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Real-Time Traffic Data Processing System And Taxi
Track Processing Visualization Platform Based On
Spark

Abstract:

Big data technology plays an increasingly important role in analyzing and mining
traffic big data. In order to quickly and effectively analyze the operating mode and
passenger carrying strategy of taxis, this study designed the effectiveness index model
to quantificate and sort the taxis’ effectiveness. Taking high-effective taxis as the
research object, a data processing and visualization platform is developed based on
Spark big data framework. Firstly, higheffective taxis trajectory data are processed to
obtain characteristic data for visualization. Then visual analysis is carried out,
including high-effective taxis operation characteristics obtained from statistical
analysis and interactive chart display, using hexagon grid and DBSCAN algorithm to
visualize the hotspot of high-effective taxis carrying passenger points in different time
periods, implementing interactive trajectory query based on buffer, and extracting the
trajectory-related factor. Finally, the validity and reliability of this platform are
verified by GPS trajectory data of Chengdu taxi. Traffic big data is the most basic
condition for solving urban traffic problems. It is an important guarantee for
formulating macro-city traffic development strategy and construction planning. And it
is also an important guarantee for carrying out micro-road traffic management and
control. In view of the characteristics of intelligent transportation system such as fast
data generation, high real-time performance and large amount of data, this paper
constructs a real-time traffic data processing platform based on the combination of
Spark Streaming and Apache Kafka to process the data collected by dual base
stations. Using time window mechanism to get data from Kafka, and process the data
to the database according to the rules. In this study, the system architecture and
internal structure of the platform are introduced in detail, and the real-time processing
capability of the system is verified through experiments, which can be applied under
large-scale and high-concurrency data flow.

Keywords: big data; stream processing system; double station data; Spark Streaming;




Apache Kafka

With the development of social economy, the people's living standards are
improving day by day, the ownership of urban means of transportation is increasing,
the contradiction between road supply and demand is becoming increasingly
prominent, and various urban transportation problems continue to emerge. In order to
improve the current situation of urban transportation. It is not enough to rely solely on
increasing road infrastructure, but also to continuously improve the level of
informatization and intelligence of traffic management. With the gradual
implementation of intelligent transportation system, various types of traffic detection
equipment provide a large amount of data, these data open up new ideas for solving
urban traffic problems, is the most basic condition for solving urban traffic problems,
is to formulate macro urban traffic development strategy planning and micro road
traffic management and control of important guarantees [1].

Not only that solving the traffic problem by analyzing various spatial data is a hot
topic in the current research. Taxis offer a wide range of and flexible transportation
services, and are an important part of urban mobility. Taxi trajectory data records the
flow information of urban roads and residents, and the mining and analysis of taxi
trajectory data is conducive to the construction of urban smart transportation. In
formulating reasonable urban transportation policies, rational allocation of urban
public transportation, and alleviating urban traffic congestion.

With the development of economic progress and spatial information technology,
the scale of taxi trajectory data has increased exponentially. In order to store and
analyze the large amount of data generated, a new architecture is needed to handle
taxi trajectory data. The development of big data technology provides the possibility
for rapid and efficient processing of large-scale spatial data. Spark is an emerging and
outstanding distributed computing framework in the Hadoop ecosystem, with high
fault tolerance and high scalability. Leverage the spark framework for parallel storage,
parallel computing, and the optimization of in-memory computing. Potential, can
accurately and effectively analyze and study urban traffic problems, and realize big
data-driven intelligent transportation.

Efficient drivers have rich driving experience and operational strategies, and
obtaining high-efficiency taxi trajectory data is more meaningful for research. In this

paper, a benefit index model is proposed to quantitatively sort the benefits of taxis,




and high-efficiency taxis are extracted as research objects. On this basis, a Spark-
based taxi trajectory processing and visualization platform is designed, which can
quickly and effectively analyze the operating mode and passenger carrying strategy of
high-efficiency taxis.

Therefore, in view of the characteristics of fast data generation, strong real-time
and large amount of data in intelligent transportation systems, it is of great
significance to study the data processing methods of big data technology in the field

of traffic informatization.
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I Relevant research status

With the rapid development of Location Based Services (LBS), taxi trajectory data
can well reflect the operation rules of taxis, urban traffic conditions and residents'
travel characteristics. Researchers in different fields have conducted various studies
on taxi trajectories.

In terms of taxi operation analysis, Weng Cet al. proposed a taxi operation analysis
model based on floating car data (including passenger mileage, mileage utilization,
driver work intensity and other parameters). Liu L et al. analyze taxi GPS data to
understand the operation mode of taxis, classify drivers, and reveal the spatio-
temporal characteristics of taxi operations with high profits. Zhang DQ et al. have
been able to dig into taxi GPS trajectories from three perspectives: customer seeking
strategy, passenger operation strategy, and service area preference Car hire service
strategy.

In terms of taxi hotspot analysis, Liu DY. developed the SmartAdP visual
analysis system, which uses taxi track data to determine the hotspot area where
billboards are placed. Chang HW predict the distribution of passenger demand in
relation to time, weather and taxi location, and improve taxi operations through hot
spot analysis through K-means, hierarchical clustering, and DBSCAN Manage. The
B-Planner system uses taxi track data to extract passenger get-on and-off hotspots for
night bus route planning in Hangzhou. In terms of visual analysis, Wang ZC designed
a GPS-based one an interactive visualization system of trajectories of urban traffic
congestion, used to explore and analyze traffic conditions in the city. Niu Dandan
Visually analyzes passenger travel characteristics from the temporal and spatial
dimensions by processing taxi trajectory data. Huang XK proposed visualization
method Traj Graph, which stores and visualizes the traffic information recorded by
taxi trajectories through graph structure, studies the traffic patterns of cities.

The application of big data technology can quickly and efficiently process large-
scale spatial data. In recent years, many distributed computing frameworks for
processing spatial data have emerged, such as Spatial Hadoop based on the Hadoop
extension. With Hadoop-GIS, Spark-based extensions of Geo Spark, Location Spark

and Simba et al. However, the Hadoop MapReduce computing model outputs




intermediate results to disk, generating a large number of I/O operations, making it
difficult to achieve large-scale spatial data processing. The performance of the Spark
framework is better than that of the Hadoop framework, and its memory-based
parallel computing architecture performs better by using RDD.

Through literature research, it is found that the application of traffic big data in
vehicle trajectory statistics, accompanying vehicle discovery, traffic flow prediction
and fake deck vehicle screening is increasing, but the data needs to be processed
before data analysis. With the development of distributed computing technology, big
data technology has been widely used in the field of traffic data processing and
analysis.

In the literature[2], a short-term traffic flow prediction based on MapReduce and
K-neighbor search algorithm is proposed, which can accurately predict the traffic flow
in the next time period in a short period of time. Literature [3] in Cao Bo. The
distributed parallel data processing framework Spark was used to process and analyze
the license plate recognition data generated by the road traffic data processing
captured by the traffic camera, and the accompanying vehicles could be found quickly
and efficiently based on the parallel FPGrowth algorithm. Literature[4] Based on real-
time monitoring collected by traffic cameras. Data, using the parallel computing
power of cloud infrastructure, can effectively process large-scale streaming license
plate recognition data, instantly detect suspected accompanying vehicles and output
the discovery results in real time. After a large number of studies on the literature, it is
found that the current application of big data technology in the field of transportation

mainly has two problems:

(1) Most of the offline data is processed. At present, most of the processing of
traffic data using big data technology is aimed at offline data, using the
MapReduce programming model to abstract the data processing process. Map
and Reduce operations, using the idea of "divide and rule" for distributed
processing[5]. This processing method is aimed at static historical data, and in
the face of low latency real-time data stream processing, its computing
efficiency is relatively low, which cannot meet the requirements of real-time
processing of stream data.

(2) Processing for a single source of data. In the current literature, the use of big
data technology in the field of urban transportation is mainly to process and
analyze a single data source, such as video surveillance data or RFID data,
which cannot be effectively processed by multiple data sources, and cannot
comprehensively and effectively use the data collected by intelligent
transportation systems, so as to make up for the limitations and defects of single




data.
Aiming at the above problems, this paper focuses on how to use big data
technology to perform real-time computing and processing of RFID traffic data and

video capture data obtained through dual base stations in intelligent transportation.

2 Framework and model research

2.1 Spark Distributed Computing Framework

Spark is an open source distributed computing framework like Hadoop that
extends the widely used MapReduce computing model for building large, low-latency
data analytics applications. Its main feature is the ability to read and write
computations in memory, which improves computing performance. Resilient
Distributed Dataset (RDD) is a basic data abstraction in Spark, representing a read-
only, partitionable, parallel computable data collection. RDDs can be fully or partially
cached in memory and reused in multiple calculations; By distributing tasks to all
nodes in real time, the parallelism of computation can be guaranteed. RDD supports
two types of manipulation operators: conversion actions and action actions. The
conversion action generates a new RDD from an RDD calculation, and the action
action is generated. RDD calculates a result and outputs the result to the Spark
system.

Spark SQL is a module used by Spark to process structured data, which optimizes
data storage in the form of column storage on the data store, which can more easily
process taxi track data. The core programming abstraction of Spark SQL is Data
Frame, a distributed dataset based on RDD that records structural information with
data. At the same time, SQL statements are provided to manipulate and manage the

data, and the results are returned in the form of Data Frame.
2.2 Dual base station technology

Dual base station, refers to each traffic data acquisition base station contains
RFID traffic data acquisition system and video capture system two sets of data
acquisition equipment, that is, when the vehicle passes through the base station, can

get RFID passing record and video capture record at the same time[6]. The RFID




traffic data acquisition system is mainly composed of RFID electronic cards attached
to the windshield of the vehicle, RF1D readers installed on the road, communication
transmission networks and information centers. The RFID reader can collect the
information in the RFID tag carried by the vehicle, mainly including the record serial
number, base station number, lane number, start card reading time, end card reading
time, tag number, tag type, license plate number, license plate color, model, body
color, etc. Video capture system.

The data attributes collected mainly include the serial number, base station
number, lane number, crossing time, license plate number, license plate color, body
color, location speed, violation type, image number, whether speeding, etc.

Through the research and analysis of the data collected by the above two kinds of
equipment, these two kinds of data have the characteristics of continuous data arrival,
real-time data arrival and data scale, so that the system needs to be processed in unit
time. The amount of data has increased significantly, and the traditional data
processing architecture can no longer meet the actual needs. To solve this problem,
this article designs a distribution based on a combination of Spark Streaming and

Apache Kafka Traffic data processing platform.

3 Platform architecture

3.1 Visualize the taxi platform architecture

Due to the advantages of high scalability, easy maintenance, and no need to
install specific software, this paper adopts B/S software technology architecture for
platform construction, and develops a "taxi trajectory processing and visualization
platform" that integrates big data processing, visualization and interaction In the big
data processing stage, the platform processes raw data based on spark framework, and
extracts high-efficiency taxi trajectory data after data preprocessing and benefit index
model calculation. Calculate high-efficiency taxi characteristic data as a data source
for subsequent visualization. The visualization stage consists of 3 parts: (1)
Operational characteristics analysis visualizes the statistical calculation of high-
efficiency taxi characteristic data in the form of charts; (2) Passenger hotspot

visualization combines map data and passenger point data to allow users to use




cellular grids and DBSCAN algorithms to visualize hot spots for highly efficient taxi
pick-up points at different times; (3) For trajectory query and visualization, the
trajectory correlation factor of a single passenger trajectory of a highly efficient taxi is
extracted and the trajectory visualization is performed on the map

The big data of taxi trajectory is processed using Spark RDD and Spark SQL, as
shown in Figure 2, including data reading and encapsulation, data preprocessing, cost-
effective taxi extraction, and visualization feature dataset calculation. Data reading
and encapsulation, the taxi track data of a certain day is read into the RDD in the form
of strings, the Taxi class is constructed for encapsulation, the RDD is extended to
TaxiRDD, the initial RDD is converted into TaxiRDD. data preprocessing, taxiRDD is
imported into the established Spark SQL data table, Spark SQL will automatically
assign field names and data types according to TaxiRDD, and use SQL statements to
preprocess the data.
Including culling abnormal data, data deduplication and other operations. High-
efficiency taxi extraction, the pre-processed DataFrame is exported to TaxiRDD, the
taxi benefit index is calculated and sorted by the conversion operator provided by
Spark, the taxi track data is extracted and the high-efficiency taxi track data is
extracted and output taxiR DD<Taxi><list >. Visualize the feature dataset calculation,
and the taxi leddd < list for the high-efficiency taxi track data<Taxi> > trajectory
points are calculated to obtain a visual characteristic dataset of highly effective taxis.
The dataset is saved to a local folder as a data source for subsequent visual analysis.
The analysis of the operational characteristics of high-efficiency taxis can help the
operation strategies of taxi drivers. Operational characteristics mainly include the
distribution of passengers per hour of high-efficiency taxis and the length of a single
passenger hunt
Distribution, distribution of single passenger carrying time, distribution of single
passenger carrying distance, etc. The platform offers date range selection, allowing
queries on the highly efficient taxi operation features of any date range. Use Spark to
read the visual feature dataset of the selected date, perform statistical calculations, and
calculate the results in JSON grids
transfer to the front end, using ECharts to implement interactive chart presentation in

the browser interface




3.2 Passenger hotspot visualization function

This function provides date range selection and time range selection, and supports
cellular grid and DBSCAN spatial clustering algorithm to calculate high-efficiency
taxi passenger hotspots.

Grid structures are useful for analyzing large spatial datasets, while honeycomb
structures are the best topology covering two-dimensional planes, and hexagons are
also seamless polygons with the largest number of edges. This article uses a grid
visualization of the cellular structure

The distribution of passenger points, but the grid-based calculation of passenger
hotspots reduces the accuracy of hotspot calculation to a certain extent. Therefore, on
this basis, the DBSCAN calculation is realized
Method calculation of passenger hotspots. DBSCAN is a density-based spatial
clustering algorithm that can divide areas with high density into clusters and discover
clusters of any shape in noisy spatial data. Setting the appropriate Eps neighborhood
and minimum number of containing points for MinPts to cluster is DBSCAN

The core of the algorithm. According to the definition of the taxi hotspot area
range in the literature , eps are set to 50 m. In the case of the Eps parameter
determination, minPts values that are too small will produce too many class clusters,
and conversely a large number of non-noisy objects will be ignored. Combined with
the research data of this paper, after several trials, it was found

MinPts is best set to 20.In this paper, dbsCAN spatial clustering algorithm based
on KD-Tree nearest neighbor search is implemented in Spark to improve the problem
of long clustering time due to large data volume. Set the parameters Eps: 50 m,
MinPts:20, After calculating the clustering results, each class center in the clustering

result is used as the core clustering point, and the inverse address is resolved.
3.3 Kafka Messaging System

Kafka was originally developed by LinkedIn as a high-throughput distributed
message subscription and publishing system([7], whose throughput can increase
linearly as the cluster expands, and is widely used in massive data processing fields.
Figure 1 shows the overall architecture of Kafka, consisting of producers and proxies.
(Broker) and Consumer (Consumer) three major components; Producer is responsible

for collecting and pushing messages to the Broker, while brokers are responsible for




receiving messages and persisting them locally, and Consumer is the true consumer of

messages, pulling messages from The Broker and processing them.[8]

Figure 1 Kafka overall structure diagram

A topic topic can be thought of as a queue, and each message must specify a
Topic. In order to increase the throughput rate of Kafka linearly, each topic can be
divided into one or more partitions, each of which corresponds to a folder at the
physical storage level, including this under the folder
partition all messages and index files. All partitions of a Topic are distributed across
multiple servers in a Kafka cluster, and the Kafka instance on each server is
responsible for reading and writing messages in the partition on that server. When the
message arrives, it is appended directly to the partition, which is a sequential write
disk operation, so it is very efficient; When consumers consume messages, Kafka
reserves an offset for each consumer
Information offset, which is controlled by the consumer, under normal circumstances
Consumer increments the offset sequentially after consuming a message, not required
Kafka uses a locking mechanism to mark which messages have been consumed by
which consumers, thus providing a strong guarantee for Kafka's high throughput rate.
Through this partitioning mechanism, the efficiency of message
preservation/consumption is ensured, and the throughput rate of Kafka is effectively
improved.

For high availability Kafka introduced a replication mechanism, each partition is
backed up to multiple servers, based on this scheme, it means that multiple backups of
the partition need to be scheduled; Each partition has a server as the lead, responsible
for all read and write operations; Other servers act as followers, just synchronize
messages. If the dominant server fails, the other follower servers will take over as the
new dominant, so that only one server is responsible for reading and writing
operations, making the system simpler and more efficient. However, as the dominant
server will carry all the request pressure, for better load balancing, Kafka will try to
distribute all partitions evenly across the entire cluster, thus ensuring the overall
stability and efficiency.

Kafka provides message persistence with O(1) time complexity, high throughput,
high reliability, and easy scalability, and can support both offline data processing and




real-time data processing. Based on this, Kafka is fully suitable for distributed traffic

big data processing systems.
3.4 Spark Streaming

As a major model in the field of big data computing, the current mainstream
stream computing frameworks include Twitter's Storm, Yahoo's 84, Microsoft's
Timestream and UC
Spark Streaming developed by Berkeley AMPLab.[9]. Among them, Spark Streaming
is a distributed streaming computing framework based on the DStream model and
built on the Spark computing engine, which can realize high-throughput, fault-tolerant
real-time streaming data processing.

DStream (Discretized Stream) is a key program abstraction in Spark Streaming,
representing a continuous input data stream that can be created based on input data
streams such as Kafka[10] Internally, a DStream is composed of a set of elastic
distributed datasets that are continuous in time RDD sequences; Each RDD contains
data streams over time intervals and is an immutable distributed recalculable data set,
as shown in Figure 2. Since Spark Streaming is based on the Spark processing engine,
its calculation process is actually to divide the input data into a segment of DStream,
each DStream is converted into an RDD for Spark, and then the RDD is manipulated
into an intermediate result stored in memory through the Spark engine, and finally the
intermediate result is overlaid or stored to an external device according to the needs of

the business.

Figure 2 Spark Streaming process diagram

Spark Streaming supports fetching data from a variety of data sources, such as
TCP Socket, Flume, Kafka, Twitter, Zero MQ, etc. For the Kafka messaging system,
Kafka's simple consumer API Create Direct Stream is directly called during system
development to read data and create the same number of RDD partitions as Kafka
partitions to correspond one-to-one, thereby improving system performance.

On the one hand, Spark Streaming was chosen because the data flow system can
be processed in real time and the results can be obtained, and the framework has good
scalability, fault tolerance and throughput, which is suitable for application scenarios

where data is continuously generated and real-time processing is required. On the




other hand, because it is based on the Spark batch processing engine, it can be placed
in the same software stack as batch processing and instant query, realizing seamless
sharing of data, thereby reducing development and maintenance costs, and also
providing a foundation for offline data processing and mining services in the later

stage of the system.

3.5 Platform System Architecture

The system architecture of the distributed traffic flow data processing platform
designed in this article using the Kafka and Spark Streaming frameworks is shown in
Figure 3, including the data receiving part, the Kafka message subscription system,
the data handler, and the data storage part.

The data receiving section is used to receive data sent from the front-end data
collector, and to ensure the efficiency and stability of data transmission with the
client. Netty should be a high-performance, asynchronous event-driven network
Using the program framework [11], the use of multi-threaded or IO multiplexing
technology can simultaneously process thousands of client access requests, which is
widely used in the field of big data distributed computing, the data processing
platform designed in this paper uses Netty as a communication server. Front-end data
collection in this system. The integrator acts as the client, and the Netty server acts as
the server to collect data request messages sent from the client. Netty data receiving
servers, which are considered message producers, are responsible for writing received
data to the Kafka messaging system through the producer interface created, the

number of different types of traffic. According to the different topics sent to Kafka.

Figure 3 Overall architecture diagram of the system
The Kafka messaging system aggregates data from RFID capture devices and
video capture devices into a data stream. The Kafka messaging system spreads
different types of data across different topics; Depending on the business processing
requirements, the data is forwarded to the Spark Streaming cluster differently.
Processing is carried out in the processing module.
The data handler, which runs on a Spark Streaming cluster, is the core module of

the system; The Kafka message system is used as a data input stream for real-time




processing. Spark Streaming continuously extracts data from the Kafka message
queue in a time window and then processes it for business processing, including both
direct business handler and indirect business handler. Direct business processing
procedures in this article mainly refer to traffic statistics; The indirect business
processing. process first performs data splicing processing, and then processes it
according to the business rules, which mainly includes trajectory data statistics and
abnormal data extraction. With the continuous expansion of the business, other
business processing procedures can be developed as needed for convenient and quick
deployment on the cluster.

Data storage section, the result of the processing data is stored. When the data is
spliced, statistical and abnormal processed by the data processing program, it is
necessary to use different storage methods for different processing results, the main.
There should be relational databases, in-memory databases, distributed databases, etc.
The vehicle trajectory processing results are stored in HBase, which is divided into
multiple different domains, and stored with the reverse order string of the license plate
number and time string as the key. The traffic statistics of each collection point are
stored in the in-memory database Redis; Store exception data in the relational

database MySQL.
3.6 Handle the internal structure of the platform

Figure 4 shows the internal structure of the traffic data processing platform. A
Spark Streaming cluster consists of multiple worker nodes, each running multiple
Spark Executors, running related business processors on spark Executor. At the same
time, the distribution is installed on each worker node. database systems HBase, in-
memory redis, and relational databases MySQL; HBas e is used to store vehicle
trajectory data; MySQL is used to store exception data records; Redis uses to store
traffic data from collection points. In order to ensure the scalability of the system, the
three storage methods selected in this article, HBase, Redis, and MySQL, can be
deployed using a clustering scheme.

Data from video capture devices is written using topic 1 to Kafk a messaging
system, and data from RFID data collectors is written to Kafka messaging system
using Topic2. In order to ensure the throughput of the system, Katka themes need to

be partitioned to improve the system's concurrent read and write capabilities. In the




internal structure of the system, each Spark Executor runs a direct or indirect business
handler. At the same time, each message partition of Topicl has a data consumer
(indirect business handler); Topic2 has two data consumers per message partition: one
is a direct business handler, which refers to a process traffic statistics handler based on
a Spark Streaming cluster; The other is the indirect business handler, which first
stitches the video data with Topicl according to the rules, and then follows the
business rules. Real-time data processing, including the handling of vehicle trajectory
and abnormal data. One or more business processors form a message consumer group,
while ensuring that the data of each partition will be received by at least one

consumer in each consumer group.

Figure 4 System Internal Structure Diagram

Figure 4 depicts the internal structure of the system consisting of a Spark
Streaming cluster of two worker nodes, each running three Spark Executors, and one
Spark Executor responsible for a business handler; Among them, there are two Spark
Executors responsible for indirect business processors and one Spark Executor
responsible for direct business processing procedures. In the figure, each message
topic is divided into four partitions, and the indirect business processer consumes the
data of a Topicl message partition and a Topic2 message partition. The direct business
handler is responsible for consuming the data of Topic2's two message partitions. To
ensure system performance, the number of partitions of the topic is best set. For
multiples of consumers, it is best to ensure that the number of message partitions that
each consumer is responsible for processing is equal.

Data splicing programs, which belong to the primary module of indirect business
processing procedures. The data splicer continuously extracts data from Kafka
according to the time window according to the Kafka message system, and from the
time interval set. Continuous Kafka distributed message queue to obtain RFID traffic
data and capture data, each cumulative acquisition of data within the specified time
period for splicing processing, and then the processing results for other processing
procedures, the specific splicing processing as shown in Figure 5. First of all, the
RFID data is captured and captured. Individually encapsulated as corresponding
RDDs; Then the two types of data RDDs are converted to obtain RDDs in the form of
key-value pairs to facilitate the comparison of connection operations, where the keys

are strings composed of three fields: license plate number, time, and base station




number. Finally, the RDDs of both kinds of data are based on the key Values are
compared and concatenated.

In addition to the data splicing program, the indirect business processor also runs
a number of real-time data processing procedures, including vehicle trajectory
handlers and abnormal data handlers. Each real-time processor is processed according
to the results of the data splicing program and then processed according to the

business rules, and the results of the data processing are stored.
L ] L ] L
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Figure 5 The Data Stitching Process
(1) Vehicle trajectory data statistics procedure

According to the formatted RDD of the stitching processing, the vehicle trajectory
handler uses the comparison function provided by Spark Streaming to reverse the
order processing of the license plate number and time string, and uses the license plate
color and traffic time field to filter the data row to obtain the vehicle trajectory data.
Taking the reverse order string of the license plate number and time string as the key,
the vehicle trajectory data is stored in HBase, and the HBase is divided into several
different domains, and the reverse order string of the license plate number and time

string is stored as the key
(2) Exception data extractor

According to the formatted RDD of the splicing process, the abnormal data
extraction program uses the judgment rules of the abnormal data to filter the RFID
passing data and the capture data respectively, extract the abnormal data, and perform
the abnormal data
Statistics. The types of data anomalies are divided into missing data, missing license
plate color field, capturing image link indeed, number plate inconsistency, and color
inconsistency. According to the data anomaly type, first determine whether the RFID
data is missing, if there is RFID data, then determine whether the color field in the
RFID data exists, whether the capture picture link in the capture data exists, if the
field is complete, then determine whether the number plate and color in the RFID data
and the capture data are consistent, and finally, the extracted abnormal data is stored
in the MySQL database, and the exception type is identified. The relational database

MySQL is used for storage.
(3) Traffic flow statistics procedure

The process flow statistics program converts the RFID transit data into key-value




pairs with the collection point field and the time string accurate to the hour as the key;
According to the principles of Spark Streaming distributed big data processing, data
records with the same key are counted, and then each collection point is counted

The statistical results are summed at the set time intervals to obtain the traffic flow
records of each collection point in the corresponding time period. An in-memory

database is used to store the traffic flow of each collection point.

4 Experimental results and analysis

4.1Taxi data

The dataset used in the experiment was the operation trajectory of 13 000 taxis in
Chengdu from August 17 to 23, 2014, with data recording time 6:00-24:00 per day,
and a total data volume of 18.3 GB. The dataset is stored in days and in txt format,
and each track point contains the following attributes: taxi number, latitude, longitude,
time, passenger status. Passenger status

State is whether the taxi is carrying a passenger tag (1 for passengers, O for
empty).

After the efficiency index model calculation, a total of 807 267 trajectories of the top
20% taxis were sclected as high-efficiency taxis, and the visual characteristics dataset
of high-efficiency taxis was extracted, and the operation rules of high-efficiency taxis

were analyzed accordingly

4.2 Analysis of the operational characteristics of high-efficiency taxis

Operational characteristics analysis of a 7-day high-efficiency taxi. The
passenger capacity in each hour is counted, and the characteristics of the passenger
load of high-efficiency taxis at different times of the day are analyzed. Loads increase
dramatically during the 6:00-9:00 hours, reaching the morning peak at 10 o'clock and
peaking demand at noon at 13 o'clock. There was a slow downward trend from 13:00-
16:00, with a rapid increase in passenger capacity again at 19:00-22:00, and late at
21:00 Peak. In addition, the distribution of passenger capacity on weekdays and rest
days is slightly different. On weekdays, there is a downward trend in passenger

capacity from 13:00-18:00, with the lowest number of passengers at 18:00; On closed




days, 13:00-18:00 are evenly distributed. The 7-day data is averaged to get a high-
efficiency taxi. Analysis results of passenger search time, passenger travel time and
passenger carrying distance. The results of the distribution of high-efficiency taxi
search time in a single trip are shown, and it is found that the high-efficiency taxi
search time is relatively short, and 60% of drivers will find passengers within 2
minutes, indicating that high-efficiency taxi drivers are very familiar with the
distribution of passenger sources and road conditions. The results of the distribution
of a single passenger carrying time of a high-efficiency taxi are shown, and the
distribution results of the single passenger carrying distance are shown. The main
service duration of the high-efficiency taxi is within 20 minutes, of which 15 minutes
The number of passengers carried within the board accounted for 66.2% of the total,
and it was a high-efficiency taxi owner. To serve the time domain. The single
passenger carrying distance of 76.1% of high-efficiency taxis is mostly concentrated

within 8 km, which is the main service radius of high-efficiency taxis.
4.3 Efficient taxi trajectory query and visualization

visualize multiple trajectories in the start buffer and end buffer DB by plotting
the start buffer OB and the end buffer DB on the map, and extract the trajectory
correlation factors. Select the data from August 17th and 23rd, set the OB near Chunxi
Road subway station, the buffer radius is 155 m, and the DB is set near changshun
upper street in the wide and narrow alley, and the buffer radius is 260 m. A total of 31
trajectories were queried, and some of the trajectory visualization results were
obtained. Among them, trajectories a, b, d, e frequently choose paths for high-
efficiency taxis, and trajectories ¢ and f appear only once, which is a special path.
Trajectory visualization combined with trajectory correlation factors can be used to
understand the road traffic conditions in the current area and analyze the driver's path
selection behavior. Trajectory a trajectory correlated factors at different time periods,
it was found that a2 had the longest operating hours and a3 had the shortest operating
hours, indicating that a path had large traffic flow at noon, was more congested, had
less traffic flow at night, and drove faster. Trajectories d, e, f selected the trajectories
of different paths for the same time period, listed the trajectory correlation factors, and
found that the trajectory d had the shortest driving distance but the longest operating
time, and the trajectory f had the longest driving distance but the shortest operating




time. It can be found that the d path is more congested in the current period, and if
you want to reach the destination in a shorter time, you need to choose to detour to

avoid the congested area.
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4.2 System experimental testing

In order to ensure the data processing capability of the platform, consider the
scalability and load balancing of the system, this paper sets up the test environment as
shown in the figure. The test environment used vSphere to build a cluster of 6 virtual
machines, each configured with 8 cores of CPU, 16 GB of memory, and 80 G of disk,
as shown in Table 1. In the experimental process, load runner tool was used to
simulate RFID collector and video capture equipment to collect data; Netty acts as a
data communication receiver for receiving data sent from LoadRunner and writing it
to the Kafka message subscription system; Zookeeper is responsible for coordinating
services for distributed applications. Measuring a system's real-time processing power
is usually the time it takes to test a system to process a piece of data. The shorter the
time for the system to process each piece of data, the stronger the real-time processing
power of the system. During testing, will the concurrency of the LoadRunner tool is
set to 2000, 4000, 6000, 8000, 10 000, respectively, which means that the data
collected by the analog 2000, 4000, 6000, 8000, and 10 000 acquisition devices,
respectively, the acquisition frequency is 1/s. Start the system for calculation and
processing, observe and record an RFID data and video capture device data from

transmission to processing into the time required.
|[—#®%1] 0750 | 0761 | 0748 | 0757 | 0763 |

Figure 6 Experimental results
The abscissa in Figure 6 represents the number of concurrency of the data
acquisition device; The ordinate represents the calculation processing time. As can be
seen from the figure, when the concurrency amount is between 2000 and 10 000, the
processing time is 0.748 ms and 0.763 ms fluctuates, and the amplitude of change is
small, and its processing time is close to 0.7 ms. According to experimental results,

the time required for a piece of data from transmission to processing is milliseconds,




indicating that the system has good real-time processing capabilities, and can
completely in large-scale high concurrent data streams application in the scene.

Spark Streaming and Kafka are used in combination, when the amount of data is
small, the default configuration of many parameters can meet the application
situation, but when the amount of data is large, it is necessary to optimize the system
performance from many aspects, on the one hand, try to choose high-performance
operators in the development process, such as using map Partitions instead of ordinary
maps, making foreach partitions instead of foreach, ete. On the other hand, the
parameters are adjusted experimentally according to the actual situation, such as
Spark. Streaming's batch time batch duration, Kafka pull volume max Rate Per

partition, and partition number of partitions are carried out experimental tuning.

5 conclusion

The proposed traffic data processing platform based on Spark Streaming and Kafka
makes full use of the most advanced real-time big data stream processing technology,
and the system architecture and internal structure are studied and designed according
to the characteristics of traffic data stream. Through research and analysis, the real-
time traffic data platform designed in this paper has the following advantages:

(1) With efficient data processing ability. The system adopts Spark Streaming, an
advanced Streaming framework, and Kaftka messaging system with high reliability
and throughput as the core framework. Because the data processing process of Spark
Streaming is implemented based on memory, it has strong real-time processing ability,
and its throughput rate is 100 times higher than the processing method of traditional
architecture. In this paper, the Spark Streaming technology is used to obtain the RFID
traffic data and capture data from the continuous Kafka distributed message queue at a
set time interval. The data within the set time period is accumulated each time, and
then splicing and processing are carried out according to the data. Using the time
window mechanism, the data waiting problem can be effectively solved and the data
processing ability of the platform can be improved.

(2) It has strong scalability. The Kaftka messaging system, Spark Streaming cluster,
data storage (HBase, Redis and MySQL) and Netty data communication server can all

adopt distributed cluster architecture with strong scalability. Therefore, in the actual




application, it is only necessary to design the system deployment scheme according to
the current processing requirements, without too much consideration of the future
business expansion requirements, so as to reduce the design burden and construction
cost of the initial deployment of the project.
(3) With good business function expansion ability. In the current design, this paper
only provides three real-time data processing functions: vehicle trajectory data
statistics, traffic statistics and abnormal data extraction, which can be used in the
future

In addition, this paper implements the taxi trajectory big data processing and
visualization platform, and designs the benefit index model to extract high-benefit
taxis for visualization analysis. The analysis of operation characteristics is of great
significance to the study of high-benefit taxi operation mode and the improvement of
taxi benefits. The analysis of the hot spot of passenger carrying is conducive to the
rational allocation of urban public transport and the improvement of passenger
carrying efficiency. Trajectory query and visualization can be used to analyze urban
road traffic and study the influence of trajectory related factors on path selection
behavior. In order to
The taxi trajectory data of Chengdu City is used as a research example to verify the
effectiveness of the platform. In future research, we will continue to improve the
platform functions, such as adding three-dimensional visualization, providing
passenger finding recommendation functions, and realizing real-time taxi data
analysis services. At the same time, we hope that the platform can be applied to
different regions to compare the similarities and differences of taxi operation modes

and passenger carrying strategies in different regions.
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