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SUMMARY

In this work we introduce the most recent technigtee predict traffic flow and speed. This work is
composed of the following sections: an introducti@state of the art, and conclusions sections.

In the introduction section we see the importarfdeeing able to predict the traffic conditions &peed
and flow; we set our hypothesis that is that ushyLevenberg-Marquardt training algorithm we'll be
able to find a global minimum for the problem oégicting traffic conditions; we also specify oungeal
objective that is developing efficient algorithnas the traffic prediction for its variables speexd dlow;

as well as establishing that our scientifical ntyvid using the Levenberg-Marquardt as ArtificiadiNal
Network training algorithm.

In the state of the art section we present the sanmed contents of the most outstanding reseansbrpa
about traffic prediction. We start this sectiorrbyiewing the concept of Big Data because the inétdion
obtained for the Department of Transportation froalifornia is a text file, and this is consideresl a
unstructured data; additionally, there is a hugeme of information available for the problem afidy,

and it also arrives at a constant speed of 5 menetery measurement. We also introduce some
information related to autonomous cars which aregto be on the roads from 2020 and ahead. This
information is obtained from the National Highwasaffic Safety Administration of the United Statds o
America.

We continue with the presentation of an approaahubes two statistical algorithms for traffic gotidn.
This information cover spatial impact, and accideand construction events. Additionally, it congzar
the results of outstanding research done with i&idif Neural Networks, and Statistical Methodstteir
own statistical method that consists of two statistmethods embedded into only one by using atiuie
used to determine which statistical method shoeldded and when, depending on the road conditions.

We also present the results of traffic speed ptietidy data mining techniques and a comparative to
Artificial Neural Networks. Additionally, we intragce a section that analyze the problem of traffic
prediction but only with Artificial Neural Networkdone by the company SIEMENS in Germany. As we
can see many studies use Artificial Neural Netwarkd that's because they are very tolerant to noise
sensitivity to which Statistical Methods are nobr Example: noise in traffic prediction arises fram
malfunctioning sensor, or a measurement record lost

We then introduce the Los Angeles Department ofipartation (LA DOT) infrastructure used to obtain
the speed and flow measurements as well as thef pevgrams develop by the author of this thesis to



retrieve the information from LA DOT, to processstmformation and calculate the prediction of flow
and speed for a specific sensor.

We continue with the problem of traffic predictidn.the process of predicting traffic flow, and sgave
made our first approach using a Nonlinear Autoregive Neural Network with External Input in
MATLAB and we obtained promising results. Howewubis Artificial Neural Network does not have the
ability to predict multiple outputs, and we tramsfed it to a Feedforward Neural Network also from
MATLAB. The results obtained are impressive becahsy reduce dramatically the traffic prediction
errors. In order to validate our results with tme®in the international research community wethse
data from 95 days which is equivalent to 3 monilisch is the commonly reported amount of time stddi
in this kind of problems. We also present an oation process for the Feedforward Neural Network f
both problems speed and flow prediction. Finallg, present a numerical sensibility analysis in otder
determine how robust is our Artificial Neural Netko

To close this thesis we present our conclusiorssagcess of using the Levenberg-Marquardt algorith
to train an Artificial Neural Network for the pradsh of traffic prediction, and we set up the po&isibs
of exploring the recently found result by using kb&rning techniques of deep learning.



RESUMEN

En este trabajo se presentan las técnicas masteige prediccion de flujo y velocidad de trafieste
trabajo se compone de las siguientes seccionesdutcion, estado del arte, y conclusiones.

En la introduccion observamos la importancia delgci el flujo y velocidad de trafico y establecamo

la hipotesis de que usando el algoritmo de Levepbtarquardt para entrenar una Red Neuronal Ardiffici
(RNA) podemos alcanzar un minimo global en estblpma, es decir, un minimo de error. Ademas,
establecemos como nuestro objetivo principal eadeBar algoritmos eficientes para el problema de
prediccion de trafico entendiendo por eficientes ungan un minimo de error. Ademas, declaramos que
nuestra novedad cientifica es utilizar el algoritled_evenberg-Marquardt para entrenar una RNA.

En la seccion del estado del arte presentamosinigsis de los resultados mas importantes en caanto
investigacion referente a la prediccion de flujeejocidad de trafico. Comenzamos esta seccién non u
repaso sobreBig Data” porque la informacion obtenida del Departamentd @@sporte de California
(DOT CA) es un archivo de texto, mismo que se ammai como informacién no estructurada.
Adicionalmente, existe una gran cantidad de infaidray cada archivo de texto llega cada 5 minubws ¢
informacion sobre todo el condado de Los AngelekifdDaia. También presentamos informacion
relacionada con los carros autdnomos que estaréinceitacion a partir del 2020.

Continuamos la seccion del estado del arte conelseptacion de un estudio que implica el uso de dos
algoritmos estadisticos como si fuera uno solo,iaméel el uso de umbral que nos ayuda a decidirdzuan
usar uno u otro algoritmo dependiendo de las catks del trafico.

También presentamos un reporte de investigaciGdbasn mineria de datos para predecir la velocidad
del trafico comparado con el uso de RNAs. Prosegsiiiton una presentacion de una prueba de concepto
realizada por la empresa SIEMENS de Alemania, pezdecir el flujo y velocidad de trafico. Como
podemos observar las RNAs, se utilizan demasiagkto/es porque son muy robustas ante el ruido. El
ruido en el problema de la prediccién del trafieamsgina por un sensor que no funciona y cuyaitact

se pierde o por la perdida de un registro -arct&texto- en el proceso de captura de informacion.

Enseguida procedemos con una introduccién de fassiructura del departamento de transporte de Los
Angeles California misma de la cual se obtuvieesmhedidas de flujo y velocidad del trafico. Sespnta

la arquitectura de los programas utilizados patatetcambio y procesamiento de la informacion iy as
calcular las predicciones de las variables ya nosiacias.



Para hacer la prediccion de las variables de flujelocidad describimos nuestra primera aproximacio
usando una RNA tipo NARX del programa MATLAB obtemilo resultados prometedores. Sin embargo,
esta red tipo NARX no tiene posibilidad de predeailtiples salidas por lo que la transformamosa un
red tipo“Feedforward” de MATLAB. Los resultados obtenidos son impresitesa pues el error de
prediccion es reducido drasticamente. Con la fimalide validar nuestros resultados con la comunidad
internacional se colect6 informacion de un peride®5 dias que es el estandar utilizado en la coladin
investigadora. También presentamos un proceso ftilmingcion de las RNAs con el fin de mejorar el
desempefio de la RNA. Finalmente, cerramos la segi@stado del arte con un analisis de sensibilidad
de nuestra RNA con la finalidad de saber que thogta es nuestra RNA.

Para cerrar el presente trabajo presentamos rsiestrelusiones mismas que mencionan el éxito atgeni
al utilizar el algoritmo de Levenberg-Marquardt e@brmétodo de entrenamiento de una RNA.
Apuntalamos nuestro trabajo haciendo referenciasbles futuros trabajos que se pueden realizar
utilizando técnicas como el aprendizaje profundtDeep learning” o el uso de Hadoop para el
procesamiento de la informacion conigid Data”.
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1.1. Background.
The traffic flow prediction is a problem that assieom continuous arrival of cars, trucks,
and other type of vehicle to crossing points indraatworks. They arrive at different times
and also at different locations that are intercateskone to each other. This creates a spatio-
temporal problem because a congestion in one pldldafluence another place traffic flow.

In this way every driver has a traffic flow problexs well as the transportation authorities.

In this document will explore the most recent depetents of algorithms for traffic
prediction also known as traffic forecasting, idgnts advantages and disadvantages.

1.2.  Justification
We want to be able to predict traffic flow becatisis reduces gas consumption, vehicle
accidents, optimizes roads usage and reducesriirasted in travels i.e: from home to work
and viceversa.

1.3.  Problem.
The problem relies in current prediction methodsg Hre too sensitive to noise and to sudden
changes in traffic flow. These impediments bloak ¢hiver from having effective planning
for her travels and fall inadvertently in car cosigens.

1.4. Hypothesis
Given the good behavior to obtain models that ptetime series by artificial neural
networks, we propose the usage of complex artifregaral networks to predict the traffic
flow of a city.

1.5. Objectives

1.5.1General objective:

The objective is to develop efficient algorithmsttlanalyze and extract useful information
from structured/unstructured data so that theitréiffw speed can be predicted.

As a start we have established the following twject/es and if time allows something else
could be added:

1.5.2Specific objectives:
1. The algorithm should use articificial neural netiugrexploring training algorithms
other than the backpropagation for example: theshberg-Marquardt.
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2. At least the traffic should be predicted halfaur ahead, in steps of 5 minutes.

1.6.  Scientific, or technological novelty, or contribati
First, the specific contribution of this work istlexperimental demonstration that to predict
traffic flow and speed we can use an ANN using Inéeg-Marquardt algorithm. Second,
there is no need to use two algorithms topredacfitr efficiently.
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2. STATE OF THE ART.
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2.1. What is big data?.

In 2001, Doug Laney defined Big Data with the thves[6]:

* Volume: The volume is affected with storage through thergjeanstructured data
from several social media information sources, @eaad machine to machine data
being collected. Storing large amounts of datatesethe question of which is the
relevant information to be stored.

* Velocity: reacting in almost real-time fashion for many dedaning from sensors,
RFID tags, smart metering, has become a realitynfory applications on many fields.

» Variety: Data comes in different types: structured andrungired. Examples of
structured are numerical traditional databasesmpkas of unstructured are: text
documents, email, video, audio, stock ticker datad financial transactions.
Managing these types of data is a great challemgeoimpanies around the world.

At SAS (www.sas.com), they consider another twa V’s

* \Variability: The data flows can be very inconsistent with pBdopeaks. If
something is trending in social media, it can b#ydaeasonal, or event-triggered
peak data loads can be challenging to managertartsted and unstructured data.

» Complexity: There are multiple sources of information. Anthlkkes great effort link,
match, cleanse, and transform data across syskémgever, it is a need to connect
and correlate relationships, hierarchies, and pieltiata linkages or your data can
quickly spiral out of control.

Akey point in handling big data is the abilitytnderstand big data to transform the business.
The old rules of data management are found to appiyore when it comes to big data[7].

VOLUME

VARIETY

VELOCITY

VALUE 6 DX

DATA SIZE

Determining relevant data is key to delivering value from massive amounts of data.

Figure 1.- Graphical depict of the V's in big data.

Some technical approaches to solve big data acslgie: grid computing, in-database
processing, and in-memory analytics. SAS has inited the concept of an analytical data
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warehouse that surfaces for analysis only the asledata from the enterprise data warehouse,
for simpler and faster processing. Price of stoteagedecreased from $16 dollars in 2000 to
less than $0.07 today. Computing models such asilli@arprocessing, clustering,
virtualization, grid environments and cloud compgticoupled with high-speed connectivity,
have redefined what is possible. Three key fadtoextracting value from big data are [7] :
Information management for big data.Manage data as a strategic, core asset, with eggoi
process control for big data analytics.

High-performance analytics for big data.Gain rapid insights from big data and the ability
to solve increasingly complex problems using ma&ad

Flexible deployment options for big data.Choose between on-premises or hosted, cloud
computing.

Information Management for Big Data [7].

Many organizations already struggle to manage #asting data. Big data will only add

complexity to the issue. What data should be siaed how long should we keep it? What
data should be included in analytical processimgl kow do we properly prepare it for
analysis? What is the proper mix of traditional anterging technologies? Big data will also
intensify the need for data quality and governafmeembedding analytics into operational
systems, and for issues of security, privacy agdlegory compliance. Everything that was
problematic before will just grow larger.

Analysing blogs, emails, product catalogs, and \aitticles to extract important concepts
from these information to look at the links amohgrh to identify and assign weights to
millions of terms and concepts, so that we cak aidhis context to assess data as it streams
into the organization. This analysis identifies thkevant data that should be pushed to the
enterprise datawarehouse or to high performandgtarsa

High performance analytics for big data[7].

Successful organizations can’t wait days or weekedk at what's next. Decisions need to
be made in minutes or hours, not days or weeks.

High-performance analytics also makes it possiblartalyze all available data (not just a
subset of it) to get precise answers for hard-teesproblems and uncover new growth
opportunities and manage unknown risks — all whdig IT resources more effectively.

Accelerated processing of huge data sets is maskelppe by four primary technologies:

» Grid computing. A centrally managed grid infrasture provides dynamic workload
balancing, high availability and parallel procegsiior data management, analytics and
reporting. Multiple applications and users can slegrid environment for efficient use of
hardware capacity and faster performance, whiledm incrementally add resources as
needed.

* In-database processing. Moving relevant data gemant, analytics and reporting tasks to
where the data resides improves speed to insgghices data movement and promotes better
data governance. Using the scalable architectieesaf by third-party databases, in-database
processing reduces the time needed to prepareaddthuild, deploy and update analytical
models.
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* In-memory analytics. Quickly solve complex prohke using big data and sophisticated
analytics in an unfettered manner. Use concurieafjemory, multiuse access to data and
rapidly run new scenarios or complex analytical patations. Instantly explore and

visualize data. Quickly create and deploy analitroadels. Solve dedicated, industry-
specific business challenges by processing detaiégd in-memory within a distributed

environment, rather than on a disk.

Flexible deployment options for big data.

High performance analytics can be deployed on tbed¢ a dedicated high performance
appliance, or in the existing on-premises infragdtrite, whichever best suits your needs.
Using symmetric multiprocessing (SMP) to massivelpa processing (MPP) running on
tens, hundreds, or even thousands of serversxilfiearchitecture enables organizations to
take advantage of hardware advances and differenegsing options, while extending the
value of original investments.

Ideas about big data for vehicles connectivity.

Capitalizing in the connected vehicle. Connectirsgadof the vehicle with data of the
environment where it is-such as weather, traffid atmer vehicles or fleets-. To send drivers
real time alerts about impeding external conditidjsExamples of it are: during a traffic
congestion the ability to propose alternate rotdesnore fluid transit in a programmed or
current route, proposing alternate routes to flamdsundations directly on a screen or on a
mobile smart phone. Another example might be udimgng information history that starts
from the last turn on of the car suggesting spaedgiriving patterns that can help economize
fuel consumption. Another example might be intefredting or cooling conditions/patterns
in accordance to external sensed temperature aathereconditions i.e.: rain, snow, heat,
etc.

2.2. Crash avoidance technologies[3].

Many new vehicles offer advanced crash avoidancedtires. The systems started out as
options on a few luxury models and have steadiheap to more of the fleet. Advanced
technologies assist the driver with warnings oomdtic braking to help avoid or mitigate a
crash. These include front crash prevention, lagadure warning, blind spot detection,
adaptive headlights and park assist and backoeseption. Advances also are being made
in intelligent transportation systems that alloviieées to communicate with one another or
with road infrastructure to help avoid crashes.

Front crash prevention and adaptive headlights areeducing insurance claims.HLDI
(Highway Loss Data Institute) found fewer claimslanproperty damage liability coverage,
which pays for damage to vehicles that an at-fduiter hits, for models with forward
collision warning with automatic braking than ftvetsame vehicles that weren’t equipped
with the technology. Adaptive headlights also aducing property damage liability claims.
So far, HLDI hasn’'t been able to quantify the realdd effects of other advanced crash
avoidance systems.
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Electronic stability control is an older — and prowen — crash avoidance feature.
Standard on 2012 and later models, ESC is an eateon$ antilock brake technology that
helps drivers maintain control of their vehiclesoomves and slippery roads. ESC lowers the
risk of a fatal single-vehicle crash by about laalfl the risk of a fatal rollover by as much as
80 percent.

National Highway Traffic Safety Administration (NKBR) defines vehicle automation as
having five levels[4]:

No-Automation (Level 0): The driver is in complete and sole control of thienary vehicle
controls — brake, steering, throttle, and motiver@o— at all times.

Function-specific Automation (Level 1): Automation at this level involves one or more
specific control functions. Examples include elesic stability control or pre-charged
brakes, where the vehicle automatically assisth Wiaking to enable the driver to regain
control of the vehicle or stop faster than posdiiyl@cting alone.

Combined Function Automation (Level 2):This level involves automation of at least two
primary control functions designed to work in umgo relieve the driver of control of those
functions. An example of combined functions enapknLevel 2 system is adaptive cruise
control in combination with lane centering.

Limited Self-Driving Automation (Level 3): Vehicles at this level of automation enable the
driver to cede full control of all safety-criticiinctions under certain traffic or environmental
conditions and in those conditions to rely heawitythe vehicle to monitor for changes in
those conditions requiring transition back to drigentrol. The driver is expected to be
available for occasional control, but with sufficily comfortable transition time. The
Google car is an example of limited self-drivingauation.

Full Self-Driving Automation (Level 4): The vehicle is designed to perform all safety-

critical driving functions and monitor roadway caiehs for an entire trip. Such a design
anticipates that the driver will provide destinatir navigation input, but is not expected to
be available for control at any time during the.tithis includes both occupied and
unoccupied vehicles.

2.3.  Utilizing Real-World Transportation Data for Accuea
Traffic Prediction.

In [8] it is stated that they achieve improvemantsraffic patterns predictions increase by
67% and 78% in short-term ( 5 minutes) and lomgxt€30 minutes). If an accident gets
involved improvements are done in a 91%. This inmpnoents are done over autoregression,
neural nets, and smoothing techniques taking inftion from databases “such as such as
Caltrans, City of Los Angeles Department of Tramsgtmon (LADOT), California Highway
Patrol (CHP), Long Beach Transit (LBT), Foothilafsit (FHT) and LA Metro”. Currently
there are lots of sensors deployed on the road#mabe of help to determine traffic situation
in real time in a road. They were able to identify:

» temporal patterns during rush hours, or
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» spatial impacts of accidents
An algorithm such as ARIMA cannot capture suddesnges at the temporal boundaries of

rush hours. This can be improved by incorporatiisgphical data to improve predictions of
the road by 30 minutes. However and improved ARIb&anot predict accidents and its
spatial impact. “Again, historical data can be usgddentify similar accidents, i.e., with
similar severity, similar location and during thegar time,”. .. “for generic time-series, the
observations made in the immediate past are usaatjgod indication of the short-term
future. However, for traffic time-series, this igtrirue at the edges of the rush hours, due to
sudden speed changes.

1. Effect of Prediction Horizon (hHistorical Average Model (HAM) is much better at
predicting the traffic flow when h >6 (30 minutésan normal ARIMA for the same
time. See figure 2 for details.
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Figure 2.- Behavior of ARIMA and HAM algorithms in different prediction horizons.

Effect of Rush Hour BoundarieAs we can observe in figure 3 HAM beats ARIMA in
prediction. ARIMA takes a small delay to take imtmcount the sudden change in speed.

=0 1
70
=
%5{1
=40 { e HAM
d o
B2 - = ARIMA
w20
10 —dr— A ctual
] omrmem e s s s e s T e - s = i
O i Ay Dy B B W B B > . L .8

Figure 3.- Effect of rush hours in HAM, and ARIMA.
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The authors in [8] proposed an hybrid forecastingleh. Depending on ratio of error

A = Errariva /(Errariva + Erfiam )

if the ratio is less than 0.5 they use ARIMA todiot the traffic otherwise they use HAM. The effet

rush hours in the algorithms can be seen ondiguiWhere we can see that there are three pikbs at
boundary of rush hours meaning that HAM outperfoARIMA.
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Figure 4 .- Effect of rush hours overh

Event impact analysis:

“HAM can hardly react to unexpected traffic eveassit eliminates the influence of events
by averaging historical observations. ARIMA, dueit® delayed reaction, is not an ideal
method to use in the case of events which caus#esucthanges in the time series data”.

A. Event Impact Area Modelmpact post-mile is the distance between the looatif

an event and its last influenced sensor on tip@site direction of vehicle flow, as
shown in Figure 5.
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Figure 5.- Definition of event impact post-mile

the following event attributes are the most reléf&tart time LocationDirection, Type
Affected Lanes}.

B. Event Impact Prediction.
For sensoir, its influence speed decrease for evente is defined as the average speed

changes for all events that share the same cadekitributes (i.e.Starttime Location
Direction, TypeandAffected Langswith e, and affected sensoin the past.

For sensor, itsinfluenced time shiftAt; ) for eventeis defined as the distance between the
sensorl and evente divided by the average traffic speed between th&hich can be
represented as follows:

Ati (e) =dist(i, €)/avg{v;}) wherep(i) < p(j) <p(e)

wherep(i) refers to the post-mile of sensoiThe set dkv;} refers to all the speed readings
presented at the sensors located between seaisdrevene.

1) When an evergoccurs at time, all the relevant event features(i{&tart-timeLocation
Direction, Type Affected Laneg}are incorporated in the EIA model to determireithpact
post-mile ofe.

2) Using the impact post-mile and the locationepthe set of all influenced sensors are
identified as sefs;}.

3) For each sensar, during [tAt;i (€), t+Ati (€)+h], the predicted value is calculated ast)
— Avi), where h is the prediction horizon.
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4) After timet+At; (€)+h, ARIMA is used to predict the rest until the eveis cleared.

Performance evaluation.

Baseline Approaches:

ARIMA “We implement ARIMA starting with stationary veafion’, followed by the
iterations of 1 to 10 for Auto Regressive model aniwd 10 for Moving Average model to
reach the best combination undBayesian information criteria”We use the trained model
for one-step I{ = 1) forecasting. Wheh > 1 (i.e., long-term forecasting), we iterate the
prediction procedure fdrtimes by using predicted value as previously olekmalue.

ES We implement Exponential Smoothing (ES) method apecial case of ARIMA model,
with the order auto-regressive model set to zard,the order moving average model set to
2.

NNet We implement Neural Network (NNet) model as ntayter perceptron (MLP). The
architecture of MLP is as follows: 10 neurons ig thput layer, single hidden layer with 4
neurons anch output neuron, wheré refers to the prediction horizon. For example, in
onestep forecasting, there is 1 output neuron.ifijnet neurons Includgr/(k), k=t -9, ...,

t}, while the output neuron {&(t+1)...(t+h)}, wheret represents the current time. Tangent
sigmoid function and linear transfer function ased for activation function in the hidden
layer and output layer, respectively. This modetamed using back-propagation algorithm
over the training dataset.

Fitness Measurement®ve use mean absolute percent error (MAPE) andmeeain square
error (RMSE) to quantify the accuracy of traffiedrction.
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wherey; and Yi represent actual and predicted traffic spesperctively, and represents
the number of predictions.

Predictions without event information.

Short term prediction.
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Figure 6.- Case study on I-5S. segment from Downtow
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Figure 7.- Case study on I-10W. segment to West-LA.

We can observe in figure 6b, 7b, that Hybrid ARINA-ARIMA) outperforms the other
contenders significantly. However we must noticat tht peak 7.25 and 7.30 the neural
network recovers its performance, this means leaongredict the traffic flow very fast in
10 minutes and performs very close to H-ARIMA. Bt figure it is reflected the learning
effect that a neural network has. Long term prealict
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Figure 8.- Overall RMSE (h=6).

When there are sudden changes in traffic flow ahritours boundaries H-ARIMA
outperforms its contenders. However Neural Netwéokews very closely, 2nd best, the H-
ARIMA algorithm.

As shown in Figure 11(a), around 7:00AM, the spxteases from 65 mph to 5 mph within
a very short time. The baseline approaches cansamige this change with 30 minutes delay,
and hence their MAPE is considerably high (seer€i@(b)). On the other hand, H-ARIMA
utilizes the historical congestion information tegict the traffic and hence its MAPE is
fairly low as compared to baseline approaches. déliay is also due to the time needed for
the NNetwork to learn, However if we are able tiodduce historical congestion information
into the neural network this could open an oppatyuior neural networks. Something like
having two neural networks one for prediction aritnours and the other for prediction at
non-rush hours.
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Figure 9.- Case study on I-10 E. segment to Downtow
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Predictions with event information.

In figure 10, we can observe the predictions of Wdeks, H-ARIMA, and H-ARIMA+ (the
last one depicted in EVENT IMPACT ANALYSIS) for e traffic accidents. H-ARIMA+
outperforms its contenders. Neural networks takerad two hours to be competitive with

respect to H-ARIMA+ predictions.
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Figure 10.- Case study on traffic collision events.

In figure 11, a road construction event happensth@grediction speeds are plotted. Again H-ARIMA+
beats its contenders and neural networks take aip@utour to learn to predict traffic, or only ditesell
because average speed return near to historiea(tdaining data).
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Figure 11.- Case study on road construction event.

Areas of opportunity:

» temporal patterns during rush hours, or

» spatial impacts of accidents

» Feature selection for correlated events durindi¢rédws.

* Training and learning model for neural network

* Introduce historical information about congestion

» Use two neural networks for traffic prediction.

* Aneural network that takes acceleration insteagpekd as medium to predict speed.
And take samples more often i.e. every minuteesiof every 5 minutes.

» Taking second derivative to predict speed. A me@asenhsor the sense of direction
change to predict traffic speed.

2.4.  Traffic flow data mining based on cloud computing.

From [9], we can get the following information amdestions of relevance:
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Traffic data mining.

» Cloud computing can help to handle the large amotistorage resources and mass
traffic flow data effectively and efficiently how?

* New architecture

» Data mining is to extract patterns from large dsgts by combining methods from
statistics and artificial intelligence with databasanagement

» thetraffic data includes the traffic managemenmiticm data, Road environmental data,
and road traffic data. common data mining algorghoannot meet the specific
application requirements of ITS for traffic datanmnig analysis.

» Traffic data is of time characteristics and strgpagtial correlation.

Traffic flow forecasting.

The traffic flow forecasting methods can be roughiyded into four categories: the methods
based on traditional statistical theory, the meshbadsed on nonlinear theory, the methods
based on knowledge discovery and the methods lmsesherging technologies such as data
fusion.

These methods have advantages and disadvantagesratitions. The algorithms based on
the traditional methods of statistical theory aetatively simple. However, when the
prediction interval is less than 5 minutes, thedtanness and non-linear of the traffic flow
changes will become strong, so the precision ofribdel will become poor. The algorithms
based on nonlinear theory are well suited to treertainty of the changes in the traffic flow,
but the calculation is more complicated, and theoth is not yet mature. Knowledge
discovery-based approaches are good at identifpi@gharacteristics of complex nonlinear
systems, but they require a lot of training proggamthe learning phase.

In summary, the complex features and limitationthefprediction model of the traffic flow
under different conditions are difficult to obtain accurate prediction results by the use of
a single model and method.

The artificial neural network (ANN) when more traeig samples, the training time is too
long and easy to fall into local minima.
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The rough set (RS) theory is a new knowledge adgnsnethod. It is capable of expressing
and processing incomplete uncertain traffic infaiora By the indiscernible relation
reduction, RS can extract information between pakmnules, and obtain the minimum
expression of knowledge. At the same time, therdlgo is simple and easy to operate.
However, in practical applications, RS theory issesensitive and poor at anti-interference
ability. It can be found through the analysis BN and RS theory as two methods of data
processing, there are many complementarities. nresearch, RS and ANN are fully
integrated with the advantages of both to buildficdlow forecasting model. In our model,
we use RS theory to pre-process the traffic dditajrate the redundant data and attributes
and extract the rules. Then, we use the rulestermiéne the number of hidden layers, hidden
layer nodes and connection weights of the artificeural network to complete the network
structures. Finally, the data after reduction Wal input to the artificial neural network to
predict traffic flow. The model has a good trangpay, and is easy to explain, and is of good
generalization ability and anti-interference apilih our approach, the estimation results of
the traffic flow are show as Fig. 12. As the figurdicates, the combination of ANN and RS
has got more accurate estimation. The architectfiréhe cloud is divided into: user
interaction interface, system resource managemedula with a services catalogue, and
resource provisioning module. Cloud computing systan be divided into two sections: the
front end and the back end. Cloud architecturefiraslayers. The results shows that the
cloud computing can greatly enhance the efficievfayhe data mining:
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Figure 12.- The estimation results and the actualalues of the traffic flow.
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Figure 13.- Results of different Reduce Nodes and &y nodes.

Areas of opportunity:

* Does not show error measurements, so we have adh@e close to real data are the
predicted values.

* Rough theory is something that is not mentioneddxeral article writers.
2.5. Real time traffic forecast.

To articulate a PBS (Pattern Based Strategy) mecteveral knowledge disciplines need to
be considered, such as predictive analytics, datang) complex event processing, business
intelligence, big data, decision support, socidivoek analysis, etc.

Participants and partners

Several partners have participated in the Real Tira#fic Forecast (RTTF) PoC:

» Atos Scientific Community (PBS track) to define thenciples of Pattern-Based
Strategy to be applied in the PoC (Proofcficept);

» Atos C-LAB as project leader and responsible of glistem and solution design,
solution development, integration and implementation;

» Siemens Corporate Technology providing a solutemé&l with a forecasting model,
developed using their widely proved Neuron Netwiabed system SENECA;
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* VMZ Berlin (Traffic Management Central for the cib§ Berlin) as users of the final
system. They provided historical data from theity gensor infrastructure and
supported the project with their profound domainwtedge.

Data acquisition and processing.

Initial data collection. Acquired data from loop detectors and infrared sengvery 60
seconds during summer months.

Data cleansing. This is to avoid unwanted information resultingrfr missing or corrupted
data due to ie malfunctioning sensors. This wasdonfiltering and interpolating values
when necessary.

Data usage The data was divided in two samples:

* Modelling sample: 60 days for pattern forecasting.
» Control sample: 30 days of data to simulate reaktiraffic and to test system
prediction.

Pattern identification and modeling.

Domain expert support: Traffic status determination

Two variables were taken into account speed of @adstraffic flow rate which determines
the number of vehicles passing a traffic sensarpar. Other parameters were road capacity,
and speed limits, etc. The model created was \aliday a domain expert. Using a look-up
table the traffic model provides the traffic s&tuhich is divided into four categories: free
flow, slow moving, congestion and undefined.

Data scientist: Artificial neural network (ANN).
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Data feed.

We have 100 sensors, with a prediction horizontadudrs, with an update period of 5 minutes.
There is two sampling vectors, one for speed amdfonflow rate, containing the value of
four hour data stream with sampling rate of 1 nenthis leads to an entry vector of 240
entries for each sensor.

Data output: Two output vector containing the forecast for tleet 4 hours, for speed and
flow rate.

Training and results: The ANN was trained with back propagation metfdte predictions
shown in the following figure are in blue while tteal time sensors data is in green. In order
to quantify the forecast quality it was averagesl dieviation of 100 sensors over a 30 day
time period revealing 93% precision of traffic spead 86% for flow rate. Keeping in mind
that a 60 day period is quite short and no addifionformation eg social events, road
closures, etc has been fed into the ANN the reamétpromising.
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Figure 14.- Neural Network Estimation.

37



Artificial Neuron Network
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Figure 15.- Structure of the neural network.

In the following figure it is depicted how the dibuted system was deployed in order to put
under test its capabilities. It consists of a Ticdflanagement Server (TMS), Traffic Forecast

Server (TFS), and a traffic monitor client (TMC).
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Traffic Forecast Server
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Figure 16.- Structure of the system for traffic preliction.

For the PoC it was created a simulator of real stneaming data every minute. In the TMS
it is stored the simulated real time data for st P4 hours. Every 5 minutes the TMS pushes
a real time traffic data update into the TFS wrdohtains the ANN. The speed and
flow rate are predicted for the 100 sensors atéx¢ 4 hours with a sampling rate of 1 minute.
The forecasted data is stored back to the TMSr Alfiis the TMC is updated with the new
traffic forecast.

Areas of opportunity:

* How did they filter and interpolate the data?

» Scheme definition of the neural network.

» Which was the total set of parameters used fortaacteng the traffic model.

* Add social events, road closures, to ANN training.

o Computation done by ANN must be done in less thatrinute, the sampling rate.
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2.6. LA department of Transportation( LADOT).

For the purpose of this thesis and the purposeoofparing our results with previous
published results, we are going to use the traffatabase from the department of
transportation of california at Los Angeles. Thsteyn is called the California Performance
Measurment System (PeMS).

For general knowledge We have to mention that aicqgua permission to access the database
called PEMS it took us about 5 months due to a v&lgw process. Once we obtained the
permission the next step was to test the connetismause at ITESO ftp connections are
prohibited by default. The first trial was unsudakand we have to register for a new IP
LADOT, this took us one more month. Once we gotribe IP registered we have to test
again. This time it worked. And now we'll have taerstand how the PEMS database work.
We found out that the ftp server to which we havednnect and download the information
only stores the last 35 minutes of traffic infotiaa in text files created every 5 minutes.

We created an ftp client that connects to the PEBtSbase and is in charge of retrieving the
last 30 minutes of information available at the PEfip server. The connection is depicted
in the figure 17.

ITESO FTP CLIENT DOT CA FTP SERVER

FIREWALL FIREWALL

Figure 17.- Internet connection between ITESO and ELTRANS.
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The FTP client.

The ftp client is mounted on a Linux machine withuatu 14.04. It runs in a periodical way
thanks to a CRON job. The CRON job is configureduio every 30 minutes, every day of
the week, and month, at all hours. If somethingsgemng it sends an email to a local inbox
that can be consulted by runnimgitt the mail client.

The architecture of the FTPClient is depicted mtlext figure:

MainFTPClient FTPClient
+ fTPClient
1 1
1
+fTFPFiles |4
FTPFiles

Figure 18.- Class diagram for the ftp client.

The FTP client algorithm is as follows:

Connect to FTPServer at LADOT.

Loggin into FTP server.

Change transfer to binary mode.

Enter passive mode.

Change to remote working directory.

List the remote files (FTPFile).

Download every remote file to a local directory.
Logout, disconnect, and close connection to FTRe3er

ONoGk~WNE
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The text files with traffic information data.

The text files are called as 5minagg_2015042115@&0§r, so the first step is to unzip them
and then analyse its contents. In the LADOT webkepafprmation (a private page that you
have access only after having registered an IR).féimat for this naming convention is:
5minagg_YearMonthDayHourMinuteSecond.txt.gz

The format of a txt file containing traffic inforrtian is as follows:

Table 1.- Information obtained from the CALTRANS metrics file.

Column Description

VDS_ID Unique station identifier

FLOW Flow (vehicles/5-minutes)

OCCUPANCY Average occupancy as a percentage (0 - 1)

SPEED Flow-weighted average of lane speeds

VMT Total vehicle miles traveled over this sectmiifreeway

VHT Total vehicle hours traveled over this sectidrireeway

Q Measure of freeway quality (VMT/VHT)

TRAVEL_TIME  |Not in use

DELAY Vehicle hours of delay

NUM_SAMPLES |# of samples received in the 5-minwgequ
Percentage of individual lane points from workirgtesttor

PCT_OBSERVED that weregrolled into the stationr\J's 5-minute vzaxluerg

The XmIMetrics2DB.

The XmIMetrics2DB is a file that takes as inpwtds station config element, and a text file
with metrics information about traffic and sendss timformation to the MySQL database.
See the following picture for a pictorial descrapti
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TRAFFIC DATA

— XMLMETRICS2DB MYSQL SERVER
SENSOR CONFIGURATION
Figure 19.- Flow of information from unstructured data to MySQL database
The architecture of the programs is as follows:
pemslLocalDB vds_station_metrics
+ regAndConn2DB() +wds |d: long
+ insertStnAndietn. .. + speed : double
+ flow : double
+ occupancy ;- double
pancy vds Station
g} + pemsLocalDB + distnct : integer
1 +1d : long
VdsXmlSaxParserimpl +yds_station_metrics + name : sting
: : 1 + i
+ vdsStnList : wdsStation + ::}::ient mitsgesrtlin
+ wdsStnMList - wds_stat. 2 .F—_ - Smng
+ dsStation | * Cily_id: sting
+ feeway id: stnng
1 1 | + feeway dir: sinng

1
+vdsSaxHandier
1

vds SaxHandler

Figure 20.- Class diagram of the XML2DBMetrics progam.

+ lanes : integer
+ latitude : double
+ longtude : double
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The algorithm is as follows:

1. First the vds_config.xml file is parsed and storgdsStnList. This XML file contains
the configuration of every station. The vdsStnisssorted.

2. Registry and connect to the database.

3. Parse a single metrics file and for every statioalable in vdsStnList insert a row

in the DB.

2.7. The neural network test.

Eventhough we still don't have the full set of datailable for the neural network prediction.
We use a subsample of it in order to see a predinbehavior of the neural network.

First we consider the openloop training of the aknetwork. We use a neural network of
one output and 10 hidden neurons, with 20 inputxt), and 20 inputs for y(t), with the
Levenberg-Marquardt training algorithm. Check tbkofwving figure for a visual depict of
the ANN:

NARX Neural Network (view)

!{t} Hidden

o

Figure 21.- NARX Neural Network.
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The training response is the following:

Response of Output Element 1 for Time-Series 1

500 Targets i
T+  Qutputs
= Errors
% 400 Response
pu
1]
[
= 300
=
1]
5 200
o
)
&
100

Error

|
800 200 1000 1100 1200 1300 1400 1500 1600 1700

Time

Figure 22.- Response of open loop ANN shown in f&f.

In this figure we can observe the response ofrdiaibhg data as input vs training data as
ouput. We can observe in this figure that the otstjresponse of the ANN to new inputs)
from the ANN are very close to the targets (valkmeswn from real data) of the ANN, thats
why the errors are very close to zero around 5clehiper every 5 minutes of data flow.
There are small peaks with value about 50, abgaiits, but the ANN recovers to minimal
value of 5 very soon. This recoverage does notémpp previous results presented in this
document, this recoverage last for 30 to 60 minwed the errors are about 120% to 200%
vs our 1% obtained with Levenberg-Marquardt aldponit

Now lets see a response from the ANN but with maivikn data by the ANN, we called this
set the test data, this will be inputs/outputs us#d for training the ANN. We can observe
how the estimated outputs of the neural netwoekvary close to the observed targets of
real traffic data (targets). We can observe thaterror has a value around zero and a few
peaks, 5, about 20 to 50 vehicles per 5 minutesk lad the following picture for details.
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Response of Output Element 1 for Time-Series 1
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Figure 23.- Response of ANN shown in fig 21., butith not known data.

Now let's see the results obtained in close loap@®ANN. The following picture depicts
the ANN (see figure 24).

" MARX Neural Network (view)

Hidden

Figure 24.- Closed loop ANN.

Now let's analyze the response of the ANN in clasgal We can see that the first 30 samples
are very close to the real behavior however, dihisas a closed loop aproximation the error
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at the output is feedbacked to the input of the AdN this accumulates up to the point of
having a great deviation from real data.

600

Traffic
Meural Predictor

500

400
: \ ¥
300 4 . : .

200 ¢

100 F

Vehicular Flow {#vehicules by 5 minutes)

-100

0 100 200 300 400 500 600
Samples every 5 minutes

Figure 25.- Response of the closed loop ANN shownrfig. 24.

Now lets look at the ANN but with a delay removedider to make it a predictor of one
step ahead.

NARX Neural Network (view)

x(t) Hidden

Figure 26.- One step predictor (predictor of 5 mintes ahead) ANN.

a7



The response of this ANN is very close to the daaia obtained for the traffic in LA, Notice
this because the red dots that represent the astrflaw of vehicles, are following the blue

line, the real traffic data, very closely.
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Figure 27.- Response of the one step predictor shoun fig 26.

2.8.  Prediction analysis with 3 months of data.

In order to have a measurement that agrees wigarels literature we have to take 3 months
of data from the freeways, in our case it is 95sdayorder to be exact. Additionally, we
cannot use anymore the previous NARX network tanhfMATLAB because it cannot have
multitple output, and it is of our interest to aysd a neural network with multiple ouputs
that represent 30 minutes prediction of freeway flow in steps of 5 minutes; that's why we'll
use a feedforward neural network tool from MATLAB&dccomplish this objective.
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2.8.1The feedforward neural net.

We start our analysis of the feedforward neural network using as a basis the ANN shown in
fig. 23, the NARX neural network. Notice that it has 20 delays for x(t) and another 20 delays
for y(t). It also has a 10 neurons hidden layer, a nonlinear output of the hidden layer, and an
output layer with 6 neurons representing everyone of them 5 minutes prediction starting from
5 minutes ahead up to 10,15,20,25, and 30 minutes prediction. The learning algorithm is
Levenberg-Marquardt which is the default for the feedforward ANN. We chose this learning
algorithm because it guarantees to reach a global optimum, in this case a global minimum

€ITOor.

This details can easily be observed in figure 30.

Feed-Forward Neural Network (view)

Hidden Output

Input Output

40

10 6

Figure 28.- Feedforward neural network equivalent® NARX ANN in fig. 21

2.8.2Response of the six outputs.

In figure 31, we can observe the outputs of the feedforward neural network in red dots which
are plotted against the real measurements of the freeways flow. The freeway flow (in vehicles
per every 5 minutes) is plotted in y axis and sample number in x axis.

The outputs start from top to right and then bottom left to bottom right. This means that the
5 minutes ahead prediction is in top left corner, and 15 minutes ahead prediction is in top
right corner, 20 minutes ahead prediction is in bottom left corner, and 30 minutes ahead
prediction is bottom right corner.
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Qualitatively speaking we can observe that thedatd, the output of the ANN, follow the
blue line, the real measurements, very closelys dhservation prevails for the six subfigures
in figure 29.

Let's go deeper into a more quantitative measurbaie an idea of the error of the
feedforward ANN. In figure 30 the Root Mean Squireor (RMSE) goes from 8 to 17
vehicles per every five minutes. In figure 31 khean Absolute Percent Error goes from 2.5
to 5%, being this last one much better than theatserved in figure 16 of 86%, taking into
account that these measures are for flow, speédevdnalized further.
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Figure 29.- Response of the six outputs (red dotg$ actual measurements (blue lines) for flow.
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Figure 30.- Root Mean Square Error of every outpufor traffic flow.
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Figure 31.- Mean Absolute Percent Error for traffic flow.
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2.8.30ptimizing the neural network for speed prediction.

For the optimization process we calculate the Msguare Error (mse) which is given by
MATLAB after calling the functionperformwhich calculates this index using the predicted
output and the real observed output. We call itgperance of the ANN and that's how it
appears in the tables below.

In table 2, we can observe how the ANN was optithizepredict speed using 10 neurons in
the hidden layer. We can observe how the minimas @btained while the number of inputs
was 18.

Table 2.- Traffic speed optimization using 10 neunos as the hidden layer.

Number of
Number of delays in training_time calc_time
inputs ANN seconds performance |seconds
29 58 257.53 0.826 0.085779
26 52 311.98 0.8806 0.080749
23 46 185.46 0.9041 0.079706
20 40 180 0.863 0.13114
19 38 128.32 0.8105 0.077998
18 36 400 0.7876 0.143
17 34 138 0.8093 0.082463
16 32 313.99 0.9604 0.135426
14 28 261 1.1601 0.083092
11 22 101 0.8352 0.076305
10 20 103.295 0.8784 0.076864
9 18 55.68 0.8717 0.077719
8 16 32 0.9397 0.077948
5 10 119 0.935 0.099771
2 4 50 1.027 0.076067

In figure 34, we can observe a graphical depithefof table 1, and how the minimum error,
mse or mean square error, of the ANN was achiev&8 aputs.
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Performance (mse) of ANN for speed prediction
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Figure 32.- Performance of ANN with 10 neurons inHe hidden layer and predictions of speed.

In table 3 we can observe the optimization valeespeed prediction in the ANN using 18
inputs, as a result from the table 1 and figurebB@ with different number of neurons in the

hidden layer.
Table 3.- Traffic speed optimization using 18 inpL&.
Number of training_time calc_time
neurons seconds performance |seconds
20| 354.182954 0.7789 0.173063
19| 295.507273 0.7787 0.222018
18| 411.110228 0.8343 0.175309
16| 268.854945 0.9091 0.172757
14 90.643629 0.8466 0.173118
13 144 0.7546 0.185369
12| 209.765779 0.7586 0.172804
10 400 0.7876 0.143
7 73.705001 1.0125 0.175178
4| 101.023553 1.0843 0.172224

In figure 33, we can observe how the performancthefANN reaches a minimum at 13

neurons in the hidden layer. From the previous tiindes and figures we can observe that
the speed prediction using an ANN reaches its minimat the 18 number of inputs and 13
neurons in the hidden layer, this structure caoliserved in figure 34. Notice that the input
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in the ANN is 36 due to the number of delays in the ANN being the double of the number of
inputs.

>erformance of speed prediction of ANN for different number of neurons
1.2
1
0.8
0.6 == performance

0.4

0.2

Performance (mse) of ANN

0
2 4 6 8 10 12 14 16 18 20 22

Number of neurons in the hidden layer

Figure 33.- Performance of ANN with 18 inputs and pediction of speed, with different number of neurors in the hidden layer.

| o\ Feed-Forward Neural Metwork (view) = O g

Hidden Qutput

Figure 34.- ANN structure for optimal speed predicion.

In figure 35, we can observe the the Root Mean Square Error (RMSE) for the optimized ANN
for speed prediction. It goes from 0.65 — 0.95 mph which compared to figure 8, whose values
goes from 2 to 6 mph, it's a decrease that goes from 4 to 6 times.
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In figure 36, we can observe the the Mean Absdhatieent Error (MAPE) for the optimized
ANN for speed prediction. The MAPE goes from 0.5950% that compared with the values
from figure 6b and 7b which are peaks that go@ 30 to 50% is a dramatical reduction
in the error of 30 — 50 times less error.
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Figure 35.- Root Mean Square Error (RMSE) of evenyputput of the optimized ANN for the speed predictio.

0.95 . . . : 3

# Mean absolute percent error
-

=
<=}
T

Fercent error
=] =} (=]
e PN B om
n | Ln [s-x} n
i

o
o

.55

Output

Figure 36.- Mean Absolute Percent Error (MAPE) of @ery output of the optimized ANN for speed predictdn.
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In figure 37, he outputs start from top to right and then botleftto bottom right. This means
that the 5 minutes ahead prediction is in topdefher, and 15 minutes ahead prediction is
in top right corner, 20 minutes ahead predictidn tsottom left corner, and 30 minutes ahead
prediction is bottom right corner. We can obsenvthis figure that the speed of vehicles has
more peaks than the flow which makes it more diffito predict, however, the results are
much better than the observed in the literature.
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Figure 37.- Response for speed of the six outpu3(minutes prediction)

2.8.40ptimizing the neural network for flow prediction.

In table 4, we can observe the different set aieslused to optimize the performance of the
ANN for the flow of traffic using as initial valug#0 neurons in the hidden layer. We can
observe how in this table the performance for icdfow prediction reaches a minimum at
14 inputs. In figure 38, we can observe this bebrgpictorically.
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Table 4.- Traffic flow optimization using 10 neurors as the hidden layer.

Number of
Number of delays in training_time calc_time
inputs ANN seconds performance |seconds
26 52 210.419888 167.8752 0.114671
23 46  170.938954 144.1526 0.109144
20 40 98 155.2231 0.154616
17 34 120.37 177.3368 0.106406
15 30 177.753 142.1478 0.10732
14 28 88.98 139.0008 0.104202
13 26 79.45 154.4341 0.110264
11 22 74.2 167.4426 0.108857
8 16 96 246.9245 0.106848
Performance (mse) of traffic flow prediction.
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Figure 38.- Performance of ANN with 10 neurons inHe hidden layer and prediction of traffi flow.

In table 5, using the results of table 3 and figBewe can observe the optimization process
for flow prediction performance of the ANN using I¥puts and varying the number of
neurons in the hidden layer. We can observe stdble that the minimum performance is
reached at the value of 16 neurons. We can obsais/behavior pictorically in figure 41.
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Table 5.- Optimization process for traffic flow prediction using 14 inputs.

Performance of flow prediction for different number of neurons.

Number of training_time calc_time

neurons seconds performance seconds
19| 404.77784 197.1223 0.079653
17| 532.111123 140.6576 0.078829
16| 209.858048 105.347 0.081804
15| 204.158633 107.4933 0.079259
13 180 164.8486 0.103343
10 88.98 139.0008 0.104202
7|  68.613853 172.5722 0.077178
4|  15.965465 210.7237 0.130687
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Figure 39.- Performance of ANN for traffic flow prediction using 14 inputs and different number of newons.

In figure 40 we can observe the structure of the ANN with 14 inputs and 16 neurons as a

result of this optimization process. Remember that the number of delays is the double of the

number of inputs.

Input

28

Figure 40.- Structure of the ANN for optimized traffic flow prediction.
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In figure 41, we can observe the Root Mean Square ERMSE) for the optimized ANN
for flow prediction, this value goes from 6.8 to.8®ehicles per every 5 minutes.
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Figure 41.- Root Mean Square Error (RMSE) of everyutput of the optimized ANN for flow prediction.

In figure 42, we can observe the Mean Absolute étgr&rror (MAPE) for the optimized
ANN for flow prediction. It goes from 2 to 4 % (9896% of good prediction) that compared
with the nonoptimized ANN is similar but better mtheéne one in figure 16 with a value of
86%.
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Figure 42.- Mean Absolute Percent Error (MAPE) of @ery output of the optimized ANN for flow prediction.
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In figure 43, we can observe the response for flmwhe six outputs. The outputs start from
top to right and then bottom left to bottom rigithis means that the 5 minutes ahead
prediction is in top left corner, and 15 minutegadh prediction is in top right corner, 20

minutes ahead prediction is in bottom left coraed 30 minutes ahead prediction is bottom
right corner. We can observe how the predicted floved dots follows very closely the blue

line of the real measures of flow.
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Figure 43.- Response of the six outputs (30 minutesediction horizon) for traffic flow.

2.8.5Sensibility analysis.

We are applying several inputs to the feedforwaedral network as an increment or
decrement, both are applied, and the derivativieken as an approximation to the ideal
derivative as follows:
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and we are taking the mean of the derivatives andhgm into a table. We also calculated
the standard deviation and put them into a talliés mumbers indicate the derivative of the
outputy, with respect to the entranggand the outpuy. Notice that in the case of y the
derivative is taken with respect to the past oufpuexample: y(t+1)...y(t+6), with respect

to y(t-0), y(t-1), y(t-2),...

Sensibility analysis for speed prediction.

In table 6, we can observe the sensibility analysssilts for speed. For the speed case we
have eighteen delays for x, and eighteen delayg fdfe can observe also that the variation
of the outputy, with respect to the input y itself is in the @redf magnitude of centesimals,
while the variation of the output y, with respeztiite input x is in the order of microunits.
This lead us to conclude that the ANN to prediet $beed is more sensible toy, the speed
previous outputs, than tQ the time inputs at which the speed was sensed.

In table 7, we show the standard deviation of teamderivative shown in table 6.

Sensibility analysis for flow prediction.

In table 8, we can observe the sensibility analiggifiow. For the flow case we have fourteen
delays for x, and fourteen delays for y. We careoles also that the variation of the output
with respect to the input y itself is in the ordéicentesimals, while the output y with respect
to the x input is in the order of ten thousandle can conclude from this that the output y
is more sensible to the output y itself , the fldwgn to the input x, the time it was sensed the
flow.

In table 9, we show the standard deviation of tlemmnderivative shown in table 8. Both
speed and flow show similar sensibility results.
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Table 6.- Mean derivative of speed.

MEAN y(t+1) y(t+2) y(t+3) y(t+4) y(t+5) y(t+6)

X(t-0) 4.71E-006 6.31E-006 6.86E-006 7.09E-006 7.36E-006 7.27E-006
x(t-1) -6.18E-006| -7.68E-006| -8.42E-006| -9.04E-006| -9.97E-006| -1.03E-005
X(t-2) -1.27E-006| -1.73E-006| -1.79E-006| -1.36E-006| -7.24E-007| -2.04E-007
X(t-3) -6.16E-007| -9.94E-007| -8.42E-007| -1.04E-007 9.02E-007 1.73E-006
X(t-4) 6.62E-007| -7.29E-007| -1.50E-006| -1.79E-006| -1.98E-006, -2.11E-006
X(t-5) 2.93E-005 3.12E-005 3.31E-005 3.44E-005 3.49E-005 3.51E-005
X(t-6) -5.94E-006| -1.23E-006 2.58E-006 4,59E-006 6.27E-006 6.61E-006
X(t-7) -1.49E-005| -1.64E-005| -1.75E-005| -1.77E-005| -1.69E-005| -1.62E-005
X(t-8) -3.92E-006| -2.86E-006| -2.27E-006| -1.92E-006| -1.41E-006| -1.08E-006
X(t-9) 7.22E-007| -3.14E-006| -6.16E-006| -7.89E-006| -9.35E-006| -1.03E-005
X(t-10) 3.23E-006 3.49E-006 3.14E-006 2.16E-006 9.79E-007 1.45E-007
X(t-11) -6.31E-006| -1.49E-005| -2.13E-005| -2.42E-005| -2.62E-005| -2.61E-005
X(t-12) 3.90E-006 6.89E-006 9.34E-006 1.00E-005 9.92E-006 9.56E-006
X(t-13) -1.81E-006| -6.64E-007| -1.33E-007| -8.29E-008 1.29E-008| -9.18E-008
x(t-14) 1.07E-006 9.30E-007 8.42E-007 1.17E-006 1.65E-006 2.15E-006
X(t-15) 2.73E-006 3.53E-006 4.17E-006 4.50E-006 4.76E-006 4.62E-006
X(t-16) -1.69E-006 2.05E-007 1.47E-006 1.83E-006 1.95E-006 1.60E-006
x(t-17) -7.09E-006| -1.07E-005| -1.36E-005| -1.51E-005| -1.61E-005| -1.64E-005
y(t-0) 0.045714377| 0.054208131| 0.054765421| 0.055455112| 0.061250969| 0.063601826
y(t-1) -0.029695276/| -0.008183018| 0.00646343| 0.011109109| 0.014749509| 0.013112375
y(t-2) 0.050834505| 0.041430122| 0.035734469| 0.032449249| 0.027808835| 0.026062505
y(t-3) -0.01250654| -0.001265365| 0.004771444| 0.005735326| 0.006754562| 0.00618144
y(t-4) -0.010453971| 0.009434618| 0.023546601| 0.028127849| 0.030722227| 0.030965253
y(t-5) -0.000308832| 0.002982862| 0.002825112| 0.00095868|-0.000111172|-0.000459723
y(t-6) 0.011449981| 0.005053572| -0.003456142| -0.013333494| -0.02489253| -0.03229326
y(t-7) -0.01759813| -0.00390316| 0.003119062| 0.000830992|-0.002786431|-0.007813256
y(t-8) 0.029063838| 0.040436184| 0.050321075| 0.057405289| 0.064366165| 0.069553888
y(t-9) 0.014183377| 0.013501858| 0.007308599| 0.004267724| 0.004840688| 0.005437548
y(t-10) 0.012144466| 0.012141184| 0.011290358| 0.011106052| 0.012214236| 0.013599824
y(t-11) 0.040462588| 0.05244601| 0.06175272| 0.06343251| 0.062156332| 0.058662429
y(t-12) 0.063366566| 0.028311571| 0.002602188| -0.012090584 | -0.026171515| -0.033319798
y(t-13) -0.083303397| -0.015590397| 0.041446644| 0.067872966| 0.088604765| 0.092064068
y(t-14) 0.107497005| 0.096447893| 0.089982733| 0.08985577| 0.090437643| 0.090461267
y(t-15) 0.071662644| 0.088639196| 0.102710328| 0.114288272| 0.125674654| 0.129521718
y(t-16) -0.181116062| -0.075051517| 0.009232406| 0.053823726| 0.095492483| 0.110573438
y(t-17) 0.483312952| 0.209069938| 0.000531248| -0.089795156/ -0.165123398| -0.176917542
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Table 7.- Standard deviation of the derivativessipeed.

STD.DEV. y(t+1) y(t+2) y(t+3) y(t+4) y(t+5) y(t+6)

X(t-0) 4.72E-010 8.66E-010 1.17E-009 1.33E-009 1.44E-009 1.49E-009
x(t-1) 2.70E-010 4.53E-010 6.09E-010 7.01E-010 7.68E-010 7.88E-010
X(t-2) 7.28E-011 1.43E-010 1.87E-010 1.91E-010 1.71E-010 1.50E-010
X(t-3) 4.80E-011 6.12E-011 1.82E-010 3.23E-010 5.20E-010 6.62E-010
X(t-4) 5.34E-011 9.56E-011 1.25E-010 1.24E-010 9.94E-011 7.97E-011
X(t-5) 6.53E-010 1.35E-009 1.79E-009 2.04E-009 2.22E-009 2.31E-009
X(t-6) 6.35E-010 1.03E-009 1.35E-009 1.56E-009 1.71E-009 1.79E-009
X(t-7) 1.06E-010 2.15E-010 2.66E-010 2.70E-010 2.48E-010 2.16E-010
X(t-8) 2.58E-010 4.97E-010 6.60E-010 7.12E-010 7.26E-010 7.15E-010
X(t-9) 2.98E-010 1.39E-009 2.23E-009 2.75E-009 3.28E-009 3.58E-009
X(t-10) 3.69E-010 7.99E-010 1.09E-009 1.19E-009 1.23E-009 1.21E-009
X(t-11) 3.28E-011 1.89E-010 3.19E-010 3.74E-010 4.20E-010 4.48E-010
X(t-12) 1.86E-010 4.00E-010 5.51E-010 6.01E-010 6.21E-010 6.26E-010
X(t-13) 1.07E-011 5.10E-012 3.56E-012 1.58E-011 2.73E-011 3.37E-011
x(t-14) 6.88E-011 1.22E-010 1.59E-010 1.71E-010 1.74E-010 1.72E-010
X(t-15) 1.72E-011 1.83E-011 1.87E-011 1.65E-011 1.29E-011 1.08E-011
X(t-16) 6.19E-011 1.58E-010 2.22E-010 2.62E-010 2.97E-010 3.14E-010
x(t-17) 1.92E-010 2.03E-010 2.20E-010 2.51E-010 2.84E-010 3.04E-010
y(t-0) 0.026471575| 0.040596861| 0.05199749| 0.05745001| 0.060998396| 0.060895546
y(t-1) 0.004986255| 0.007751313| 0.00976569| 0.011230579| 0.011700385| 0.011914019
y(t-2) 0.000836298| 0.00061125| 0.000564511| 0.000542629| 0.000511799| 0.000475986
y(t-3) 0.003153009| 0.006178944| 0.008048515| 0.008623837| 0.008782183| 0.00850894
y(t-4) 0.003476233| 0.005795801| 0.007155076| 0.007439054| 0.00732724| 0.006368431
y(t-5) 0.003779609| 0.006663654| 0.0114846| 0.014045317| 0.015561428| 0.015689276
y(t-6) 0.005394488| 0.002161641| 0.004661493| 0.008276513| 0.012726717| 0.016021016
y(t-7) 0.002661576| 0.003848007| 0.004661701| 0.00507783| 0.00558539| 0.005805119
y(t-8) 0.013185512| 0.007849967| 0.005469261 0.005268495| 0.005569836| 0.006007919
y(t-9) 0.002748468| 0.004928873| 0.007654621| 0.009273941| 0.01064283| 0.011398127
y(t-10) 0.00326582| 0.007021235| 0.009895479| 0.010328713| 0.010010277| 0.008698898
y(t-11) 0.007082179| 0.005042264| 0.003767584| 0.003777665| 0.004152535| 0.004659778
y(t-12) 0.001716667| 0.002406875| 0.004070359| 0.005090843| 0.006563124| 0.007776819
y(t-13) 0.006109359| 0.001452711| 0.005537661| 0.006694475| 0.006950266| 0.006278722
y(t-14) 0.004583064| 0.005285333| 0.006248236/ 0.006714527| 0.006908818| 0.006923089
y(t-15) 0.007996392| 0.014533009| 0.01966962| 0.02250909| 0.024484144| 0.025123863
y(t-16) 0.017313118| 0.01470216| 0.015019284| 0.016453542| 0.018187254| 0.019337345
y(t-17) 0.037218149| 0.034578883| 0.045990503| 0.052259744| 0.057440275| 0.056190855
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MEAN y(t+1) y(t+2) y(t+3) y(t+4) y(t+5) y(t+6)

X(t-0) 0.0001246/| -0.000121501| -0.000355876| -0.000566309 | -0.000703007 | -0.000747407
X(t-1) -0.000403826/| -0.000117171| -0.000435116| -0.000887982 | -0.001092208| -0.0008608
X(t-2) 0.00124551| 0.001424929| 0.001651955| 0.001733142| 0.001663804| 0.001536916
X(t-3) -0.00026201| 0.000198975| 0.000721253| 0.00110664| 0.001267893| 0.001241922
x(t-4) -0.000324467| -0.0004094| -4.36E-005| 0.000561297| 0.000967942| 0.000833362
X(t-5) -0.000751494| -0.001186172| -0.001161336| -0.000741947 | -0.000231856 3.64E-005
X(t-6) -0.000257899| -0.000723465| -0.001393865| -0.001920147 | -0.001914131| -0.001315604
X(t-7) 0.000480459| 0.000177953| -0.000383582| -0.00086342|-0.001061581 |-0.001000899
X(t-8) 0.000337232| 0.000336288| 0.000172037|-0.000110077|-0.000451904| -0.0007492
X(t-9) -0.000866817| -0.00050945 6.43E-006| 0.000205381|-0.000126263| -0.00073772
X(t-10) -0.00027081 | -0.000371505| -0.000260289| -0.000114699 | -0.000138977 | -0.000418534
X(t-11) -0.000458707| -0.000538027| -0.000734182| -0.00075829|-0.000623184 | -0.000494945
X(t-12) -0.000286905| -8.40E-005| -0.000113656| -0.00018289| -7.23E-005| 0.000279467
X(t-13) 0.001520842| 0.001544115| 0.001723401| 0.00174105| 0.001580553| 0.001377275
y(t-0) -0.06198151| -0.087412008| -0.05046305| 0.011484197| 0.045577091| 0.025224359
y(t-1) -0.013983143| 0.000567129| -0.040429004| -0.04819155| 0.009597906| 0.092980597
y(t-2) 0.062928687| -0.003013909| -0.014740807| -0.032134627| -0.060545838 | -0.089382844
y(t-3) 0.0254221| 0.101357099| 0.071662957| -0.012634579|-0.057567841| -0.000760513
y(t-4) -0.002128579| 0.020708511| 0.009291735| -0.018237683|-0.075883896 | -0.150881646
y(t-5) -0.045478588| -0.060247462|  0.0002325| 0.015256405|-0.047971637|-0.145156573
y(t-6) 0.040992844| 0.012855614| -0.018937836/| -0.022969775| -0.011878144 | -0.011404554
y(t-7) -0.047446731| -0.063400218| -0.020088861| 0.040811512| 0.07644766| 0.058776966
y(t-8) 0.003474217|-0.019114581| -0.038802659| -0.009638344| 0.04852783| 0.089236761
y(t-9) -0.019475703| -0.028944493| -0.066733707| -0.050015675| 0.02143031| 0.093188897
y(t-10) 0.107529415| 0.179333113| 0.2095017| 0.158638954| 0.084704841| 0.064471038
y(t-11) -0.055842749| -0.002310715| 0.027620757| -0.010564439|-0.061833824| -0.051092273
y(t-12) -0.063029744| -0.057516217| 0.003557673| 0.05736146| 0.056142034| 0.005862633
y(t-13) 1.028268801| 0.942827804| 0.853076623| 0.846283306| 0.899277102| 0.93504797

Table 8.- Mean derivatives of flow.
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Table 9.- Standard deviation of the derivativesiomn.

STD.DEV. y(t+1) y(t+2) y(t+3) y(t+4) y(t+5) y(t+6)

X(t-0) 1.84E-008 2.34E-007 7.29E-007 1.01E-006 1.12E-006 1.15E-006
X(t-1) 2.01E-007 3.30E-007 7.32E-007 8.51E-007 8.53E-007 9.50E-007
X(t-2) 8.72E-008 6.21E-008 6.83E-008 8.70E-008 1.13E-007 1.40E-007
X(t-3) 1.47E-008 3.54E-008 8.52E-008 1.23E-007 1.49E-007 1.66E-007
x(t-4) 2.32E-007 1.44E-007 2.77E-008 1.27E-007 2.30E-007 2.45E-007
X(t-5) 2.96E-008 1.74E-008 2.39E-008 5.92E-008 1.01E-007 1.52E-007
X(t-6) 2.44E-007 1.97E-007 3.00E-007 6.00E-007 9.42E-007 1.13E-006
X(t-7) 1.95E-008 3.96E-008 6.25E-008 8.27E-008 1.09E-007 1.23E-007
X(t-8) 1.41E-008 2.39E-008 3.12E-008 1.71E-008 2.39E-008 3.82E-008
X(t-9) 1.53E-008 8.79E-008 1.33E-007 1.45E-007 1.74E-007 1.88E-007
X(t-10) 6.90E-009 8.01E-008 2.81E-007 4.88E-007 6.32E-007 6.81E-007
x(t-11) 2.75E-007 3.19E-007 3.09E-007 3.09E-007 3.16E-007 3.17E-007
X(t-12) 3.72E-008 1.31E-007 2.92E-007 4.16E-007 5.39E-007 6.56E-007
X(t-13) 9.13E-009 2.35E-007 4.02E-007 4,58E-007 4.50E-007 4.49E-007
y(t-0) 0.003303986| 0.003641691| 0.004461523| 0.005662536| 0.006120329| 0.004771089
y(t-1) 0.011827072| 0.013275683| 0.008421897| 0.005486035| 0.006734134| 0.010267676
y(t-2) 0.00969855| 0.016759975| 0.027092413| 0.028650653| 0.025729707| 0.022447249
y(t-3) 0.002864698| 0.006247678| 0.004184112| 0.002014414| 0.005977437| 0.005853214
y(t-4) 0.029496156| 0.013912243| 0.007466699| 0.012750895| 0.013747979| 0.013882069
y(t-5) 0.006585982| 0.006631512| 0.004929742| 0.003174299| 0.008637299| 0.016480491
y(t-6) 0.007379323| 0.006798028| 0.005225379| 0.002796242| 0.000873704| 0.000418609
y(t-7) 0.004653403| 0.00300131| 0.002152089| 0.008260664| 0.013293123| 0.014915085
y(t-8) 0.001827993| 0.002334983| 0.004740339| 0.003901021| 0.001622622| 0.000729745
y(t-9) 0.004153808| 0.004119727| 0.005517736| 0.005092731| 0.002537116| 0.001701865
y(t-10) 0.023677066| 0.024490069| 0.022097646| 0.013130023| 0.003634353| 0.005723569
y(t-11) 0.00702412| 0.008914501| 0.011426064| 0.009386276| 0.005324383| 0.003949099
y(t-12) 0.011231886| 0.009565813| 0.002109051| 0.007475595| 0.014107752| 0.018377005
y(t-13) 0.006134287| 0.024200631| 0.039382572| 0.047062112| 0.050115456| 0.052329342
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3. CONCLUSIONS
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3.1. Conclusions

1. The Levenberg-Marquardt algorithm presents bettgults and performance in the

ANN than the backpropagation algorithm. In figurg 3ve can observe the Root Mean
Square Error (RMSE) for the optimized ANN for spgeddiction. It goes from 0.65 — 0.95

mph which compared to figure 8, whose values goms £ to 6 mph, it's a decrease that
goes from 4 to 6 times. In figure 36, we can obsehe the Mean Absolute Percent Error
(MAPE) for the optimized ANN for speed predictiothe MAPE goes from 0.57-0.95 %

that compared with the values from figure 6b and ihich are peaks that goes from 30 to
50% is a dramatical reduction in the error of 3B0-times less error.

2. There is no need to switch between two diffeedgorithms

3.2.  Future work.
Being able to predict spatial impact of accidemd sbads congestions. Also it would be
interesting to experiment with deep learning teghas and the Levenberg-Marquardt
training algorithm in ordet to see how much thefg@nance is improved. We can also
recommend the usage of Hadoop to process the ahsted information -text files- obtained
in order to do the calculations of speed and flor@iigh ANNSs.
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APPENDIX A. The FTP client.

This is the FTPClient used to connect to CALTRANSMS system to download the
metrics files for the sensors deployed in Califarnighways.

i mport java.io.BufferedOutputStream;

i mport java.io.File;

i mport java.io.FilelnputStream;

i mport java.io.FileOutputStream;

i mport java.io.BufferedReader;

i mport java.io.BufferedWriter;

i mport java.io.FileWriter;

i mport java.io.PrintWriter;

i mport java.io.OutputStream;

i mport java.io.lnputStream;

i mport java.io.lOException;

i mport java.text.DateFormat;

i mport java.text.SimpleDateFormat;

i mport java.util.Date;

i mport java.util.Properties;

i mport org.apache.commons.net.ftp.FTP;

i mport org.apache.commons.net.ftp.FTPClient;
i mport org.apache.commons.net.ftp.FTPFile;

i mport org.apache.commons.net.ftp.FTPReply;

public cl ass MainFTPClient {
private stati c PrintWriter fileOut;

/IPrint server reply to log file
public static void showServerReply(FTPClient ftpClient) {
String[] replies = ftpClient.getReplyStrings();

i f (replies!= nul | && replies.length > 0) {
f or (String aReply : replies) {

fileOut.printin( "SERVER:" + aReply);
fileOut.flush();

}

}

}

public static void maln(Strmg[] args) {
Stnng server =

i nt port=21,; //FTP port

//If true connect to remote server, else connect to local server
String LOCAL_FTP = "FALSE" ;

/Iremote directory from which to download data.
String remoteDirectory = "

/ILocal directory to which we'll save the data
String localDir = "

/IPassword for the ftp server

String pass;

/lusername ftp connection.

String user;

/linstantiate FTP client

FTPClient ftpClient = new FTPClient();



try{

//If true connect to remote server, else connect to local server
i f (LOCAL_FTP.equalslgnoreCase( "TRUE"))

{

server= " ;

user= " ;

pass= " ;

remoteDirectory = "/lhome/oracle-06/ftp/pems/" ;

localDir = "Ihome/oracle-05m/Documents/USVA/testftp/" ;

}

el se

{

server = "

user= " ;

pass= " ;

remoteDirectory = "/D7/Data/5min" ;

localDir = "Ilhome/oracle-05m/Documents/USVA/pems/ExpData/" ;

}

/lInstantiate a file to write log information at th e moment of
downloading data

String fileftplog = "FTPLog.txt"

FileWriter fw = new FileWriter (fileftplog);

BufferedWriter bw = new BufferedWriter (fw);

fileOut = new PrintWriter (bw);

/lInstantiate current date

DateFormat dateFormat = new SimpleDateFormat( "yyyy/MM/dd HH:mm:ss"  );
Date date = new Date();

//Log the date into FTPLog.txt

fileOut.printin(dateFormat.format(date));

fileOut.flush();

/lconnect to server

ftpClient.connect(server, port);

[lprint server replies.

showServerReply(ftpClient);

i nt replyCode = ftpClient.getReplyCode();

IV erify server reply is positive to continue downl oading, otherwise log
error and disconnect

i f (IFTPReply.isPositiveCompletion(replyCode)) {

fileOut.printin( "Operation failed. Server reply code: " + replyCode);
fileOut.flush();

ftpClient.disconnect();

return;

}

/ILog in into server

bool ean success = ftpClient.login(user, pass);

showServerReply(ftpClient);

/If not successful, log error and log out; otherwi se log successand
continue.

i f ('success) {

fileOut.printin( "Could not login to the server" );

fileOut.flush();
ftpClient.logout();
return;

} else{
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fileOut.printin( "LOGGED IN SERVER");
fileOut.flush();

}

/ISet ftp transfer type to binary.
ftpClient.setFileType( FTP.BINARY_FILE_TYPE);
/lenter passive mode
ftpClient.enterLocalPassiveMode();
showServerReply(ftpClient);

/lget system name

fileOut.printin( "Remote system is " + ftpClient.getSystemType());
fileOut.flush();

/Ichange current directory
ftpClient.changeWorkingDirectory(remoteDirectory);
showServerReply(ftpClient);

fileOut.printin( "Current directory is " +
ftpClient.printWorkingDirectory());

fileOut.flush();

/lget list of filenames

FTPFile[] ftpFiles = ftpClient.listFiles();
showServerReply(ftpClient);

int i=1;

i f (ftpFiles != nul | && ftpFiles.length > 0) {
/lloop thru files

i=1;

f or (FTPFile file : ftpFiles) {

/lif file is a directory continue with next entry.

i f (ffile.isFile()) {

conti nue;

}

fileOut.printin( "File is " + file.getName());
fileOut.flush();

String remoteFile2 = file.getName();

File downloadFile2 = new File(localDir+remoteFile2);

/linstantiate two streams, one for reading and one for writing
OutputStream outputStream?2 = new BufferedOutputStream( new
FileOutputStream(downloadFile2));

InputStream inputStream = ftpClient.retrieveFileStr eam(remoteFile2);
/linstantiate a buffer for reading data and writing it gradually to the
output stream

byt e[] bytesArray = new byt e[4096];

i nt bytesRead = -1,

whi | e ((bytesRead = inputStream.read(bytesArray)) !=-1) {

outputStream2.write(bytesArray, 0, bytesRead);

showServerReply(ftpClient);

success = ftpClient.completePendingCommand();

showServerReply(ftpClient);

i f (success) {

fileOut.printin( "File #" +i+ " has been downloaded successfully." );
fileOut.flush();

i++;

/Iclose streams
outputStream?2.close();
inputStream.close();

}

}
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/I logout and disconnect from ftp client.

ftpClient.logout();

ftpClient.disconnect();

} cat ch (IOException ex) {

fileOut.printin( "Oops! Something wrong happened\n” );
fileOut.flush();

ex.printStackTrace();

} finally{

try{
/lif an exception occurs and you are connected,

/Nlogout and disconnect from server
i f (ftpClient.isConnected()) {
ftpClient.logout();
ftpClient.disconnect();
fileOut.close();

fileOut.flush();

}
} cat ch (IOException ex) {
ex.printStackTrace();

e
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Appendix B .- XmIMetrics2DB.

This is the program that inserts into the DB (MyS@ie measurements of the sensors. For
our case we used sensor 715898.

i mport java.util.List;

i mport java.io.File;

i mport java.io.PrintWriter;
i mport java.sql.*;

public cl ass pemsLocalDB {

publ i ¢ pemsLocalDB()

%
static final String JDBC DRI VER= "com.mysql.jdbc.Driver" ;
/Istatic final String JDBC_URL = "jdbc:mysql://127. 0.0.1/trafic";

static final String JDBC_URL = "jdbc:mysql://localhost/trafic" ;
static final String USER= " ;

static final String PASS = "--e--- " ;

Connection  conn;

Statement  stmt ;

ResultSet  rs;

/~k

public void testTraficDB() throws ClassNotFoundExce ption{
String sql_stmt;

try{

System.out.printin("Registering driver...");

Class.forName(JDBC_DRIVER);

System.out.printin("Connecting to DB...");

conn = DriverManager.getConnection(JDBC_URL, USER, PASS);
stmt= conn.createStatement();

Timestamp tmStmp= Timestamp.valueOf("2015-06-08 19: 50:00");
/ITimestamp tmStmp= Timestamp.valueOf("201506011735 00";

double flow = 65.5;

double speed = 40.3;

double occupancy = 0.25;
for(vdsStation stn : vdsStnList){
/linsert data into the DB

sgl_stmt = "INSERT INTO vds_stations " + "VALUES (" +
stn.getld()+",""+tmStmp.toString()+","+stn.getType O+","+
stn.getCountyld()+","+stn.getCityld()+","+stn.g etFreewayld()+","+st
n.getFreewayDir()+

" "+stn.getLanes()+","+ flow +","+speed+","+occupa ncy+")";

System.out.printin(sql_stmt);
stmt.executeUpdate(sqgl_stmt);

}

/IRetrieve info from DB.
System.out.printin("Creating SELECT statement...");
sql_stmt = "SELECT * from vds_stations";

s = stmt.executeQuery(sql_stmt);

while(rs.next(){

intid_vds_station = rs.getInt("id_vds_station"); / /vds_id
/IDate sensed_datetime = rs.getDate("sensed_datetim e"); /IDate
Timestamp sensed_datetime = rs.getTimestamp("sensed _datetime"); //Date
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int type = rs.getint("type"); //type

String county_id = rs.getString("county_id");//coun
String city_id = rs.getString("city_id");//city_id

String freeway_id = rs.getString(“freeway_id");//fr
String freeway_dir = rs.getString("freeway_dir");//

int lanes = rs.getint("lanes");//lanes

flow = rs.getDouble("flow");//flow

speed = rs.getDouble("speed");//speed

occupancy = rs.getDouble("occupancy");//occupancy
System.out.printin("
System.out.printin("id_vds_station: "+ id_vds_stati
System.out.printin("sensed_datetime: " + sensed_dat
System.out.printin("type: " + type);
System.out.printin("county_id: "+ county_id);
System.out.printin("city_id: " + city_id);
System.out.printin(“freeway_id: "+freeway_id);
System.out.printin(“freeway_dir: "+freeway_dir);
System.out.printin("lanes: " + lanes);
System.out.printin("flow: " + flow);
System.out.printin("speed: "+ speed);
System.out.printin("occupancy: "+ occupancy);
System.out.printin("

}

}catch(Exception e)

{
e.printStackTrace();

Hinally{
/ffinally block used to close resources

try{

if(stmt!=null)

stmt.close();
}catch(SQLException se2){

}I nothing we can do

try{

if(conn!=null)

conn.close();
}catch(SQLException se){
se.printStackTrace();

Hlend finally try

Ylend try
System.out.printin("Goodbye...");
}

*/

/lregistry and connect to database

ty id
eeway_id
freeway_dir
----- ");

on);

etime.toString());

publ i c voi dregAndConn2DB() t hr ows ClassNotFoundException{

try{
System. out .printin( "Registering driver..."

Class. for Nane(JDBC_DRI VER);
System. out .printin( "Connecting to DB..."

conn = DriverManager. get Connecti on(JDBC_URL, USER, PASS);

stmt = conn .createStatement();
} cat ch(Exception e)

e.toString();
e.printStackTrace();
System. exi t (-1);



}

}

/linsert station and metrics (realtime measurements ) into database (only

one record)

publ i ¢ voi d insertStationAndMetrics(vdsStation stn ,vdsStnMetrics vdsStnM
String  date , doubl e time ){

/ITimestamp tmStmp= Timestamp.valueOf("2015-06-08 1 9:50:00");

String  sqgl_stmt

try{

/IGet flow, speed, and occupancy

doubl e flow = vdsStnM .getFlow();

doubl e speed = vdsStnM .getSpeed();

doubl e occupancy = vdsStnM .getOccupancy();
/lcreate string that represents the SQL statement

sgl_stmt = "INSERT INTO vds_stations " + "VALUES

(" +stn .getDistrict()+ "t

stn .getld()+ ", +date +"," +time +"" +stn .getType()+ " +

stn .getCountyld()+ ™™  +stn .getCityld()+ "™ +stn .getFreewayld()+ ™" +st

n.getFreewayDir()+

;' +stn .getLanes()+ + flow
+"" +speed +"," +occupancy +","
stn .getLongitude()+ )
/ISystem.out.printin(sql_stmt);
/I[Execute SQL statement

stmt .executeUpdate(  sqgl_stmt );

} cat ch(Exception e)

+stn .getLatitude()+ o

e.printStackTrace();

}

/lappend a record of metrics to a csv file -

publ i c voi d convert2CSV(vdsStation stn ,vdsStnMetrics vdsStnM , String
date , doubl e time , PrintWriter csvFile )

{

String  sgl_stmt ;

try{

/IGet flow, speed, and occupancy
doubl e flow = vdsStnM .getFlow();
doubl e speed = vdsStnM .getSpeed();

doubl e occupancy = vdsStnM .getOccupancy();

/lcreate CSV row.

sql_stmt = stn .getDistrict()+ o+

stn .getld()+ ", +date +"," +time +"" +stn .getType()+ " +

stn .getCountyld()+ ™™  +stn .getCityld()+ m™ +stn .getFreewayld()+ ™™ +st

n.getFreewayDir()+

;' +stn .getLanes()+ + flow
+"" +speed +"," +occupancy +","
stn .getLongitude();
/ISystem.out.printin(sql_stmt);
//Write into csv file

csvFile .printin( sgl_stmt );
csvFile  .flush();

I}

} cat ch(Exception e)

{

e.printStackTrace();

}

+stn .getLatitude()+ o
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}

publ i ¢ voi d disconnect(){

/ffinally block used to close resources

try{

i f(stmt !=null)
stmt .close();

} cat ch(SQLEXxception
} /I nothing we can do
try{

i f(conn!=null)
conn .close();

} cat ch(SQLEXxception
se.printStackTrace();

} /lend finally try

}

}

se2

se ){
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i mport java.util.ArrayList;
i mport java.util.List;

i mport org.xml.sax.Attributes;
i mport org.xml.sax.SAXException;
i mport org.xml.sax.helpers.DefaultHandler;

public cl ass VdsSaxHandler  ext ends DefaultHandler {
pri vat e List<vdsStation> vdsStnList

pri vat e vdsStation vdsStn ;

[Ireturn vdsStationList.

publ i ¢ List<vdsStation> getVdsStationList(){

return vdsStnList ;

}

bool ean district = fal se;

bool ean detectorStations = fal se;
bool ean vds = fal se;

final String venturalL ADistrict = "7
private | ong nullHitsld =0;

private | ong nullHitsName =0;

private | ong nullHitsTypeStr =0;

private | ong nullHitsCounty =0;

private | ong nullHitsCity =0;

private | ong nullHitsFid =0;

private | ong nullHitsFd =0;

private | ong nullHitsLanes =0;

private | ong nullHitsLat =0;

private | ong nullHitsLong  =0;

@Override

publ i c voi d startElement(String uri , String localName , String gName

Attributes attributes )
t hr ows SAXException {

i f ( gNameequalslgnoreCase( "District" ) A{

[Iverify if it is district 7 of Los Angeles -

String  attDistrict = attributes .getvalue(  "id" );

i f(attDistrict .equalslgnoreCase( "7 )

{

district = true;

System. out .printin( "District 7 opened" );

} else if ( gNameequalsignoreCase( "detector_stations" DE
/Iset detector stations true if the xml tag is "det ector_stations"
detectorStations = true;

System. out .printin( "detector_ stations opened" );

} else if ( gNameequalsignoreCase( "vds" )) {

/Iset vds member variable to true if xml tag is"vd s"
vds = true;

i f(district == true && detectorStations == true){
/linstantiate new vdsStation

vdsStn = new vdsStation();

/lif it is the first time the vdsStnLIst is empty.

i f(vdsStnList == null)

vdsStnList = newArrayList<>();

| ong id ;
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String  name, typeStr , county id , city_id , freeway id , freeway_dir
int type, lanes ;

doubl e latitude , longitude ;

[Iverify for nullHits, else parse the attribute and transform it to
approppriate type

i f(attributes .getValue(  "id" ).equalsignoreCase( "IN

id =-1,;

nullHitsld ++;

}el sef

id =Long. parselLong(attributes .getvalue(  "id" ), 10);

[Iverify for nullHits, else parse the attribute and transform it to

approppriate type

i f (attributes  .getvalue( "name" ).equalsignoreCase( "X
name= " ;

nullHitsName  ++;

}el se{

name= attributes  .getValue( "name");

}

[Iverify for nullHits, else parse the attribute and transform it to
approppriate type

i f(attributes  .getValue( "type" ).equalsignoreCase( "X
typeStr = " ;

nullHitsTypeStr ++;

}el sef

typeStr = attributes .getvalue(  "type" );

/lget freeway type

type = getFreewayType( typeStr );

[Iverify for nullHits, else parse the attribute and transform it to
approppriate type

i f(attributes .getValue( "county id" ).equalsignoreCase( ")
county id ="";

nullHitsCounty ++;

}el sef

county id = attributes .getValue(  "county_id" );

}

[Iverify for nullHits, else parse the attribute and transform it to
approppriate type

i f(attributes .getValue(  "city_id" ).equalsignoreCase( "IN

city id =";

nullHitsCity ++;

}el sef

city id = attributes .getvValue(  “city_id" );

[Iverify for nullHits, else parse the attribute and transform it to

approppriate type

i f(attributes .getvValue( "freeway id" ).equalsignoreCase( ")
freeway_id = " ;

nullHitsFid ++;

}el sef

freeway id = attributes .getvalue( "freeway_id" );

}

[Iverify for nullHits, else parse the attribute and transform it to
approppriate type

i f(attributes .getvValue(  "freeway_dir" )-equalsignoreCase( "IN

freeway _dir = ;
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nullHitsFd  ++;

}el sef

freeway _dir = attributes .getValue( "freeway_dir" );

[Iverify for nullHits, else parse the attribute and transform it to
approppriate type

i f(attributes .getValue( "lanes" ).equalsignoreCase( "IN

lanes =1;

nullHitsLanes ++;

}el sef

lanes = Integer. par sel nt ( attributes .getValue( "lanes" ),10);

}

[Iverify for nullHits, else parse the attribute and transform it to
approppriate type

i f(attributes .getvValue( "latitude" ).equalslgnoreCase( "IN
latitude =0.0;

nullHitsLat ++;

}el sef

latitude =Double. par seDoubl e( attributes .getvValue( "latitude" ));
[Iverify for nullHits, else parse the attribute and transform it to
approppriate type

i f(attributes .getValue( "longitude"” ).equalsignoreCase( "IN

longitude  =0.0;

nullHitsLong  ++;

}el sef

longitude = Double. par seDoubl e( attributes .getValue( "longitude”

/Istore all information into vdsStation

vdsStn .setDistrict(Integer. par sel nt ( venturaLADistrict ,10));
vdsStn .setld( id );

vdsStn .setName( name);

vdsStn .setType( type );

vdsStn .setCountyld( county id );
vdsStn .setCityld( city id );

vdsStn .setFreewayld(  freeway id );
vdsStn .setFreewayDir( freeway_dir );
vdsStn .setLanes( lanes );

vdsStn .setLatitude( latitude );
vdsStn .setLongitude( longitude );

}

}

}

/Ireturn an integer representing the freeway number
private int getFreewayType(String typeStr ) {
i nt typeFW=0;

/I TODO Auto-generated method stub
i f(typeStr .equalsignoreCase( "CD"))

typeFW =1,
el se if(typeStr .equalsignoreCase( "CH"))
typeFW = 2;
el se if(typeStr .equalsignoreCase( "FF" )
typeFW = 3;
el se if(typeStr .equalsignoreCase( "FR"))
typeFW = 4;

el se if(typeStr .equalsignoreCase( "HV"))
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typeFW =5;
el se if(typeStr .equalsignoreCase( "ML"))

typeFW = 6;

el se if(typeStr .equalsignoreCase( "OR"))

typeFW =7,

return typeFW;

}

@Override

publ i ¢ voi d endElement(String uri , String localName , String gName
SAXException {

i f ( gNameequalslgnoreCase( "vds" )) {

i f(district ){

/ladd vds element if we find the closing brace of a nxml tag "vds"
vdsStnList .add( vdsStn );

/Iset vds to false because we found a closing tag f orvds
vds = fal se;

}

el se i f (gNameequalsignoreCase( "detector_stations" N

/Iset detectorStations to false because we found a closing tag
detectorStations = fal se;

}el se i f(gNameequalsignoreCase( "District" i

/Iset district to false because we found a closing tag

district = false;

System. out .printin( "nullHits" );

System. out .printin( "nullHitsid: " +nullHitsld );

System. out .printin( "nullHitsName: " +nullHitsName );

System. out .printin( "nullHitsTypeStr: " +nullHitsTypeStr );
System. out .printin( "nullHitsCity: " +nullHitsCity );

System. out .printin( "nullHitsCounty: " +nullHitsCounty );
System. out .printin( "nullHitsFid: " +nullHitsFid );

System. out .printin( "nullHitsFd: " +nullHitskFd ~ );

System. out .printin( "nullHitsLanes: " +nullHitsLanes  );

System. out .printin( "nullHitsLat: " +nullHitsLat );

System. out .printin( "nullHitsLong: " +nullHitsLong  );

}

}

@Override

publ i c voi d characters( char ch[], int start , int length ) throws

SAXException {
//do nothing.

}

}

t hr ows
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/[Class that represents a vds station as they are ¢ onfigured in the
vds_config.xml file

public cl ass vdsStation i mpl emrent s Comparable<vdsStation> {
/IvdsStation constructor

publ i ¢ vdsStation(){

district =-1;

id =-1;
name =
type =3;

county id = ";

city id = ";

freeway id = " ;

freeway dir = " ;

lanes =1;

latitude  =0.0;

longitude =0.0;

}

[Iprivate members.

private int district ;
private long id;

pri vat e String name;
private int type ;

pri vat e String county_id ;
pri vat e String city id

pri vat e String freeway _id ;
pri vat e String freeway_dir
private int lanes ;

private doubl e latitude ;
private doubl e longitude ;
/Ipublic setter and getter methods.

publ i c voi d setDistrict( i nt districtp )X this. district = districtp i}
public int getDistrict(){ return district i}

public voidsetldl |ong vdsid }{ this.id = vdsid ;}

public | ong getld(){ return id ;}

public voi d setName(String namep){ t hi s. name= namep;}

publ i ¢ String getName(){ return name}

public voi dsetType( int typep X this.type = typep ;}

public int getType(){ return type ;}

publ i c voi d setCountyld(String countyldp ){ this.county id = countyldp ;}
publ i ¢ String getCountyld(){ return county id ;}

publ i c voi d setCityld(String cityldp )Y this.city id = cityldp ;}

publ i ¢ String getCityld(){ return city_id ;}

publ i c voi d setFreewayld(String freewayldp ){ this. freeway_id =
freewayldp ;}

publ i ¢ String getFreewayld(){ return freeway id ;}

publ i c voi d setFreewayDir(String freewayDirp ){ t hi s. freeway_dir =
freewayDirp ;}

publ i ¢ String getFreewayDir()}{ return freeway dir ;}

public voidsetLanes( int lanesp ) this.lanes = lanesp ;}

public int getLanes(){ return lanes ;}

publ i c voi d setLatitude( doubl e lat ){ this. latitude = lat ;}

publ i c doubl e getLatitude(){ return this. latitude ;}

publ i c voi d setLongitude( doubl e longitude ){ thi s. longitude =longitude ;}
publ i c doubl e getLongitude(){ return this.longitude ;}

/ffunction to compare two vds stations and sort the m.

public int compareTo(vdsStation 0){

return o.getld() <= t hi s.getld() ? 1: -1;



}

/IStringify the object vdsStation for logging purpo ses.

@Override

publ i ¢ String toString() {

return "vdsStation::" +"district=" +t hi s. district +":ID=" +t hi s.id +"::Name="
+ this. name

+":Type="  +type +":Countyld=" +county_id +"::CitylD=" +city_id

+"::Freewayld=" +freeway_id +"::FreewayDir=" +freeway_dir

+"::Lanes=" +lanes + ":Latitude=" +latitude  +"::Longitude=" +longitude

}

}
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/IClass that represents the metric (real time measu rements obtained from
caltrans).

publ i c cl ass vdsStnMetrics i mpl emrent s Comparable<vdsStnMetrics> {
/lconstructor.

publ i ¢ vdsStnMetrics()

{

vds_Id =-1;

speed =0.0;

flow =0.0;

occupancy =0.0;

}

/Iprivate member methods
private long vds_ Id ;
private doubl e speed;
private doubl e flow ;
private doubl e occupancy ;
/Ipublic setter/getter methods.

public voidsetvdsld( long id )}{ vds_Id = id ;}

public | ong getvdsld(){ return vds_Id ;}

public voi d setSpeed( doubl e speed){ this.speed = speed;}

publ i c doubl e getSpeed(){ return this. speed;}

public voi dsetFlow( double flow X this.flow = flow ;}

publ i ¢ doubl e getFlow({ return this. flow ;}

public voi d setOccupancy( doubl e occupancy ){ t hi s. occupancy = occupancy ;}
publ i ¢ doubl e getOccupancy(){ return this.occupancy ;}

public int compareTo(vdsStnMetrics 0){

return o.getvdsld() <= t hi s.getvdsld() ? 1: -1;

}

@Override

publ i ¢ String toString(){

return ":Vvdsld=" + t hi s.getvdsld() + " flow=" + t hi s.getFlow() + "
::occupancy=" +

t hi s.getOccupancy()+ " ::speed=" + t hi s.getSpeed();

}

}
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i mport java.io.BufferedReader;
i mport java.io.BufferedWriter;
i mport java.io.File;

i mport java.io.FileReader;

i mport java.io.FileWriter;

i mport java.io.PrintWriter;

i mport java.sgl.Timestamp;

i mport java.util.ArrayList;

i mport java.util.Arrays;

i mport java.util.Collections;

i mport java.util.Comparator;

i mport java.util.List;

i mport java.io.lOException;

i mport javax.xml.parsers.ParserConfigurationException;

i mport javax.xml.parsers.SAXParser;
i mport javax.xml.parsers.SAXParserFactory;

i mport org.xml.sax.SAXException;

public cl ass VdsXmlSaxParserimpl {
private static List<vdsStnMetrics>
private stati c List<vdsStation> vdsSt nLi st ;
private static pemsLocalDB traficDB=null;
private static |long row_ ctr=0;

private static PrintWriter fileQut;

private static PrintWriter csvFQut ;

vdsSt nMLi st ;

new nst ance();

public static void main(String [] args N
SAXParserFactory saxParserFactory = SAXParserFactory.
try{

/lInstantiate a saxParser

SAXParser saxParser = saxParserFactory .newSAXParser();
/lInstantiate a vdsSaxHandler

VdsSaxHandler handler = newVdsSaxHandler();

/IFile vdsXmlFile = new File("vds_config_0.xml");

File vdsXmlFile = newFile( "vds_config.xml" )i
Ilparse xml file

saxParser .parse( vdsXmlFile , handler );

/lget vdsStationList.

vdsSt nLi st = handler .getVdsStationList();

/Isort vdsStationsLists.

Collections. sort (vdsSt nLi st);

/linstantiate file for logging purposes.

[//String xmIMetrics2dblog =
"lhome/ulisesv/Documents/USVA/ITESO/Thesis/XMLMetri
String  xmlIMetrics2dblog = "/home/oracle-
05m/Documents/USVA/pems/Executables/XML2DBMetrics/X

FileWriter fw = newFileWriter ( xmlMetrics2dblog
BufferedWriter bw= new BufferedWriter ( fw);
fileQut = newPrintWriter ( bw);

/linstantiate a file for creating a csv of the metr

cs2DB_Log.txt";

MLMetrics2DB_Log.txt" ;

ics.
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String  csvF = "/home/oracle-

05m/Documents/USVA/pems/Executables/XML2DBMetrics/v ds_stations.csv" ;
FileWriter fwesvF = new FileWriter ( csvF);

BufferedWriter bwcsvF = new BufferedWriter ( fwesvF );

csvFQut = newPrintWriter ( bwcsvF);

/*

for(vdsStation vdsStn : vdsStnList)

System.out.printin(vdsStn);

pemsLocalDB pldb = new pemsLocalDB(vdsStnList);
pldb.testTraficDB();

*/

[ffinal File folder = new
File("/home/ulisesv/Documents/USVA/ITESO/Thesis/pem s/D7");
/lfinal File folder = new File("/home/oracle-
05m/Documents/USVA/pems/Test_preDB2/ExpData");

final File folder = newFile( "/home/oracle-
05m/Documents/USVA/pems/ExpData”  );

i stFilesForFol der (folder );

System. out .printin( "N DONE e )i
fil eCut .printin( "I DONE e );
fil eQut .flush();

} cat ch (Exception e)

e.printStackTrace();
fil eCut .close();
} /*catch (/*ParserConfigurationException | SAXExcept ion | IOException €)

e.printStackTrace();

} catch (ClassNotFoundException €) {

/I TODO Auto-generated catch block
System.out.printin("ClassNotFoundException...");

e.printStackTrace();

¥

fileQut .flush();

fileQut .close();

}

private static void parseMetricsFiles(String fileName ) {
/I TODO Auto-generated method stub

/Iwhile not eof

try{

/lif first time, instantiate a new array for vdsStn MList
i f(vdsStnM.i st== null)

vdsSt nMLi st = new ArrayList<>();

BufferedReader br = newBufferedReader( new FileReader(  fileName ));
String  line ;

[ ong ctr =0;

whil e (( line = br.readLine()) != nul 1) {

/I process the line.

ctr ++;

/ISkip header

if(ctr ==1)

/ISystem.out.printin("Line 1");
conti nue;

/I split string to obtain values of vdsStnMetrics.
String [] metricsArray = line .split( " );
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vdsStnMetrics vdsStnM = new vdsStnMetrics();
doubl e flow =0.0, occupancy =0.0, speed =0.0;

//if null initialize to zero, otherwise parse the v alue as double.
i f (metricsArray  [1].equalslgnoreCase( )]

{

flow =0.0;

}

el se

{

flow = Double. parseDoubl e( metricsArray  [1]);

/lif null initialize to zero, otherwise parse the v alue as double.
i f (metricsArray  [2].equalslgnoreCase( )]

{

occupancy =0.0;

}

el se

{

occupancy =Double. parseDoubl e( metricsArray  [2]);

//if null initialize to zero, otherwise parse the v alue as double.
i f (metricsArray  [3].equalslgnoreCase( )]

{

speed =0.0;

}

el se

speed =Double. parseDoubl e( metricsArray  [3]);

}

/IStore metrics into vdsStnM

vdsStnM .setVdsld(Long. par seLong( metricsArray  [0], 10));
vdsStnM .setFlow( flow );

vdsStnM .setOccupancy(  occupancy );

vdsStnM .setSpeed( speed);

/IAdd vdsStnM to the list.

vdsSt nM.i st .add( vdsStnM );

/ISystem.out.printin(line);

}

/I * System.out.printin(ctr);

} cat ch (Exception e)

{

e.printStackTrace();

}

}

public static void listFilesForFolder( final File folder ){
try{

/lconnect to DB
if(traficDB== null)

trafi cDB= newpemsLocalDB();
t raf i cDB.regAndConn2DB();
row_ctr =0;

/ISort files in directory "ExpData"

File files [J= folder .listFiles();

Arrays. sort( files , newComparator<File>()}{

public int compare( final File ol, final File 02){
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return newLong(((File) ol).lastModified()).compareTo

(newLong(((File) 02).lastModified()));

}

D

bool ean nextFile = fal se;

for ( final File fileEntry » files )

/lif file entry is directory recurse into it.

/IThis was because originally the metrics files wer e going to reside in
different

/ldirectories, but at the end they reside inside th e same directory

i f ( fileEntry  .isDirectory()) {

i stFilesForFol der (fileEntry );

} else{

row_ctr =0;

nextFile = fal se;

/IString fileName = new String(fileEntry.getAbsolut ePath().getName());
/IGet absolute path of file

String  fileNameAbs = newsString( fileEntry  .getAbsolutePath());
/ISystem.out.printin(fileNameAbs);

[fileOut.printin(fileNameAbs);

/[Timestamp tmstmp =
Timestamp.valueOf(getTimestampFromFileName(fileEntr y.getName()));
/Iget time of file as double

doubl e time =

Double. par seDoubl e( get Ti meFr onFi | eName( fileEntry .getName()));
/Iget Date from filename and store it as string.

String  date = get Dat eFr onFi | eNane( fileEntry .getName());

/I * System.out.printin(time);

/I * System.out.printin(date);

i f(vdsStnM.ist !I= null &&! vdsStnM.i st .isEmpty())

vds St nMLi st .clear();

/Iparse metrics file.

parseMetri csFi | es(fileNameAbs );

Collections. sort (vdsSt nM.i st);

/I * System.out.printin(vdsStnMList.size());

try

i nt bin_index =0;

i nt min =0;

i nt max=0;

/lfor(vdsStnMetrics vdsStnM : vdsStnMList)

1K

/IDo binary search of a vdsStn for id 715898

for(int i =0; |1 < vdsStnM.i st .size();++ i)
{

min =0;

max= vdsSt nM.i st .size()-1;

i f(vdsSt nM.i st .size()%2==0)

{

bin_index = wvdsSt nM.i st .size()/2;

}

el se

{

bin_index =( vdsSt nM.i st .size()-1)/2;
}
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whi | e(true)

{

i f ( vdsStnM.i st.get( i).getvdsld() < vdsSt nLi st .get( bin_index ).getld())
{

//min = se queda igual

max = bin_index -1;

bin_index = min +( max min)/2;

}

el se if ( vdsStnM.i st .get( i).getvdsid() >
vdsSt nLi st .get( bin_index ).getld())

{

min = bin_index +1;

//max = se queda igual
bin_index = min +( max min)/2;

}

else if ( vdsStnM.i st.get( i).getvdsld() ==

vdsSt nLi st .get( bin_index ).getld())

{

/linsertinto database.

/ISystem.out.print("*");

/ItraficDB.insertStationAndMetrics(vdsStnList.get(b in_index),
vdsStnMList.get(i), date, time);

i f(vdsSt nM.i st .get( i ).getVdsld() == 715898)

{

/linsert record into database

t raf i cDB.insertStationAndMetrics( vdsSt nLi st .get( bin_index ),
vdsSt nMLi st .get( i), date, time );

/lcreate csv file from station metrics
/ItraficDB.convert2CSV(vdsStnList.get(bin_index), v dsStnMList.get(i),
date, time,csvFOut);

row_ctr ++;

/Iprint progress information.

i f(( row_ctr%100)==0)

System. out .printin( )

i f(( row_ctr%80000)==0)

System. out .printin( ")

nextFile = true;

br eak;

}

else if( bin_index <= min || bin_index >= max)

{

br eak;

}

}
i f(nextFile )
br eak;

}

/~k
[ISystem.out.printin(vdsStnM);
for(vdsStation vdsStn: vdsStnList)

{
if(vdsStnM.getVdsld() == vdsStn.getld())
{

/linsert
traficDB.insertStationAndMetrics(vdsStn, vdsStnM, d ate, time);
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if((row_ctr %100)== 0)
System.out.print("*");
if((row_ctr % 800)==0)
System.out.printin(");
row_ctr++;

}

¥

I}

fil eQut .printin( " +row ctr+ "" + fileNameAbs );
fil eQut .flush();

} cat ch(Exception e){

/lif exception occurs close everything

e.printStackTrace( fileQut);

fil eQut .flush();

fileQut .close();

csvFQut .flush();

csvFQut .close();

}

/I'* System.out.printin("");
}

}

csvFQut .flush();
csvFQut .close();

} cat ch(Exception e)

//if exception occurs close connection to DB and fi les.
e.printStackTrace( fileCut);

t r af i cDB.disconnect();

System. out .printin( row ctr);

fileQut .flush();

fileQut .close();

csvFQut .flush();

csvFQut .close();

}finally

{

}

}

/lreturn a string that represent the time the metri c o file was created.
private static String getTimeFromFileName(String fileName ) {
//5minagg_20150601172000.txt

/*

/18-12 year

String year = fileName.substring(8, 12);

//12-14 month

String month = fileName.substring(12, 14);

//14-16 day

String day = fileName.substring(14, 16);

*/

//16-18 hour

String  hour = fileName .substring(16, 18);
//18-20 minute

String  minute = fileName .substring(18, 20);
/120 second

String  second = fileName .substring(20, 22);



/IString strTmstmp = year +"-"+month+"-"+day+" "+
hour+":"+minute+":"+second,;

String  strTmstmp = hour +minute +second ;
return strimstmp ;
}

/lreturn a string representing the date the file or
private static String getDateFromFileName(String
//5minagg_20150601172000.txt

/18-12 year

String year = fileName .substring(8, 12);

//12-14 month

String  month = fileName .substring(12, 14);
//14-16 day

String day = fileName .substring(14, 16);

String  strDate = year +"-" +month+"-" +day;
return strDate ;

}

}

metric was created.
fileName ) {
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Appendix C .- Matlab script: nn_ts_3m_2d_traffic.m

This script is the fiorst approach to predict tiaffow using Levenberg-Marquardt learning
algorithm for ANN. Additionally, it uses a NARX ANN

%% Clean all work environment

%Example using time series and ANN.

clear all ;

close all ;

clc;

%% Create ANN

% Here is how to design a neural network that predi cts the target series
% from past values of inputs and targets. See narxn et for more details.
load res vds 715898.mat ;

%T=res(:;,8)";

T=res_vds(:;,11)’;

%X=res(:,5)";

X=res_vds(;,4)";

%T={cell2mat(res(:,4))+cell2mat(res(:,5))/100}'

%[X,T] = ph_dataset;

% Split the data into test and training sets. nporc en for training and
% (1-nporcen) % for testing the ANN.

%nporcen=0.9; %

%nporcen=0.67; %

nporcen=0.7;

ndat=round(size(T,2)*nporcen);

Ttrain=T(;,1:ndat);

Xtrain=X(:,1:ndat);

Ttest=T(:,ndat:end);

Xtest=X(:,ndat:end);

% Creation of the ANN with delays and external inpu t and the output Y
net = narxnet(1:20,1:20,10); %net = narxnet(1:20,1:20,10,{},'trainim");
[Xs,Xi,Ai,Ts] = preparets(net,Xtrain,{}, Ttrain);

net = train(net,Xs, Ts,Xi,Ali);

view(net);

Y = net(Xs,Xi,Ai);

figure(1);

plotresponse(Ts,Y);

% Simulation of the ANN with testing data

[Xs,Xi,Ai, Ts] = preparets(net,Xtest,{}, Ttest);

Ytest = net(Xs,Xi,Al);

%% create figures with testing data.

figure(2);

plotresponse(Ts,Ytest);

figure(3);

plot(1:size(Ttest,2),cell2mat(Ttest), 'b-

', 21:size(Ttest,2),cell2mat(Ytest), r.', 'LineWidth' 2);
xlabel( 'Samples every 5 minutes' );

ylabel(  'Vehicular Flow (#vehicules by 5 minutes)' );

legend( 'Traffic’ , 'Neural Predictor' );

%% Simulation of the NARX network with closed loop

netc=closeloop(net);

view(netc);
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%%

[Xs,Xi,Ai,Ts] = preparets(netc, Xtest,{}, Ttest);

ycl = netc(Xs, Xi,Al);

figure(4);

plot(1:size(Ttest,2),cell2mat(Ttest), 'b-

' ,21:size(Ttest,2),cell2mat(ycl), r., 'LineWidth' 2);
xlabel( 'Samples every 5 minutes' );

ylabel(  'Vehicular Flow (#vehicules by 5 minutes)’ );
legend( 'Traffic’ , 'Neural Predictor' );

%% Simulation of NARX ANN to predict the next outpu t
netp = removedelay(net);

view(netp)

%%

[Xs,Xi,Ai,Ts] = preparets(netp,Xtest,{}, Ttest);

ypredic = netp(Xs,Xi,Ai);

figure(5);

plot(1:size(Ttest,2),cell2mat(Ttest), 'b-

' ,21:size(Ttest,2)+1,cell2mat(ypredic), r.', 'LineWidth' 2);
xlabel( 'Samples every 5 minutes' );

ylabel(  'Vehicular Flow (#vehicules by 5 minutes)' );

legend( 'Traffic’ , 'Neural Predictor' );

%%

netcp = removedelay(netc);

view(netcp)

%%

[Xs,Xi,Ai,Ts] = preparets(netcp,Xtest,{}, Ttest);

ypredic_netcp = netcp(Xs,Xi,Al);

figure(6);

plot(1:size(Ttest,2),cell2mat(Ttest), 'b-

' ,21:size(Ttest,2),cell2mat(ypredic_netcp), 'r.'" , 'LineWidth' ,2);
xlabel( 'Samples every 5 minutes' );

ylabel(  'Vehicular Flow (#vehicules by 5 minutes)' );

legend( 'Traffic' , 'Neural Predictor' );
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Appendix D.- Matlab script: nn_ts_3m_2d_traf ff sped.m

This script is for predicting the speed of theftcafising feedforward neural network.

%% Clean all work environment

% traffic prediction using feedforward ANN

clear all ;

close all ;

clc;

%% Create ANN

% Here is how to design a neural network that predi cts the target series
% from past values of inputs and targets. See narxn et for more details.
load res vds 715898.mat

%T=res(:;,8)";

T=res_vds(:,12)

%X=res(:,5)";

X=res_vds(:,4)";

%T={cell2mat(res(:,4))+cell2mat(res(:,5))/100}";

%[X,T] = ph_dataset;

%input number

i=1;

%number of delays for input x, and output y.

ninputs = 18;

%number of outputs of the ANN.

noutputs = 6;

while true

liminf_XT_ff =1, %infierior limit of Xtest

limSup_XT_ff =i+ ninputs - 1; %superior limit of XTest

liminf_O_ff =i + ninputs; % inferior limit of Output vector (real time
measurements)

limSup_O_ff =i+ noutputs + ninputs - 1; % superior limit of output
vector (real time measurements)

%if superior limit of output vector reached the end of the vector, we
have finished

%arranging the matrix for feedforwardnet

if limSup_O_ff > size(T,2)

break ;

end

%arrange the vector Xtest with inputs from X, and t he outputs Y from T
vector

XT_ff(i,:) = [X(L,limInf_XT_ff:limSup_XT_ff),

T(@,limInf_XT_ff:limSup_XT_ff)];

%arrange the vector Output, with values from T.

O_ff(i,:)) = T(4,limInf_O_ff:limSup_O_ff);

%increase the iterator one position.

i=i+1;

end

%%

%net = feedforwardnet(13);

net = feedforwardnet(13);

X_ff_t=XT_ff %2X25216 X_ff t

O_ff t=0_ff, %1X25216 T_ff t

X_ff_t=cell2mat(X_ff_t); % change data type.

O_ff_t=cell2mat(O_ff_t); % change data type.
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% round down to the nearest integer to split betwee
nporcen=0.7;

ndat=round(size(T,2)*nporcen);

% create x vector for training the ANN
X_ff_t_train = X_ff_t(:,1:ndat);

% create y vector (output) for training the ANN
O_ff_t_train = O_ff_t(:,1:ndat);

%increase the offset by one.

ndat_1 = ndat+1;

% create x vector for testing the ANN

X _ff t test= X _ff t(:,ndat_1:end);

% create y vector (output) for testing the ANN
O_ff t test=0_ff t(:,ndat_l:end);

%%

% Train the feedforward ANN

tic

net = train(net,X_ff t train,O_ff_t train);

toc

%view the structure of the ANN

view(net)

%%

% Obtain the output of the feedforward ANN but with
tic

y = net(X_ff_t test);

toc

%calculate the mean square error of the feedforward
perf = perform(net,y,O_ff t_test)

%% Calculate RMSE

N = size(O_ff t_test,2);

diff = O_ff t test-vy;

diff_sqd = (diff).”"2;

sum_diff_sqd = sum(diff_sqd,2);
sum_diff_sqd_N = sum_diff_sqd/N;

RMSE = sqrt(sum_diff_sqd_N);

figure(1);

plot(1:size(RMSE,1),RMSE', '‘b* , 'LineWidth'
xlabel(  'Output’ );

ylabel(  'Vehicles speed (mph)' );

legend( 'Root mean square error' )i

%% Calculate MAPE

diff_abs=abs(diff);
diff_abs_div=diff_abs./O_ff_t_test;
diff_abs_div_sum = sum(diff_abs_div,2);
MAPE = diff_abs_div_sum*100/N;

figure(2);

plot(1:size(MAPE,1),MAPE', 'b* , 'LineWidth'
xlabel(  'Output’ );

ylabel( 'Percent error' );

legend( 'Mean absolute percent error’ );

%% Plotresponse section
subplot(2,3,1);

plot(1:size(O_ff_t test,2),0_ff t test(1,:),
" Lisize(y,2),y(1,3), o)
subplot(2,3,2);

plot(1:size(O_ff t test,2),0_ff t test(2,:),
"L Lisize(y,2),y(2,2), o)
subplot(2,3,3);

n train and test data.

testing data set.

ANN.
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plot(l size(O_ff_t_test,2),0_ff t test(3,:),
,Lisize(y,2),y(3,), ),

subplot(2 3,4);

pIot(l size(O_ff_t test,2),0_ff t test(4,:),
L:size(y,2),y(4,2), o)

subplot(2,3,5);

plot(l size(O_ff_t_test,2),0_ff t test(5,:),

L:size(y,2),y(5,3), )
subplot(2,3,6);
plot(l size(O_ff_t_test,2),0_ff t test(6,:),

J1:size(y,2),y(6,)), )
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Appendix E .- Matlab script: nn_ts_3m_2d _traf ff flow.m

This script is for predicting the flow of the traffusing feedforward neural network.

%% Clean all work environment

% traffic prediction using feedforward ANN

clear all ;

close all ;

clc;

%% Create ANN

% Here is how to design a neural network that predi cts the target series
% from past values of inputs and targets. See narxn et for more details.
load res vds 715898.mat

%T=res(:;,8)";

T=res_vds(:,11),

%X=res(:,5)";

X=res_vds(:,4)";

%T={cell2mat(res(:,4))+cell2mat(res(:,5))/100}";

%[X,T] = ph_dataset;

%input number

i=1;

%number of delays for input x, and output y.

ninputs = 20;

%number of outputs of the ANN.

noutputs = 6;

while true

liminf_XT_ff =1, %infierior limit of Xtest

limSup_XT_ff =i+ ninputs - 1; %superior limit of XTest

liminf_O_ff =i + ninputs; % inferior limit of Output vector (real time
measurements)

limSup_O_ff =i+ noutputs + ninputs - 1; % superior limit of output
vector (real time measurements)

%if superior limit of output vector reached the end of the vector, we
have finished

%arranging the matrix for feedforwardnet

if limSup_O_ff > size(T,2)

break ;

end

%arrange the vector Xtest with inputs from X, and t he outputs Y from T
vector

XT_ff(i,:) = [X(L,limInf_XT_ff:limSup_XT_ff),

T(@,limInf_XT_ff:limSup_XT_ff)];

%arrange the vector Output, with values from T.

O_ff(i,:)) = T(4,limInf_O_ff:limSup_O_ff);

%increase the iterator one position.

i=i+1;

end

%%

%net = feedforwardnet(13);

net = feedforwardnet(10);

X_ff_t=XT_ff %2X25216 X_ff t

O_ff t=0_ff, %1X25216 T_ff t

X_ff_t=cell2mat(X_ff_t); % change data type.

O_ff_t=cell2mat(O_ff_t); % change data type.

96



% round down to the nearest integer to split betwee
nporcen=0.7;

ndat=round(size(T,2)*nporcen);

% create x vector for training the ANN
X_ff_t_train = X_ff_t(:,1:ndat);

% create y vector (output) for training the ANN
O_ff_t_train = O_ff_t(:,1:ndat);

%increase the offset by one.

ndat_1 = ndat+1;

% create x vector for testing the ANN

X _ff t test= X _ff t(:,ndat_1:end);

% create y vector (output) for testing the ANN
O_ff t test=0_ff t(:,ndat_l:end);

%%

% Train the feedforward ANN

tic

net = train(net,X_ff t train,O_ff_t train);

toc

%view the structure of the ANN

view(net)

%%

% Obtain the output of the feedforward ANN but with
tic

y = net(X_ff_t test);

toc

%calculate the mean square error of the feedforward
perf = perform(net,y,O_ff t_test)

%% Calculate RMSE

N = size(O_ff t_test,2);

diff = O_ff t test-vy;

diff_sqd = (diff).”"2;

sum_diff_sqd = sum(diff_sqd,2);
sum_diff_sqd_N = sum_diff_sqd/N;

RMSE = sqrt(sum_diff_sqd_N);

figure(1);

plot(1:size(RMSE,1),RMSE', '‘b* , 'LineWidth'
xlabel(  'Output’ );

ylabel(  'Vehicles per 5 minutes' );

legend( 'Root mean square error' )i

%% Calculate MAPE

diff_abs=abs(diff);
diff_abs_div=diff_abs./O_ff_t_test;
diff_abs_div_sum = sum(diff_abs_div,2);
MAPE = diff_abs_div_sum*100/N;

figure(2);

plot(1:size(MAPE,1),MAPE', 'b* , 'LineWidth'
xlabel(  'Output’ );

ylabel( 'Percent error' );

legend( 'Mean absolute percent error’ );

%% Plotresponse section
subplot(2,3,1);

plot(1:size(O_ff_t test,2),0_ff t test(1,:),
" Lisize(y,2),y(1,3), o)
subplot(2,3,2);

plot(1:size(O_ff t test,2),0_ff t test(2,:),
"L Lisize(y,2),y(2,2), o)
subplot(2,3,3);

n train and test data.

testing data set.

ANN.
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plot(l size(O_ff_t_test,2),0_ff t test(3,:),
,Lisize(y,2),y(3,), ),

subplot(2 3,4);

pIot(l size(O_ff_t test,2),0_ff t test(4,:),
L:size(y,2),y(4,2), o)

subplot(2,3,5);

plot(l size(O_ff_t_test,2),0_ff t test(5,:),

L:size(y,2),y(5,3), )
subplot(2,3,6);
plot(l size(O_ff_t_test,2),0_ff t test(6,:),

J1:size(y,2),y(6,)), )

98



Appendix F .- Matlab script: sens_speed.m

This script is used to do the sensibility analydigraffic speed feedforward ANN.

%% Clean all work environment

clear all ;
close all ;
clc;

%% Create ANN

% Here is how to design a neural network that predi
% from past values of inputs and targets. See narxn
load( 'res_vds_715898.mat' );

%T=res(;,8)"

T=res_vds(:,12)’;

%X=res(:,5)";

X=res_vds(:,4)";
%T={cell2mat(res(:,4))+cell2mat(res(:,5))/100}";
%[X,T] = ph_dataset;

%input number

i=1;

%number of delays for input x, and output y.
ninputs = 18;

%number of outputs of the ANN.

noutputs = 6;

while true

liminf_XT_ff =1, %infierior limit of Xtest

cts the target series
et for more details.

limSup_XT_ff =i+ ninputs - 1; %superior limit of XTest
liminf_O_ff =i + ninputs; % inferior limit of Output vector (real time

measurements)

limSup_O_ff =i + noutputs + ninputs - 1;

vector (real time measurements)

%if superior limit of output vector reached the end
have finished

%arranging the matrix for feedforwardnet

if limSup_O_ff > size(T,2)

break ;

end

%arrange the vector Xtest with inputs from X, and t
vector

XT_ff(i,:) = [X(L,limInf_XT_ff:limSup_XT_ff),
T(@,limInf_XT_ff:limSup_XT_ff)];

%arrange the vector Output, with values from T.
O_ff(i,:)) = T(,limInf_O_ff:limSup_O_ff);

%increase the iterator one position.

i=i+1;

end

%%

%

load( 'speed_net 18_inputs_13_neurons_.mat'
X_ff_t=XT_ff %2X25216 X_ff t

O_ff t=0_ff, %1X25216 T_ff t
X_ff_t=cell2mat(X_ff_t); % change data type.
O_ff_t=cell2mat(O_ff_t); % change data type.
% round down to the nearest integer to split betwee

% superior limit of output

of the vector, we

he outputs Y from T

n train and test data.
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nporcen=0.7;

ndat=round(size(T,2)*nporcen);

% create x vector for training the ANN
X_ff t train = X_ff_t(;,1:ndat);

% create y vector (output) for training the ANN
O_ff_t_train = O_ff_t(:,1:ndat);

%increase the offset by one.

ndat_1 = ndat+1,;

% create x vector for testing the ANN
X_ff t test=X_ff _t(:,ndat_1:end);

% create y vector (output) for testing the ANN
O_ff t test=0O_ff t(:,ndat_l:end);

%%

tic

y = net(X_ff_t test);

toc

perf = perform(net,y,O_ff t test)

%% numerical calculus of the derivate

%in this section the output of the ANN is obtained again,

%and a delta at the input is going to be applied in order to determine
the

%amount of change at the output to determine the me an value of this
derivative

%considering the amoutn of change in X and Y

deltas=[5 -5 10 -10 15 -15 20 -20 25 -25 30 -30];

ndeltas=size(deltas,2);

%

temp=X_ff t test;

net_real=net(temp); % output without modification.

ninputs_2 =size(X_ff_t test,1);

%%

for m=1:ndeltas

for n=Ll:ninputs_2

temp=X_ff t test;

delta_in=temp(n,:)-(temp(n,:)+deltas(1,m)); % delta at input
temp(n,:)=temp(n,:)+deltas(1,m); % calculate new X + delta
net_mod=net(temp); % obtain Y of X+delta

delta_out=net_real-net_mod; % obtain amount of change in the output.
% the output Mean_dout_din, and Std_dout_din are sp ecial data
% structures three dimensional.

for k=1:noutputs

%obtain the numerical derivative aproximation
dout_din=delta_out(k,:)./delta_in;

%aobtain the mean of the derivatives for the deltas applied
Mean_dout_din{k,1}(n,m)=mean(dout_din);
%obtain the standard deviation of the derivative ap roximation

%for the deltas applied
Std_dout_din{k,1}(n,m)=std(dout_din);

end

end

end

%%

for k=1:noutputs
Mean_dout_din_test{k,1}=mean(Mean_dout_din{k,1}")";
Std_dout_din_test{k,1}=std(Std_dout_din{k,1})";
end

%%
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disp( 'Statistics for test' )
for k=1:noutputs
for i=l:ninputs_2

disp([ 'Input’ num2str(k) L, dYdX=" num2str(Mean_dout_din_test{k,1}(i,1))
', std dYdX=' num2str(Std_dout_din_test{k,1}(i,1))])

end

end

%%
load( 'speed_sens_01042016.mat' );
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Appendix G .- Matlab script: sens_flow.m

This script is used to do the sensibility analydigraffic flow feedforward ANN.

%% Clean all work environment

clear all ;

close all ;

clc;

%% Create ANN.

% Here is how to design a neural network that predi cts the target series
% from past values of inputs and targets. See narxn et for more details.
load res vds 715898.mat

%T=res(:,8)"

T=res_vds(;,11)"

%X=res(:,5)";

X=res_vds(;,4)";

%T={cell2mat(res(:,4))+cell2mat(res(:,5))/100}";

%[X,T] = ph_dataset;

%input number

i=1;

%number of delays for input x, and output y.

ninputs = 14;

%number of outputs of the ANN.

noutputs = 6;

while true

liminf_XT_ff=1; %infierior limit of Xtest

limSup_XT_ff =i+ ninputs - 1; %superior limit of XTest

limInf_O_ff =i + ninputs; % inferior limit of Output vector (real time
measurements)

limSup_O_ff =i+ noutputs + ninputs - 1; % superior limit of output
vector (real time measurements)

%if superior limit of output vector reached the end of the vector, we
have finished

%arranging the matrix for feedforwardnet

if limSup_O_ff > size(T,2)

break ;

end

%arrange the vector Xtest with inputs from X, and t he outputs Y from T
vector

XT_ff(i,:) = [X(@,limInf_XT_ff:limSup_XT_ff),

T, limInf_XT_ff:limSup_XT_ff)];

%arrange the vector Output, with values from T.

O_ff(i,:) = T(1,limInf_O_ff:limSup_O_ff);

%increase the iterator one position.

i=i+1;

end

%%

%

X_ff_t = XT_ff' %2X25216 X_ff t

O_ff t=0_ff, %1X25216 T_ff t
X_ff_t=cell2mat(X_ff_t); % change data type.
O_ff_t=cell2mat(O_ff_t); % change data type.
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% round down to the nearest integer to split betwee
nporcen=0.7;

ndat=round(size(T,2)*nporcen);

% create x vector for training the ANN
X_ff t train = X_ff_t(:,1:ndat);

% create y vector (output) for training the ANN
O_ff_t_train = O_ff_t(:,1:ndat);

%increase the offset by one.

ndat_1 = ndat+1,;

% create x vector for testing the ANN

X _ff t test= X _ff t(:,ndat_1:end);

% create y vector (output) for testing the ANN
O_ff t test=0_ff t(:,ndat_l:end);

%%

%load data from a .mat file storing the training an
load( 'flow_net 16 neurons_14_inputs.mat'
%(display the structure of the ANN.

view(net);

%%

% tic and toc determines the start and the stop of
%in this case the simulation of y.

tic

y = net(X_ff_t_test);

toc

% perform obtains the mean square error (mse).
perf = perform(net,y,O_ff t test)

%% numerical calculus of the derivate

%in this section the output of the ANN is obtained
%and a delta at the input is going to be applied in
the

%amount of change at the output to determine the me
derivative

%considering the amoutn of change in X and Y
deltas=[5 -5 10 -10 15 -15 20 -20 25 -25 30 -30];
ndeltas=size(deltas,2);

%

temp=X_ff t test;

net_real=net(temp); % output without modification.

ninputs_2 =size(X_ff_t test,1);

%%

for m=1:ndeltas

for n=1:ninputs_2

temp=X_ff t test;
delta_in=temp(n,:)-(temp(n,:)+deltas(1,m));

n train and test data.

d simulation results.

the block of code

again,
order to determine

an value of this

% delta at input

temp(n,:)=temp(n,:)+deltas(1,m); % calculate new X + delta
net_mod=net(temp); % obtain Y of X+delta

delta_out=net_real-net_mod; % obtain amount of change in the output.
% the output Mean_dout_din, and Std_dout_din are sp ecial data
% structures three dimensional.

for k=1:noutputs

%obtain the numerical derivative aproximation
dout_din=delta_out(k,:)./delta_in;

%obtain the mean of the derivatives for the deltas applied
Mean_dout_din{k,1}(n,m)=mean(dout_din);

%aobtain the standard deviation of the derivative ap roximation

%for the deltas applied
Std_dout_din{k,1}(n,m)=std(dout_din);
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end

end

end

%%

for k=1:noutputs
Mean_dout_din_test{k,1}=mean(Mean_dout_din{k,1})";
Std_dout_din_test{k,1}=std(Std_dout_din{k,1})";
end

%%

disp( 'Statistics for test' )

for k=1:noutputs

for i=l:ninputs_2

disp([ 'Input’ num2str(k) L, dYdX=" num2str(Mean_dout_din_test{k,1}(i,1))
', std dYdX=' num2str(Std_dout_din_test{k,1}(i,1))])

end

end

%%

load( 'flow_sens_02042016.mat' );
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