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1 Introduction

1.1 Purpose

The document is MIU university, business owners (marketing companies), data
analysts, software developers that might upgrade the system in the future, This
document is to present a detailed description of the ESCORT system: a web-
enabled system for the analysis of traffic trajectories and Escort will be built on
HTML, PHP and Python. This document will explain the purpose and features
of the system, and describe its interfaces.

1.2 Scope

Understanding traffic patterns and crowd motion is a challenging task for ur-
ban developers and law enforcement agencies. Spatial-temporal data collected
through positioning systems and smart phones offer great opportunities for an-
alyzing motion trajectories and identifying patterns. However, a challenge re-
mains due to the large size and dimensionality of the collected data. This project
aims to develop a web-based tool for the visualization and analysis of motion
trajectories and the speed of the car in a specific time. Specifically, the idea of
the project is to study the traffic patterns in areas,Detected patterns along with
raw data will be fed to the visualization system to support high level inference.

1.3 Overview

This document targets the front end users like marketing companies that will
use Escort system to satisfy their needs. It will also be beneficial and helpful
for data analysts and developers that may work on the Escort system in the
future.Also provides an overview of the system that the system some functions
is working to show the clustering and visualizing of trajectory.



1.4 Definitions and Acronyms

Term Definition
1. Google Firebase A mobile and web application platform.
2. Google Maps API and API t.hjcmt allows using the google maps
functionalities elsewhere.
3. SVM Support Vector Machine.
4. ANN Artificial Neural Network.
5. CMV Coordinated Multiple views.
6. RNN Recurrent Neural Network.
7. KLQ k- location Query.
8. KNN k- Nearest neighbour.
9. MMA Map Matching Algorithm.

2 System Overview
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The system overview is divided into two ways first way is talking about the
spatial view that take the GPS data and make data pre-processing to separate
the data for making partition and clustering and classification to get the output
on the CMV screen.The second way is temporal view that take the GPS data
for making a report statistics for the data we have in different ways and to get
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the time on the CMV screen.



3 System Architecture

3.1 Architectural Design
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3.1.1 View

This represents the user interface which is divided into two interfaces.

1- BI Analyst interface: consists of a work to help the user through the
functionality provided by the web interface. Each page represents a certain
functionality, such as logging in, viewing the time and clustering on maps.

2- Customer interface:contains a lot of screens to see all statistics and view
trajectories.

3.1.2 Controller

This is a class that match between view and models.Controller take the input
from the view and send the data to database.The coming input of the data
is getting from GPS trajectories and see the request of location details and
speed limit, also the BI get notifications by sending and receiving data.r, it is
responsible for distribution of the raw data between the View and the Model to
be processed and analyzed.

3.1.3 Model
3.1.4 Algorithms

KLQ: short for K Location Query. It is a classification algorithm where a set
of examples is collected and each one has a known class that Contains KNN
(K-nearst neighbour. This set is used as a training dataset for the algorithm
so when a new data is fed to it a comparison takes place between the training
dataset and the new data. K-Location Query is a classification algorithm where
a set of examples is collected and each one has a known class. KLQ(Location
Query) is found based on the value of K. This is an effective and simple approach
in the case of large training datasets.



Algorithm 1 Bloom filter k-mer counting algorithm
1: B+ empty Bloom filter of size m
2: T + hash table
3: for all reads s do
i
5

for all k-mers z in s do
Trep +— min(x, reveomp(x)) //Trep is the canonical k-mer for x

fi: if #,.p € B then
T: if #,0p € T then
#: Ti;r,., i’] 10

9 else

10: add r,.p to B

11: for all reads s do
12:  for all k-mers z in s do

13: Trep + min(r, reveomp(x))
14: if r,., € T then
15: T[Zrep] & T[Trep] +1

16: for all z € T do
17:  if T[z|] = 1 then
18: remove r from T

Figure 3: .

MAP Matching Algorithm: GPS receivers, capable of measuring location in-
stantaneously and accurately, are also ubiquitous in most mobile platforms, en-
abling applications relating and combining GPS-measured locations and routes
with digital maps. The Map Matching Algorithm was observed that shortest
path codes are much more compact than greedy path codes, justifying the larger
time complexity.
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3.1.5 APDI’s

** Google Maps API: this is the API that is being used to provide the BI Ana-
lyst monitor with a map display on the web interface and use its functionalities.

** XAMPP: free and open source cross-platform web server solution stack
package developed by Apache Friends, consisting mainly of the Apache HTTP
Server, MariaDB database, and interpreters for scripts written in the PHP and
Perl programming languages. XAMPP stands for Cross-Platform (X), Apache
(A), MariaDB (M), PHP (P) and Perl (P)

3.1.6 Core

** Google FireBase DB maneger: is a mobile platform from Google offering a
number of different features. Specifically, these features revolve around cloud
services, allowing users to save and retrieve data to be accessed from any device
or browser. This can be useful for such things as cloud messaging, hosting, crash
reporting, notifications.

3.2 Accuracy

Term Accuracy
1. KNN | 92.40
2. MMA | 95
3. SVM | 97-100




3.3 Decomposition Description

3.3.1 Class Diagram

S0

- Vi st - et
e ey et

Lognt )

+ notf () : void
+ Update (): void

et scces - Bonlenn

3.3.2 Sequence Diagram

+ spatial_range : Int
]

Statistics

[+ time_stot : St

|+ spatial-range : float

[+ draw graph (void) : return

Figure 5: .

Draw
Trajectory

Login

| Data Container

| Trajectories

BI Analyst
|

email, pass

Import data

__valid or invalid

—

Draw analysis

T
|
|
|
|
|
|
|
|

Figure 6: .

creately



Escort Report
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3.3.3 ER-Diagram

UserType

D

User Name
type
D
UserName
Password -
UserType_ID session
Email D
AdminPassword User 1D
Multiple View_ID's
Data
ID
type
x
Y
date_id
time stamp Date
ID
date
time
Trajectory
ID
type
speed
date_id
Figure 9: .

4 Data Design

4.1 Data Description

The data is GPS trajectory dataset was collected in (Microsoft Research Asia)
Geolife project by 182 users in a period of over five years (from April 2007 to
August 2012). A GPS trajectory of this dataset is represented by a sequence
of time-stamped points, each of which contains the information of latitude,
longitude and altitude. This dataset contains 17,621 trajectories with a total
distance of 1,292 951kilometers and a total duration of 50,176 hours. These
trajectories were recorded by different GPS loggers and GPS-phones, and have
a variety of sampling rates. 91.5 percent of the trajectories are logged in a dense
representation, e.g. every 1 5 seconds or every 5 10 meters per point.

4.2 Data Dictionary

The database recoded a broad range of users outdoor movements, including not
only life routines like go home and go to work but also some entertainments and
sports activities, such as shopping, sightseeing, dining, hiking, and cycling. The
trajectory dataset can be used in many research fields, such as mobility pat-
tern mining, user activity recognition, location-based social networks, location
privacy, and location recommendation.
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Figure 10: .

5 Component Design

Every single folder of Trajectory files stores a users GPS log files, which were
converted to PLT format. Each PLT file contains a single trajectory and is
named by its starting time. To avoid potential confusion of time zone, we use
GMT in the date/time property of each point, which is different from the dataset
previous release. PLT format:

Line 16 are useless in this dataset, and can be ignored. Points are described in
following lines, one for each line.

Field 1: Latitude in decimal degrees.

Field 2: Longitude in decimal degrees.

Field 3: All set to 0 for this dataset.

Field 4: Altitude in feet (-777 if not valid).

Field 5: Date - number of days (with fractional part) that have passed since
12/30/1899.

Field 6: Date as a string. Field 7: Time as a string.
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6 Human Interface Design

6.1 Overview of User Interface
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6.2 Screen Images

Home Team Help
Welcome to Escort System
Please enter your usemame and password o choose Signup.
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Figure 12: .
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Home Team  Help

‘Welcome to Escort System
1 you have an account clck Log en

thenise enter your cata.

Figure 13: .

6.3 Screen Objects and Actions
Data Set
Data Location URL:
| Import Data |
Figure 14: .

This fields is to Upload data to Fire-base to start using it from the Fire-base
directly

Draw Trajectories:

| Draw |

Figure 15: .
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Generate Report:

| Print Report ,

Figure 16: .

Figure 17: .

Figure 18: .

Home File FeedBack Help

Figure 19: .

7 APPENDICES

Escort system is using Google Maps API, Escort added maps based on Google
Maps data to Escort Project. The API automatically handles access to Google
Maps servers, data downloading, map display, and response to map gestures.
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