All the 3 models used the ‘Adam’ optimizer and the 

MSE loss function. These GNNs were trained and tested with 

the given inputs to accurately generate the path, based on the 

guidance of our previous module, which predicts traffic and 

POI information. By steering the route to reach the 

destination, avoiding the POIs and the congested locations, 

each of the GNNs generates an individual path. Thus, the 

generated paths may sometimes be longer than usual for some 

trips, but greatly avoid POIs and congested zones.

 
Fig. 1 Proposed model 



P. L. K. Priyadarsini et al. / IJETT, 74(10), 403-421, 2026 

411 

 
Fig. 2 Process flow diagram 

4. Results and Discussions 
To identify peak service usage, this study trained and 

tested its framework on data from Flash Cab, Chicago's largest 

taxi fleet management service, which operates 577 vehicles. 

Figure 3 illustrates the daily demand from July 25th to 31st, 

2024. This specific week was chosen because the taxi trip and 

traffic datasets perfectly overlap during this period. The peak 

usage of cabs was on 25th July 2024, with 863 trips made by 

280 flash cabs.  

Figure 4 portrays the peak-hour usage of these cabs on 

that day. All ride requests within that peak hour are sorted 

chronologically based on taxi_id, and the trip_start_timestamp 

features to simulate a real dispatch queue conditions. Fleet 

initialisation is performed using each taxi’s Last Known 

Location (LKL), which is updated sequentially using past trip 

end points; if unavailable, the pickup coordinate of its first 

July trip is used, ensuring state continuity.  

Each taxi is registered with latitude, longitude, and a 

cumulative load counter, enabling closed-loop state updates. 

Around 78 trips were made between 11 a.m. and 12 p.m. The 

taxis used to provide services were only 57, as shown in Figure 

5. A baseline deadhead metric is computed using mean-

centred spatial dispersion in meters to estimate pre-

optimisation inefficiency for later comparison. 

 
Fig. 3 Daily demand trend for 25 to 31 July, 2024 
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Fig. 4 Peak hour identification 

 
Fig. 5 Peak hour cab usage 

The DSSA metaheuristic module directly operates on the 

Chicago Taxi trips dataset for training and testing purposes. It 

evaluates the candidate solutions across population search 

matrices over 22,346 valid July Taxi trips.  

The training runs for 200 epochs with an early stopping 

of 20 epochs, yielding the same global best fitness score. Its 

performance in minimising the 3 objectives was shown in 

Figure 6.  

 
Fig. 6 DSSA optimisation report 

An increase in utilisation of cabs from 57 to 66 shows that 

such cabs were either idle or cruising for pickups in the wrong 

region, have been utilised, and the trip requests were evenly 

distributed; thereby, the income is balanced and reduces the 

over-usage of the same cab. It further extends that the cruising 

time, i.e., the “Deadhead” distance travelled, is also reduced.  
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To assign cabs for each request made, the overall 

execution time of the DSSA is also recorded and portrayed in 

Figure 6. Since the requests are assigned seamlessly, the 

waiting time for each passenger is also reduced. This module, 

therefore, integrates discrete swarm intelligence, adaptive 

fleet chaining, chaos-based entropy injection, and 

cryptographic security into a unified DSSA optimisation layer 

suitable for real-time intelligent mobility systems. As a side 

effect, an average of 11.4% reduction in CO2 is achieved by 

this model. The time taken to pick up the passengers is also 

reduced to a total of 3.70 km for the spatiotemporal parameters 

taken. The results are discussed based on the comparison of 

this model with the baseline model i.e., the default method, 

and is displayed in Figure 7. 

 
Fig. 7 DSSA versus baseline 

 
Fig. 8 Chicago congested road network 

While the DSSA optimised the mapping of riders to 

drivers, the next phase contributed its part by forecasting the 

hotspots and the traffic zones to be crossed between each trip 

source and destination. It is common to have congestion on 

roads during peak hours, but it can be avoided if forecasted 

early. Hence, with the help of an LSTM that was trained with 

the Chicago Traffic Dataset, the prediction operation was 

performed, and Figure 8 depicts the forecasted traffic 

segments in the city for the testing date and time. Congestion 

on the road occurs when more people share the road segment, 

and hotspots will attract a hectic crowd.  

To forecast the Hotspots that create congestion, another 

LSTM is trained, and around 146 Hotspots were predicted; a 

few of them have been marked for easy understanding in 

Figure 9 during the peak hour on 25th, July 2024. 
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Fig. 9 Predicted hotspots 

 
Fig. 10 Traffic segments and hotspots 

The combined Traffic segments and the hotspots together 

were marked in Figure 10. The total road segments displayed 

are 4392, out of which 1098 segments were marked as 

congested lanes, and 146 hotspots were available, which 

attracted the crowd. Since the DSSA optimised the 

reassignment of ride requests from 57 to 66 cabs, most of the 

cabs that were close to pick-up locations were connected, and 

a few cabs that travelled to reach the customer location were 

marked in Figure 11, with deadhead distance to be crossed to 

pick-up marked in purple coloured dashed lines. Graph neural 

networks such as GATv2, STGCNN, and the DCRNN have 

been trained with the Chicago Taxi Trip dataset and the 
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Chicago Traffic dataset, and these models were in a position 

to suggest alternate paths when traffic segments and hotspots 

were given as inputs. The estimated kilometres to be travelled 

and the time taken to compute the path for all 78 trips were 

recorded. 

Figure 12 displays the number of hotspots and the 

congested zones to be crossed by the GATv2, which were 

reduced when compared to the baseline path to be travelled. A 

snapshot of the GATv2 alternate path is also shown in Figure 

13.  

 
Fig. 11 A snapshot of the DSSA cabs to reach the corresponding customer 

 
Fig. 12 Baseline travel distance versus GATv2 travel distance (in Kms) and other parameters 
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Fig. 13 GATv2 computational time to generate alternate paths 

 
Fig. 14 GATv2 reduced the hotspots and the traffic-congested zones for 26 trips 

The overall performance of the GATv2 model is recorded 

for the 26 trips for which it has generated the path; the hotspots 

to bypass, and the traffic sector it avoided are shown in Figure 

14. The Computational time of GATv2 is 137.78 seconds, 
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whereas the Spatio-Temporal Graph Convolutional Neural 

Networks (STGCNN) performed well in generating routes for 

the 78 trips in 129.40 seconds, which is slightly faster, but 

avoided less traffic and hotspots when compared to GATv2.  

Figure 15 and Figure 16 portray the computational time 

taken by the model and a snapshot of the routes generated, and 

Figure 17 shows exactly how the 23 trips effectively reduced 

the traffic and hotspots, respectively.

Fig. 15 STGCNN performance 

Fig. 16 A few trips of STGCNN-generated routes 
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Fig. 17 STGCNN reduced the exposure to traffic and hotspots 

 
Fig. 18: DCRNN travel time and computational time for each trip 

The last model is the Diffusion Convolutional Recurrent 

Neural Network (DCRNN), which has generated the expected 

routes for all 78 trips in 133.98 seconds, which is a moderate 

speed by avoiding a considerable number of hotspots, but 

suggested routes where more traffic segments needed to be 

crossed. Figures 18 and 19 display the travel time and other 

parameters generated by the DCRNN and the output map 

containing routes for a few trips. Overall, this model has the 
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ability to suggest an optimal path for 18 trips, as shown in 

Figure 20. The overall performance of this model is displayed 

in Figure 21. It is observed that, though the training time for 

predicting traffic zones has taken a considerable amount of 

time in the entire system, it has performed well in re-assigning 

cabs with passengers, forecasting the traffic and hotspot zones, 

and generating GATv2-generated paths for all the trips within 

a short span of time, leaving the other two GNNs. 

 
Fig. 19 DCRNN routes generation snapshot 

 
Fig. 20 Traffic and hotspot exposure changes by the DCRNN 
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Fig. 21 Summary of the entire framework

5. Conclusion 
The constructed model DSSA-LSTM-GATv2 can 

effectively compute routes by avoiding traffic and hotspots, 

thereby resulting in an overall reduction in drivers’ idle time 

and cruising time, which indirectly maximises the revenue 

across the cab drivers and reduces the waiting time and travel 

time of passengers for pickups and drop-offs and improves the 

satisfaction of the trip at both ends. Its modularity helps to 

dynamically update the dataset of any component at ease 

without disturbing the others, rather than constructing a giant 

transformer for computation. This model is scalable for any 

FMS having 200+ cabs, due to its lower time consumption in 

forecasting the paths. This model is effective in reducing the 

emission of CO2 during cruising time and congestion zones. 
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