
International Journal of Mathematical, Engineering and Management Sciences 

Vol. 9, No. 6, 1319-1329, 2024 

https://doi.org/10.33889/IJMEMS.2024.9.6.071 
 

 

1319 | https://www.ijmems.in 

Analyzing the Accuracy of Clustering Based Cab Recommender System 

(CBCRS) Across Varying Densities 

 
Supreet Kaur Mann 

Department of Computer Science and Applications, 

Panjab University, Chandigarh, India. 

Corresponding author: supreet@pu.ac.in 

 

Sonal Chawla 
Department of Computer Science and Applications, 

Panjab University, Chandigarh, India. 

E-mail: sonal_chawla@pu.ac.in 

 
(Received on February 27, 2024; Revised on April 22, 2024 & July 22, 2024; Accepted on August 13, 2024) 

 

 

 

Abstract 

Recommender systems are widely used in today’s world as they narrow down a huge number of options for a user in various 

fields. These recommender systems can also be significantly used by cab drivers also, since they can recommend the nearest 

location of passengers waiting for a cab. For the system to perform better, cluster formation is an essential step to be performed 

using the pick-up locations of the cab provided in the historical data. The recommendation is highly dependent on various other 

parameters also like timestamp, density of the area, clustering technique used, etc. This research paper aims to analyze the impact 

of varying minimum density of the pick-up data points on the accuracy of the recommendations by Clustering Based Cab 

Recommender System (CBCRS). Therefore, the research paper has a threefold objective: Firstly, to identify different clustering 

techniques for clustering the pickup locations. Secondly, the research paper proposes the design and development of a framework 

for CBCRS to cluster the cab pick-up data points along with recommending the nearest pick-up location of passengers to the cab 

drivers. Finally, the paper analyzes and evaluates the accuracy of CBCRS recommendation across varying densities of the pick-

up data points as compared to the Partition-based Clustering Method, Density-based Clustering Method and Hierarchical 

Clustering Methods. 
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1. Introduction 
Recommender systems help make meaningful decisions and have grown as a vital tool in handling the 

challenges faced because of the vast range of choices available (Choudhury et al., 2021). It provides 

personalized recommendations tailored to individual users’ tastes and preferences (Isinkaye et al., 2015). 

In the building of a recommender system majorly three approaches are used (Xu and Tian, 2015): 

Content-based Filtering (Pazzani and Billsus, 2007), Collaborative Filtering (Jia et al., 2015), and Hybrid 

Filtering (Chen et al., 2018). Content-based filtering approach is used in recommender systems where the 

recommendations are based on the user’s past behavior. The collaborative filtering is based on the other 

user’s preferences. If a user likes something then there is a high probability that another user might also 

like the same or similar thing. Finally, Hybridized technique incorporates the benefits of both methods. In 

this research article, the Collaborative Filtering approach was implemented to assist the taxi drivers in 

finding the next passenger's location as it does not suffer from the problem of cold start (Jia et al., 2015).  

 

The recommender system can be of much importance to both cab drivers and passengers (Yuan et al., 

2013). It helps cab drivers find the closest location of the next passenger (Wang et al., 2018) and it also 

assists the passenger in finding the nearest cab location. To recommend the drivers with the future pick-

up site, it is essential to cluster the past pick-up locations (Gupta et al., 2015; Liu et al., 2009). The 
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clustering techniques for clustering the data are categorized into 3 major categories namely ‘Partition-

based Clustering Methods’, ‘Density-Based Clustering Methods’, and ‘Hierarchical Clustering Methods’. 

‘Partition-based Clustering Method’ partitions the data into non overlapping clusters (Mazimpaka and 

Timpf, 2016). Each cluster has a center called the cluster head. The ‘Density-based Clustering Method’, 

on the other hand, groups the points which are close enough and have a high density (Kuzelewska, 2014; 

Tsikrika et al., 2018). The regions where the data points are less than the minimum points are marked as 

outliers. Further in the ‘Hierarchical Clustering Method’, the data points are grouped and represented in a 

hierarchical tree. They either follow a top-down approach or a bottom-up approach to form clusters 

(Okada et al., 2015). 

 

Recommendations assist in making informed and value-oriented decisions (Choudhury et al., 2021). 

Recommender systems are generally categorized into three main types (Hu et al., 2015): Collaborative 

Filtering (Jia et al., 2015), Content-Based Filtering (Pazzani and Billsus, 2007), and Hybrid Filtering 

techniques (Chen et al., 2018). Content-based filtering makes use of item characteristics to generate 

tailored recommendations based on user preferences, which promotes transparency and does not rely on 

user-item interactions. Collaborative filtering, on the other hand, anticipates a user's preferences for items 

by examining the preferences and behaviors of other users. Hybrid filtering integrates both content-based 

and collaborative filtering methods, providing a well-rounded approach to recommendation systems. 

 

The principal aim of this study was to propose a complete framework for CBCRS that shall assist the 

drivers of taxis to get the next pick-up location of the passenger. It was based on the hybrid clustering 

technique to cluster the historical cab pickup locations of the city based on spatial and temporal factors. 

The cab recommender system was also based on unsupervised learning where historical pick-up locations 

of the cab drivers at a particular time of the day were used to find the next passenger location.  

 

2. Literature Review 
Cab recommender systems are becoming increasingly common, giving users the convenience of a rapid 

and inexpensive mode of transportation. Clustering approaches are the most efficient way to match 

drivers and passengers in cab recommendation systems. This literature review provides an overview of 

relevant literature on clustering-based taxi recommender systems.  

 

K-Means clustering is a prevalent clustering technique for taxi recommendation systems. Various 

researchers have used K-means clustering to analyze taxi data and estimate taxi demand. A researcher 

proposed a recommender system for taxi drivers that recommends the most appropriate location where the 

possibility of finding the passenger is high. The proposed system was based on the K-Means clustering 

technique and then later applied regression techniques. The proposed system achieved an accuracy of 

98% (Berdeddouch et al., 2021).  

 

In another study, a researcher proposed TaxiRec to assess and uncover the passenger-finding potential of 

route clusters. The underlying road network was divided into several road clusters using K-Means 

clustering. For each road cluster, a set of features were extracted. The researchers have proposed Extreme 

Learning Machine to find the possibility to find passenger at each cluster (Wang et al., 2018).  

 

Another researcher proposed a recommender system for taxi drivers that recommends taxi pick-up 

hotspots based on Density-based Clustering Algorithm DBSCAN. The researchers tested the 

recommender system on the New York Cab dataset on a week’s data. However, this model does not take 

into account the distance between the taxi driver’s actual location and the recommended location (Mu and 

Dai, 2019).  



Mann & Chawla: Analyzing the Accuracy of Clustering Based Cab Recommender System…  
 

 

1321 | Vol. 9, No. 6, 2024 

Hot Spot Based Route Recommendation based on an improved DBSCAN clustering algorithm was also 

proposed. Later, using the start and end point similar trajectories were identified, and then the potential 

routes were recommended to the taxi driver. However, the dataset size used for this research study was 

not large (Shen et al., 2015). A clustering based system to identify the accident black spots was proposed 

by another researcher. This research used improved DBSCAN to cluster the historical accident spots to 

calculate the accident density of an area (Szénási and Csiba, 2014). A modified K-means Clustering 

known as Mini Batch K-Means Clustering was proposed in a research study. The researcher claimed that 

this modification of K-Means reduces the computational cost as compared to the classic K-Means 

clustering (Sculley, 2010).  

 

Spatio-Temporal Trajectory (STT) model recommends the next pickup location where the taxi driver can 

find the passenger and also recommends a suitable route to reach the recommended location. To achieve 

this, the research paper considered three factors: Pick-up locations cluster, the average speed of the cab, 

and lastly the cruising route to reach the destination. Clusters of the historical pickup locations were 

generated using DBSCAN clustering algorithm. However, the data size used for this research study was 

only for a month, and outdated data of year 2012. Also, the researcher only used density-based clustering 

algorithm DBSCAN into account (Wu et al., 2017). 

 

An algorithm to find the trajectories co-relation based on near points between near points of multiple 

users for Location Based Social Network (LBSN) application (Braga et al., 2012). The researcher 

clustered the trajectories of several users using OPTICS (Ankerst et al., 1999) clustering algorithm. 

 

Several other researchers also used hybrid techniques to cluster the geo-points and improve the efficiency 

of the system. Another researcher developed another variant of partition-based clustering algorithm for 

grouping (Liu et al., 2009). It integrated Partition-based and Hierarchical Clustering. The proposed 

algorithm’s clusters were validated using internal parameters as compared to other clustering algorithms. 

 

A hybrid clustering approach using K-Harmonic Mean (KHM) and K-Means was also proposed by the 

researcher. The suggested approach was evaluated on five different datasets and compared based on 

cluster mean values. The researcher found that the suggested hybrid method outperforms K-Means and 

KHM, regardless of dataset size, scale, or values. The research study’s results are limited to 1500 records 

and further research was implemented in JAVA which has minimal heap memory (Jain, 2012). 

 

A hybrid clustering method that combined hierarchical and partitioning algorithms was developed. This 

approach combined a hierarchical clustering technique and a partition-based clustering algorithm that 

used randomization. The suggested algorithm was compared to other hybrid clustering algorithms on the 

terms of accuracy of clusters formed and detection of outliers. The research study included 768 cases and 

tested the suggested hybrid clustering algorithm on a single dataset (Vijayarani and Jothi, 2016). 

 

3. Research Objectives 
After an extensive literature review, a few gaps were identified that needs to be addressed. Even though 

the literature provides individual algorithms for clustering techniques of cab recommender systems, yet 

there is no complete research-based framework that can assist cab drivers in finding the next pick-up 

location of a passenger based on the hybrid clustering method. Moreover, the literature lacks a 

recommender system that could analyze the effect of the historical pick-up location densities over the 

next pick-up location. 
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Therefore, this research paper aimed to develop and design an efficient framework for Clustering Based 

Cab Recommender System (CBCRS) based on the most efficient clustering technique and analyzing the 

impact of different densities on the accuracy of the proposed system. The research also compares the 

accuracy of the proposed CBCRS with traditional clustering methods like K-Means, BIRCH, and 

DBSCAN. 

 

The purpose of CBCRS was to cluster the historical cab pick-up locations and thereby recommend the cab 

driver to the nearest location where the possibility of finding passengers is higher. The research also 

identified the optimal clustering technique for CBCRS to recommend the pick-up location of passengers 

to the cab driver. The research also further evaluated the accuracy of CBCRS recommendations across 

different densities of pick-up data points as compared to the recommendations based on traditional 

clustering techniques such as K-Means, BIRCH, and DBSCAN. 

 

4. Research Methodology 
The research methodology followed to fulfill the above-mentioned objectives for CBCRS followed a 3-

phased approach. 

Phase I: To propose the design of a framework for a Clustering Based Cab Recommender System 

(CBCRS) to cluster the cab pick-up locations and thereby recommend the cab drivers about the nearest 

passenger location. 

Phase II: To identify the most efficient clustering techniques for CBCRS. 

Phase III: Implementation of CBCRS with the hybrid clustering technique identified from phase II.  

 

Phase 1: Design of framework for CBCRS 

The framework for CBCRS was framed as depicted in Figure 1. A three-tiered architecture was designed 

for CBCRS as User Tier, Data Acquisition Tier, and Recommender Engine Tier. Each tier served specific 

functions crucial for the seamless execution of CBCRS. The User Tier acted as the user interface which 

ensures user friendly and interactive interface for the system. The Recommender Engine tier encapsulated 

the logic and functionality required to recommend the passenger location to the cab driver which includes 

preprocessing, sampling, GPS point matching, and clustering steps. The Data Acquisition tier was 

responsible for storing and managing the pickup locations of the cab dataset and the GPS locations of the 

city. 

 

User Tier: The cab driver requests the recommender system to recommend the next pick-up location 

where the possibility of getting the passengers is high. To find the nearest location to the cab driver, his 

current location was also acquired. The user interface tier functioned as the display layer for user 

interaction, which is an important component in promoting interaction between people and the digital 

world. It included all visual and interactive aspects that the user interacted with when using the CBCRS.  

 

Data Acquisition Tier: This tier played a crucial role in data gathering and ingesting data from the 

database. A database was captured for Chandigarh City comprising 12 fields such as Pickup Date, Pickup 

Time, Pickup Location Name, Pickup Latitude, Pickup Longitude, Drop-off Date, Drop-off Time, Drop-

off Location Name, Drop-off Latitude, Drop-off Longitude, Distance Covered (km) and Travel Time 

(seconds) using GPS device. This layer also included city map data, which included road maps of the city 

and previous pickup locations maintained in the cab dataset. The data acquisition tier also maintained a 

comprehensive database containing essential information about cab pickup locations, times, and dates, as 

well as city map points and previously recommended pickup points at the same spatial temporal 

parameters, thereby improving the framework's overall usability. 
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Figure 1. Framework for CBCRS. 

 

 

The local density of each pickup entry was calculated as in Equation (1): 

 

Let Pi represent a point in the dataset, and let R represent the specified radius in kilometers. For each Pi, 

calculate the distance Dij between Pi and all other points Pj in the dataset (excluding Pi). Count the number 

of points Pj such that 0 <  𝐷𝑖𝑗 < 𝑅. Let this count be Ni.  

Local Density of Point Pi = Ni.                                                                                                                    (1) 

 

The size of the dataset is a few 1000KBs and some of the entries of the dataset are shown in Figure 2. 

 

 
 

Figure 2. Sample dataset for CBCRS. 

 

 

The cab dataset was collected using the GPS device installed in the cab. The dataset comprised of around 

1000 entries which consisted different fields as depicted in Figure 2. The trips which had the distance of 

above 500 meters were only considered as the trips below this distance were really short distances and 

could not contribute to the research.  

 

Recommender Engine Tier: The purpose of the Recommender Engine was to generate personalized 

recommendations for each user (Cab driver) according to their current location. The main steps involved 

were: Data Preprocessing, Data Sampling, GPS Point matching, Data Clustering. As depicted in Figure 1, 
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the dataset was preprocessed removing outliers and invalid entries, handling the missing values as well. 

The latitude and longitude coordinates of the pick-up locations were converted into a 2-dimensional array 

and the huge dataset was sampled into 168 files. For each hour of each day of the week, a different file 

was sampled. The pickup data points were further mapped concerning the city map as these points need to 

be mapped along the roads only. Each of the sampled data was clustered. Intrinsic parameters of clusters 

were used to validate the clusters generated and further cluster heads were identified. The location of the 

user was captured using the geo-location package in Python and using the current location of the user, the 

nearest cluster head was recommended to the user considering the local density at each pickup location.  

 

Phase II: Identification of clustering techniques for CBCRS 

An exhaustive literature study revealed that researchers used a variety of clustering techniques for 

recommender systems including K-Means, DBSCAN, BIRCH, OPTICS etc. To identify a more suited 

clustering technique for CBCRS, a research study (Mann and Chawla, 2022) was carried out on 3 cab 

pick-up locations of ‘New York’, ‘Porto’, and ‘Mexico’. The cab datasets for these cities were publically 

available. The clustering techniques used for comparison in the research study were:  

(i) Partition based Clustering Methods: K-Means Clustering, Mini Batch K-Means Clustering, and 

Spectral Clustering. 

(ii) Hierarchical Clustering Methods: BIRCH and Clustering Using Representative (CURE). 

(iii) Density Based Clustering Methods: DBSCAN and OPTICS. 

 

The clustering techniques can be compared using extrinsic measures or intrinsic measures, but for 

extrinsic measures, the truth values are essential. Intrinsic measures like Silhouette-Score (Shutaywi & 

Kachouie, 2021) and Calinski-Harabasz Index (Cengizler and Kerem-Un, 2017) were used to compare the 

clustering methods as the dataset did not had any truth values and they gave better results than other 

intrinsic measures for large dataset (Liu et al., 2009). The Silhouette Score measures how similar the data 

point is to its own cluster (cohesion) compared to the other cluster (separation). The value of the 

Silhouette Score is between -1 to +1, where a high value indicates a better cluster.  

𝑆𝑖𝑙ℎ𝑜𝑢𝑒𝑡𝑡𝑒 𝑆𝑐𝑜𝑟𝑒 =
(𝑏−𝑎)

max (𝑎,𝑏)
                                                                                                                     (2) 

 

Silhouette Score is calculated using Equation (2). Here, ‘a’ is the average distance of a data point to all 

other data points in the same cluster and ‘b’ is the average distance of the sample to all the data points in 

the nearest cluster (Shutaywi and Kachouie, 2021) Calinski-Harabasz index is the ratio between cluster 

dispersion to within cluster dispersion. The higher the value of the index better the cluster is (Cengizler 

and Kerem-Un, 2017).  

 

Hierarchical clustering, partition-based clustering (such as K-Means), and density-based clustering (like 

DBSCAN) offer unique benefits and face specific challenges. Hierarchical clustering is valuable for its 

intuitive, dendrogram-based structure and does not need a predetermined number of clusters, making it 

adaptable for exploratory purposes. Nonetheless, it can be computationally intensive and may not handle 

large datasets efficiently, and it is prone to distortion from noise and outliers. Partition-based methods like 

K-Means are efficient and scalable, managing large datasets well and being simple to implement. 

However, they require the number of clusters to be defined beforehand and are sensitive to the initial 

placement of centroids, plus they assume clusters are spherical, which may not fit all data types. Density-

based methods such as DBSCAN can identify clusters with varied shapes and handle noise effectively, 

making them suitable for complex data structures. However, they may encounter difficulties with data of 

varying densities and require careful tuning of parameters to achieve optimal results. 
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The results of the research study are tabulated in Table 1.  

 
Table 1. Comparison of different clustering techniques. 

 

Clustering type Clustering technique 

Average silhouette coefficient Average Calinski-Harabasz score 

New York 

dataset 

Mexico 

dataset 
Porto dataset 

New York 

dataset 

Mexico 

dataset 

Porto 

dataset 

Hierarchical 
Clustering 

BIRCH 0.448647 0.433333 0.494151 1347.968 129.1743 1030.26 

CURE 0.443054 0.39279 0.436439 751.3244 103.4119 533.5582 

Partition-based 
Clustering 

Algorithm 

K-Means Clustering 0.452455 0.468929 0.5106 1869.752 162.0549 1362.771 

Spectral Clustering 0.349337 0.295171 0.19274 1002.064 130.5157 502.0799 

Mini-Batch K-Means 
Clustering 

0.434438 0.458942 0.476789 1704.474 140.7774 1110.594 

Density-Based 

Clustering 

Algorithms 

DBSCAN 0.336022 0.150233 0.521844 384.6645 9.214427 140.87046 

OPTICS 0.334287 0.126249 0.222097 383.651 8.684412 106.0731 

 

 

As depicted in Table 1, K-Means formed better clusters as compared to Spectral Clustering and Mini-

Batch K-Means Clustering. DBSCAN performed better as compared to OPTICS for Density-based 

clustering algorithms and lastly, BIRCH generated better clusters as compared to CURE for Hierarchical 

Methods of Clustering.  

 

Further a hybrid clustering technique was proposed encapsulating the Hierarchical Method (BIRCH) and 

Partition Method (K-Means) (Mann and Chawla, 2023). The proposed hybrid method was compared and 

analyzed with K-Means and BIRCH on the same standard datasets of ‘New York’, ‘Porto’, and ‘Mexico’ 

datasets over ‘Silhouette Coefficient’ and ‘Calinski-Harabasz Score’. The results of the experiment are 

tabulated in Table 2. It could be inferred from the results that the proposed hybrid method performed 

better than K-Means and BIRCH clustering methods. 

 
Table 2. Comparison of K-means, BIRCH, and hybrid techniques. 

 

Dataset 

Average silhouette coefficient Average Calinski-Harabasz score 

K-Means 

clustering 

BIRCH 

clustering 

Hybrid clustering 

 

K-Means 

clustering 

BIRCH 

clustering 

Hybrid clustering 

 

New York City 0.42477 0.448647 0.455934 1614.924 1347.968 1675.16 

Porto City 0.494444 0.459654 0.50656 1080.62 987.9646 1224.061 

Mexico City 0.439712 0.433333 0.46553 137.7841 129.1743 157.4542 

 

 

Therefore, the most suitable clustering technique for CBCRS was found to be a hybrid technique 

comprising of Hierarchical Method (BIRCH) and Partition Method (K-Means). The identified technique 

was incorporated and implemented in CBCRS for further research.  

 

Phase III: Implementation of clustering technique in CBCRS 

The proposed hybrid clustering technique (BIRCH +K-Means) was employed in the recommender tier of 

CBCRS. The proposed framework in Phase I was implemented using Python 3.9.13. Based on the 

proposed framework, the algorithm for CBCRS was framed as Algorithm 1. 

 

Initially, the cab dataset was preprocessed and sampled. The cab pick-up geo-locations were mapped on 

the city map. Cluster heads were generated using the proposed hybrid clustering technique for CBCRS. In 

order to compare and contrast the recommendations of CBCRS, the cluster heads were also generated 

using standard clustering techniques like K-Means, DBSCAN and BIRCH. The nearest cluster head to the 

current location of the cab driver was recommended to the cab driver as the next pick-up cab location. 



Mann & Chawla: Analyzing the Accuracy of Clustering Based Cab Recommender System…  
 

 

1326 | Vol. 9, No. 6, 2024 

Keeping in view studying the impact of density on CBCRS, the local density of the cab pick-up locations 

was varied between 10% - 70%. As, beyond this, the number of data points to be clustered were too less 

to form a cluster, so they formed only one cluster. 

 

In algorithm 1, D was the Cab dataset, Ccurrent was the current location of the cab driver and M was the 

City Map data. Firstly, the Cab dataset D was cleaned by identifying and removing the outliers as well as 

the invalid entries. The cleaned data was represented as Dcleaned. After cleaning the cab data, the missing 

entries (DMissing) were removed from Dcleaned and stored as Dimputed. For each pickup point in Dimputed, 

calculate the local density of the pickup point as described in Phase 1. The pick-up latitude and pick-up 

longitude were combined together to form a 2-Dimensional array as A. The preprocessed data Dimputed was 

sampled into 24*7 files, for each hour of the 7 days in a week and resulting in 168 files. Each pick-up 

point from A was mapped on the city map. Clusters were generated using clustering technique for each 

sampled data file DSampled considering the different local densities ranging from 10% to 70%. The clusters 

generated were evaluated using the intrinsic measures. The clustering of DSampled was repeated until the 

intrinsic measures of clusters were comparable. Let CH be the cluster head generated using clustering 

techniques. The cluster head nearest to the CCurrent was recommended to the cab driver as the next pick-up 

location. 

 

Algorithm 1: Algorithm for CBCRS 

Input: D: Cab Dataset, M: City Map Data, Ccurrent Output: Next Pickup location 

Steps:  

a) Identify and remove outliers and invalid entries from D to create a cleaned dataset Dcleaned. 

b) Let DMissing be the subset of Dcleaned containing missing values. 

c) Remove the DMissing entries from Dcleaned to obtain Dimputed 

d) For each pi in Dimputed: 

e) L(pi) = |N(pi)|, calculate the local density of each pickup point.  

f) Let Dlat_long be the subset of Dimputed containing latitude and longitude coordinates of the pickup 

location. 

g) Convert Dlat_long into 2D array A. 

h) Create Dhour_day a subset from DImputed which contains the hour and day of the pickup location.  

i) Create sampled data Dsampled resulting in 168 files.  

j) Using the Folium library map each Data Point from A to the city map C. 

k) For L(pi) ranging from .1 to .7:  

l) For each DSampled file: 

m) Cluster the data points (K-Means, DBSCAN, BIRCH, and Hybrid Clustering technique) and generate 

an array of Cluster heads (CH). 

n) Calculate the intrinsic parameter of the cluster generated. 

o) Repeat until the intrinsic parameters of the cluster reach the maximum value 

p) Get the current location of the cab driver as Ccurrent. 

q) For each Cluster Head in CH: 

r) Crecommend = min (distance (Ccurrent, CH)) 

s) Recommend the Nearest Cluster Head Crecommend to the user.  

 

5. Result and Discussion 
The proposed framework was rigorously tested over the acquired dataset with varying values of densities 

of the pickup points. The accuracy of the proposed system was calculated as formulated in Equation (3). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛𝑠
                                                                                         (3) 
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Let TP be the number of True Positives, TN be the number of True Negative, FP be the number of False 

Positive and FN be the number of False Negatives, then accuracy is calculated by Equation (4). 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑃
                                                                                                                        (4) 

 

If the density of data point was higher than the set density then only the data point was considered for 

recommendation. For instance, if the minimum limit of density is set to 10% of the maximum density, 

then only those data points were considered for recommendation were those whose density is higher than 

the minimum density required. 

 

The accuracy of the proposed framework over the cab dataset for varying local densities of the pick-up 

points are tabulated in Table 3. The densities were varied between 10% and 70% and as the number of 

data points for these densities were higher, multiple clusters were formed. Whereas for densities higher 

than 70%, the numbers of data points were too small and hence, formed a single cluster only. Therefore, 

the densities for this research study were taken from 10% of the maximum density to 70% of the 

maximum value. 

 
Table 3. Accuracy of CBCRS over varying densities. 

 

Density 
K-Means clustering 

method 
BIRCH clustering method 

DBSCAN clustering 

method 

Hybrid clustering method 

(BIRCH + K-Means) 

10 0.952781 0.69976 0.68012 0.976791 

20 0.952781 0.651461 0.65145 0.976791 

30 0.915166 0.43497 0.6278 0.958383 

40 0.90156 0.422517 0.6189 0.930792 

50 0.884754 0.301701 0.58921 0.889556 

60 0.85345 0.29052 0.5723 0.894358 

70 0.830172 0.250172 0.56232 0.853501 

 
 

As evident from Table 3, it was inferred that the accuracy for the Hybrid Clustering Method is higher 

than K-Means, DBSCAN, and BIRCH for all the varying densities. The accuracy of CBCRS using the 

hybrid clustering method ranged from 85.3% to 97.6% as compared to 83% to 95.2% for K-Means, 25% 

to 69.9% for BIRCH and 56.2% to 68.0% for DBSCAN respectively. Moreover, the accuracy of the 

recommender system decreased with the increase in minimum density as the number of data points with 

minimum density decreased. 

 

6. Conclusion 
The research paper aimed at proposing most suited clustering method for CBCRS that recommends the 

next pick-up location to the cab driver. The study also showed the impact of varying densities of the data 

points on the accuracy of CBCRS. From the results, it was evident that the proposed Hybrid Clustering 

method yielded better accuracy over traditional clustering methods like K-Means, BIRCH, and DBSCAN. 

Even when the size of the dataset was large, it yielded better results, therefore it was evident that 

proposed Hybrid Clustering method is unaffected by the size of the database. The accuracy of CBCRS 

decreased with an increase in the minimum density of data points as the number of data points that qualify 

the minimum density also decreased. Hence, the accuracy of CBCRS using Hybrid Clustering technique 

proved to be better than the other clustering methods like K-Means, DBSCAN, and BIRCH. 

 

 
Conflict of Interest 

The authors declare that there are no conflicts of interest to declare with this publication. 
 



Mann & Chawla: Analyzing the Accuracy of Clustering Based Cab Recommender System…  
 

 

1328 | Vol. 9, No. 6, 2024 

Acknowledgments 

The authors acknowledge that no financial assistance has been taken for this research project. 

 

 

 

References 

Ankerst, M., Breunig, M.M., Kriegel, H.P., & Sander, J. (1999). OPTICS: ordering points to identify the clustering 

structure. SIGMOD Record, 28(2), 49-60. https://doi.org/10.1145/304181.304187. 

Berdeddouch, A., Yahyaouy, A., Bennani, Y., & Verde, R. (2021). Recommender system for most relevant k pick-

up points. In: Masrour, T., Cherrafi, A., El Hassani, I. (eds) Artificial Intelligence and Industrial Applications. 

Springer International Publishing, Cham, pp. 277-289. https://doi.org/10.1007/978-3-030-51186-9_20. 

Braga, R.B., Tahir, A., Bertolotto, M., & Martin, H. (2012). Clustering user trajectories to find patterns for social 

interaction applications. In: Di Martino, S., Peron, A., Tezuka, T. (eds) Web and Wireless Geographical 

Information Systems. Springer, Berlin, Heidelberg, pp 82-97. https://doi.org/10.1007/978-3-642-29247-7_8. 

Cengizler, C., & Kerem-Un, M. (2017). Evaluation of Calinski-Harabasz criterion as fitness measure for genetic 

algorithm based segmentation of cervical cell nuclei. Journal of Advances in Mathematics & Computer Science, 

22(6), 1-13. https://doi.org/10.9734/bjmcs/2017/33729. 

Chen, J., Uliji, Wang, H., & Yan, Z. (2018). Evolutionary heterogeneous clustering for rating prediction based on 

user collaborative filtering. Swarm and Evolutionary Computation, 38, 35-41. 

https://doi.org/10.1016/j.swevo.2017.05.008. 

Choudhury, S.S., Mohanty, S.N., & Jagadev, A.K. (2021). Multimodal trust based recommender system with 

machine learning approaches for movie recommendation. International Journal of Information Technology, 

13(2), 475-482. https://doi.org/10.1007/s41870-020-00553-2. 

Gupta, A., Shivhare, H., & Sharma, S. (2015). Recommender system using fuzzy c-means clustering and genetic 

algorithm based weighted similarity measure. In 2015 International Conference on Computer Communication 

and Control (pp. 1-8). IEEE. Indore, India. https://doi.org/10.1109/ic4.2015.7375707. 

Hu, Y., Yang, Y., & Huang, B. (2015). A comprehensive survey of recommendation system based on taxi GPS 

trajectory. In 2015 International Conference on Service Science (pp. 99-105). IEEE. Weihai, China. 

https://doi.org/10.1109/icss.2015.31. 

Isinkaye, F.O., Folajimi, Y.O., & Ojokoh, B.A. (2015). Recommendation systems: Principles, methods and 

evaluation. Egyptian Informatics Journal, 16(3), 261-273. https://doi.org/10.1016/j.eij.2015.06.005. 

Jain, R. (2012). A hybrid clustering algorithm for data mining. Computer Science & Information Technology, 2(2), 

387-393. https://doi.org/10.5121/csit.2012.2239. 

Jia, Z., Yang, Y., Gao, W., & Chen, X. (2015). User-based collaborative filtering for tourist attraction 

recommendations. In 2015 IEEE International Conference on Computational Intelligence and Communication 

Technology (pp. 22-25). IEEE. Ghaziabad, India. https://doi.org/10.1109/cict.2015.20. 

Kuzelewska, U. (2014). Clustering algorithms in hybrid recommender system on MovieLens data. Studies in Logic, 

Grammar and Rhetoric, 37(50), 125-139. https://doi.org/10.2478/slgr-2014-0021. 

Liu, X., Yu, S., Moreau, Y., De Moor, B., Glänzel, W., & Janssens, F. (2009). Hybrid clustering of text mining and 

bibliometrics applied to journal sets. In: Park, H., Wang, K., Apte, C., Zaki, M.J. (eds) Proceedings of the 2009 

SIAM International Conference on Data Mining (SDM). Society for Industrial and Applied Mathematics, 

Philadelphia, PA, pp. 48-59. https://doi.org/10.1137/1.9781611972795.5. 

Mann, S.K., & Chawla, S. (2022). Cluster-based cab recommender system (CBCRS) for solo cab drivers. 

International Journal of Information Retrieval Research, 12(1), 1-15. https://doi.org/10.4018/ijirr.314604. 



Mann & Chawla: Analyzing the Accuracy of Clustering Based Cab Recommender System…  
 

 

1329 | Vol. 9, No. 6, 2024 

Mann, S.K., & Chawla, S. (2023). A proposed hybrid clustering algorithm using K-means and BIRCH for cluster 

based cab recommender system. International Journal of Information Technology, 15(1), 219-227. 

https://doi.org/10.1007/s41870-022-01113-6. 

Mazimpaka, J.D., & Timpf, S. (2016). Trajectory data mining: A review of methods and applications. Journal of 

Spatial Information Science, 2016(13), 61-99. https://doi.org/10.5311/josis.2016.13.263. 

Mu, B., & Dai, M. (2019). Recommend taxi pick-up hotspots based on density-based clustering. In 2019 IEEE 2nd 

International Conference on Computer and Communication Engineering Technology (pp. 176-181). IEEE. 

Beijing, China. https://doi.org/10.1109/ccet48361.2019.8989132. 

Okada, Y., Fukui, Ki., Moriyama, K., Numao, M. (2015). Cluster sequence mining: Causal inference with time and 

space proximity under uncertainty. In: Cao, T., Lim, EP., Zhou, ZH., Ho, TB., Cheung, D., Motoda, H. (eds) 

Advances in Knowledge Discovery and Data Mining. PAKDD 2015. Lecture Notes in Computer Science (vol.  

9078). Springer, Cham. https://doi.org/10.1007/978-3-319-18032-8_23 

Pazzani, M.J., & Billsus, D. (2007). Content-based recommendation systems. In: Brusilovsky, P., Kobsa, A., & 

Nejdl, W. (eds) The Adaptive Web: Methods and Strategies of Web Personalization (pp. 325-341). Springer, 

Berlin, Heidelberg. https://doi.org/10.1007/978-3-540-72079-9_10. 

Sculley, D. (2010). Web-scale k-means clustering. In Proceedings of the 19th International Conference on World 

Wide Web (pp. 1177-1178). WWW '10. Association for Computing Machinery, New York, USA. 

https://doi.org/10.1145/1772690.1772862. 

Shen, Y., Zhao, L., & Fan, J. (2015). Analysis and visualization for hot spot based route recommendation using 

short dated taxi GPS traces. Information, 6(2), 134-151. https://doi.org/10.3390/info6020134. 

Shutaywi, M., & Kachouie, N.N. (2021). Silhouette analysis for performance evaluation in machine learning with 

applications to clustering. Entropy, 23(6), 759. https://doi.org/10.3390/e23060759. 

Szénási, S., & Csiba, P. (2014). Clustering algorithm in order to find accident black spots identified by GPS 

coordiantes. In 14th Geoconference on Informatics, Geoinformatics and Remote Sensing (pp. 497-503). 

Bulgaria. https://doi.org/10.5593/sgem2014%2fb21%2fs8.063. 

Tsikrika, T., Symeonidis, S., Gialampoukidis, I., Satsiou, A., Vrochidis, S., & Kompatsiaris, I. (2018). A hybrid 

recommendation system based on density-based clustering. In: Diplaris, S., Satsiou, A., Følstad, A., 

Vafopoulos, M., Vilarinho, T. (eds) Internet Science. Springer International Publishing Cham, pp. 49-57. 

Vijayarani, S., & Jothi, P. (2016). A hybrid clustering algorithm for outlier detection in data streams. International 

Journal of Grid and Distributed Computing, 9(11), 285-396. https://doi.org/10.14257/ijgdc.2016.9.11.24. 

Wang, R., Chow, C.-Y., Lyu, Y., Lee, V.C.S., Kwong, S., Li, Y., & Zeng, J. (2018). TaxiRec: recommending road 

clusters to taxi drivers using ranking-based extreme learning machines. IEEE Transactions on Knowledge and 

Data Engineering, 30(3), 585-598. https://doi.org/10.1109/tkde.2017.2772907. 

Wu, L., Hu, S., Yin, L., Wang, Y., Chen, Z., Guo, M., Chen, H., & Xie, Z. (2017). Optimizing cruising routes for 

taxi drivers using a spatio-temporal trajectory model. ISPRS International Journal of Geo-Information, 6(11), 

373. https://doi.org/10.3390/ijgi6110373. 

Xu, D., & Tian, Y. (2015). A comprehensive survey of clustering algorithms. Annals of Data Science, 2(2), 165-193.  

Yuan, N.J., Zheng, Y., Zhang, L., & Xie, X. (2013). T-finder: a recommender system for finding passengers and 

vacant taxis. IEEE Transactions on Knowledge and Data Engineering, 25(10), 2390-2403.  

 
 

Original content of this work is copyright © Ram Arti Publishers. Uses under the Creative Commons Attribution 4.0 International (CC BY 4.0) 

license at https://creativecommons.org/licenses/by/4.0/ 

 

Publisher’s Note- Ram Arti Publishers remains neutral regarding jurisdictional claims in published maps 

and institutional affiliations. 

https://doi.org/10.1007/978-3-319-18032-8_23
https://doi.org/10.5593/SGEM2014%2FB21%2FS8.063

