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Collision Mitigation System (CMS)

Analyze criticality of  Visual+acoustic warning Autonomous braking if
the situation if situation critical driver reaction missing

Source: http:/lwww.bester-beifahrer.de
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Study results: Visually distracted drivers have an additional
response time between 300 ms and 500 ms

Source: http://www.cagle.com/category/cartoonist/page/155
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Driver-adaptive CMS
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Focus: Driver Distraction Module

; Driver Distraction

Module
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Todays topic...Clear!

Now...Driver Modeling
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Requirements to the driver model
EMIC - cost-efficient emergency intervention for collision mitigation

No additional sensors Instead search abnormal patterns within
the driver behavior

. « Steering angle

« Brake pedal position
» Acceleration throttle pos.
e Lateral deviation

!

Main task: Learn natural driving
behavior for each individual driver
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Starting point: Driving behavior as multivariate time series
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Driving behavior as data matrix
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Driving behavior as data matrix
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Better: Multivariate time series as an image by gray level
mapping
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Too complex ©
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What's the advantage of a transformation into an image?

1. Connection to pattern recognition in image processing

2. Possibility to introduce a design metaphor which helps to
understand and visualize the behavior of driver model easily
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Design metaphor: Human memory & mental representations

What's the advantage of the design metaphor?

1. Concept for the designer of the driver model to manage the huge
amount of data images

2. Concept to learn and store only relevant knowledge

13

20-21st November 2013 | interactlVe Final Event I n te ra ct IVe ".ﬂ




Design metaphor: Human memory & mental representations
...a simple example

Cluster experiences in
categories
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Source: office.com
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Design metaphor: Human memory & mental representations
...a simple example

Cluster experiences in For each category build
categories mental representations of
prototypes

Source: office.com
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Design metaphor: Human memory & mental representations
...a simple example

Cluster experiences in For each category build Remember prototype and
categories mental representations of compare with current
prototypes experience

Source: office.com
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Design metaphor: Human memory & mental representations
...a simple example

Cluster experiences in For each category build Remember prototype and
categories mental representations of compare with current
prototypes experience

Source: office.com
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Design metaphor: Human memory & mental representations
...a simple example

Cluster experiences in For each category build Remember prototype and
categories mental representations of compare with current
prototypes experience

Source: office.com
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Design metaphor: Adaptation to driver model

Cluster car following For each situation build Remember natural driving
situations mental representation of behavior and compare
natural driving behavior with current behavior

19
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Design metaphor: Adaptation to driver model

Cluster car following For each situation build Remember natural driving
situations mental representation of behavior and compare
natural driving behavior with current behavior
Situation Memory Pattern
Classifier Comparision

20
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Siutation Classifier.: Composition of states into a situation
number

State Transformation State Composition

Distance State Parameter State

> 50m v_Ego

< 50m & >= 25m v_Lead

< 25m & >=15m a Lead

<15m & >=10m t BrakeDuration
<10m & >= 5m Distance

<5m Situation Number: 43431

Situation Classifier
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Memory: Rule based organization of short and long term
memory cells by situation numbers

SN 43431 known to STM

Short Term Memory (STM)

IF threshold reached:

Move to LTM Move to front

Long Term Memory (LTM)

Memory
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Memory: Learning phase - Iterative process of classifying
situation and storage of data

SN 43431 with stored
images

csites

Memory
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Memory: Learning phase - Iterative process of classifying
situation and storage of data

SN 43431 with stored
images

Memory
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Memory: Build up a mental representation

SN 43431 with stored Statistical distribution Median Image := Natural

images N of Pixel XY Driving Behaviour Image

20 1

>
(@)
C
g
(]
| —
LL

Pixel XY

20-21st November 2013 | interactlVe Final Event I n te ra ct IVe (.!:@j) ° 25



Pattern Comparison: Calculation of an offset image

Natural Driving
Current Image Behaviour Image Offset Image

Pattern Comparision
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Pattern Comparison: Apply image processing approaches to

offset image
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Compare Pixel
Row-wise

Steering angle —»

Brake pedal position —»
Acceleration throttle —»
Lateral deviation —»

Pattern Comparision
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Pattern Comparison: The Distraction Index (Dl) is the final
output and is a linear value between 0 and 1

Number of Number of Weight Offset to
parameters time steps factor median

Pattern Comparision
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Driver modeling... Done!
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Now...Evaluation
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Evaluation: Study design
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Distracted driving with
critical situation (10 min)
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Scenario — Distracted driving: four phases with a secondary
task (red coloured)
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Evaluation results: Model configuration

Memory

STM: 30 Cells
LTM: 50 Cells
Threshold: 20
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Image

Size: 4x50 Pixel, 1 Pixel = 100ms

Gray Levels: 30

Inputs: Steering angle
Brake pedal position
Acceleration throttle position
Lateral deviation

Interact|ve (i)
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Evaluation results:

11 participants (8m/3f), 27 critical situations, 10 under distraction

90% True positive by distraction

Activation of CMS between 40ms and 200ms eatrlier

T » Time

Activation acoustic Activation acoustic Potential
warning by 300 ms warning by normal Collision
additional RT RT

45
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Evaluation results:

11 participants (8m/3f), 27 critical situations, 10 under distraction

90% True positive by distraction

Activation of CMS between 40ms and 200ms eatrlier

78% of the TP

T » Time

Activation acoustic Activation acoustic Potential
warning by 300 ms warning by normal Collision
additional RT RT

45
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Evaluation results:

11 participants (8m/3f), 27 critical situations, 10 under distraction

90% True positive by distraction
Activation of CMS between 40ms and 200ms earlier
83% True negative by none distraction

Activation of CMS between 40ms and 60ms earlier

Activation acoustic Activation acoustic Potential
warning by 300 ms warning by normal Collision
additional RT RT

T » Time
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Evaluation results:

11 participants (8m/3f), 27 critical situations, 10 under distraction

90% True positive by distraction
Activation of CMS between 40ms and 200ms earlier
83% True negative by none distraction

Activation of CMS between 40ms and 60ms earlier

100% of FN

R

Activation acoustic Activation acoustic Potential
warning by 300 ms warning by normal Collision
additional RT RT
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Conclusion: Driver model improved CMS in the simulation

Jef! Parker | Flonda Today. coutesy CagleC anoars. com
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Outlook: Validate driver model on real traffic data
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Take home message

Behind every matrix is an image
and

sometimes a driver model can be explained with dogs and cats ©
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‹Nr.›

Thanks for the kind introduction. During the last two days you had alreadey the oppurnity to learn alot about accident avoidance systems like esa und cms. We will continue the topic cms and you will see why interactive vehicls are intelligent vehcils.

1



Collision Mitigation System (CMS)

Source: http://www.bester-beifahrer.de



Analyze criticality of the situation

Visual+acoustic warning if situation critical

Autonomous braking if driver reaction missing
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‹Nr.›

CMS‘s currently on the market work quite similar. First the CMS presents an escalting visual, acoustic or haptic warning. If the driver does not react, the system triggers the brake to avoid the collsion or to reduce the collision energy. But what we also see in the picture driver state and driver intention are not yet considered. 



At that piont interactIVe continues and goes one step further. We deveopled a driver adaptive cms which takes driver state and driver intention into account.
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Study results: Visually distracted drivers have an additional response time between 300 ms and 500 ms

Source: http://www.cagle.com/category/cartoonist/page/155
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‹Nr.›

As study results show visually distracted drivers have an additional response time between 300ms and 500ms depending on the type of sec task they are doing. This shows the temporal benefit we talking about when we consider distraction, this sounds less but regarding reducing the energy of a collision this is still a lot.
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Driver-adaptive CMS



20th-21st November 2013 │interactIVe Final Event





‹Nr.›

Final approach looks as follows. We have two main modules the distraction module and the driver intention module both influce the cm algorithm. In case the distraction module detects the driver is distracted the visual and acoustis warning is presents earlier. If after the warning occured the driver reaction still missing whcih means the driver intention module could not detect a driver reaction (like steering or braking) than the systems intervenes.

4



Focus: Driver Distraction Module 
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‹Nr.›

Final approach looks as follows. We have two main modules the distraction module and the driver intention module both influce the cm algorithm. In case the distraction module detects the driver is distracted the visual and acoustis warning is presents earlier. If after the warning occured the driver reaction still missing whcih means the driver intention module could not detect a driver reaction (like steering or braking) than the systems intervenes. We will concdtrate on the distraction moduloe and i will explain how that modeule works and good it performed in teh evaluation.
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Todays topic…Clear!

Now…Driver Modeling
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‹Nr.›

Okay…now the todays topic is clear, we will deal with visual distraction, the next step is also obvious we continue with driver modeling 

6



Requirements to the driver model

   EMIC - cost-efficient emergency intervention for collision mitigation
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No additional sensors

Instead search abnormal patterns within the driver behavior  

Steering angle

Brake pedal position

Acceleration throttle pos.

Lateral deviation





Main task: Learn natural driving 

behavior for each individual driver





‹Nr.›

Since Interative and its subproject for cost-efficient emergency intervention for collision mitigation concentrated on low cost solutions, we did not use additional sensors like an eye tracking camera. Thus the only way to detect distraction is analyzing the driver behavior and to find abnormal pattern. Therefore driver model takes  the most obvios parameters into account. More precisely parameters reflecting the drivers‘ inputs.  Hence we decicded to use the sttering angle, brake pedal pos., acc throttle pos and the lateral deviation. 



Clearly the driver model has to face several reqiurments. For instance the most crucial part is to learn the natural drving behavior for each individuel driver
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Starting point: Driving behavior as multivariate time series
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‹Nr.›

If we wanne fullfill those requirements we somehow (can) deal with a multivariate time series anaylsis. As you heard in the introduction, im actually a mathematicistian hence a normal approach for me would to put all the disrete data into matrix and continue to develop some fency formula for the driver modelling. But driver model based on that idea are mostly hard to understand hard to analysis in their behavior  in other words  they are quite complex from my point of me.





Our idea is to interpret the data differently, to visualize the data differently. Therefore we suggest to do a gray level mapping as we call it. This means we link every normed matrix element to a gray level. If we repeat this for every matrix element we obtain an data image as shown in the ppt…

8













Driving behavior as data matrix





Data Matrix
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‹Nr.›

If we wanne fullfill those requirements we somehow (can) deal with a multivariate time series anaylsis. As you heard in the introduction, im actually a mathematicistian hence a normal approach for me would to put all the disrete data into matrix and continue to develop some fency formula for the driver modelling. But driver model based on that idea are mostly hard to understand hard to analysis in their behavior  in other words  they are quite complex from my point of me.





Our idea is to interpret the data differently, to visualize the data differently. Therefore we suggest to do a gray level mapping as we call it. This means we link every normed matrix element to a gray level. If we repeat this for every matrix element we obtain an data image as shown in the ppt…
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Driving behavior as data matrix





Too complex 

Data Matrix
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‹Nr.›
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Better: Multivariate time series as an image by gray level mapping











Too complex 

Data Matrix

Data Image
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‹Nr.›

If we wanne fullfill those requirements we somehow (can) deal with a multivariate time series anaylsis. As you heard in the introduction, im actually a mathematicistian hence a normal approach for me would to put all the disrete data into matrix and continue to develop some fency formula for the driver modelling. But driver model based on that idea are mostly hard to understand hard to analysis in their behavior  in other words  they are quite complex from my point of me.





Our idea is to interpret the data differently, to visualize the data differently. Therefore we suggest to do a gray level mapping as we call it. This means we link every normed matrix element to a gray level. If we repeat this for every matrix element we obtain an data image as shown in the ppt…
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What‘s the advantage of a transformation into an image?

2.	Possibility to introduce a design metaphor which helps to 	understand and visualize the behavior of driver model easily



1. 	Connection to pattern recognition in image processing
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‹Nr.›

Whats the advantage of a transformation into an image? Isn‘t it just another complex method? Well, we see at least two advandatages 



as one requirement is to detect abnormal pattern, a first advantage is the direct connection to pattern recognition in image processing. This allows us to apply already existing tools and techniques.



Second it allows to introduce a design metaphor whichs helps to understand and visualize the behavior of the driver model more easily. Let me explain what i mean in detail…



since we deal images and we somehow require a concept how we store the images and how we can oragnize the huge amount of incomig images we reuire an efficient concept. Such an efficient concept existis in our brain and is known as building mental representations/mental images.
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Design metaphor: Human memory & mental representations
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What‘s the advantage of the design metaphor?

1. 	Concept for the designer of the driver model to manage the huge 	amount of data images

2.	Concept to learn and store only relevant knowledge







‹Nr.›

since we deal images and we somehow require a concept how we store the images and how we can oragnize the huge amount of incomig images we reuire an efficient concept. Such an efficient concept existis in our brain and is known as building mental representations/mental images.





Say some words here within the slide to improve understanding of the metaphor
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Design metaphor: Human memory & mental representations …a simple example

  

Cluster experiences in categories 
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Source: office.com





‹Nr.›

Let me expalin teh metaphor very quickly  on a very very simple example. For that reason i wanne leave the techinal part for secvond. As you might know your brain is able to cluster expericene into categories. For our simple example i choosed the for category dog and the categorg cat, your brain uses the different expericne to built up a mental image about this categories. If we make new expericene we remember those protoytpes and can compare with it. Thats we know even the ugliest dog 2012 is still a dog for us but a tiger is not a cat.. 

14



Design metaphor: Human memory & mental representations
…a simple example

  



For each category build mental representations of  prototypes





Cluster experiences in categories 
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‹Nr.›

Let me expalin teh metaphor very quickly  on a very very simple example. For that reason i wanne leave the techinal part for secvond. As you might know your brain is able to cluster expericene into categories. For our simple example i choosed the for category dog and the categorg cat, your brain uses the different expericne to built up a mental image about this categories. If we make new expericene we remember those protoytpes and can compare with it. Thats we know even the ugliest dog 2012 is still a dog for us but a tiger is not a cat.. 
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Design metaphor: Human memory & mental representations
…a simple example

  

For each category build mental representations of  prototypes

Remember prototype and compare with current experience 



Cluster experiences in categories 
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‹Nr.›

Let me expalin teh metaphor very quickly  on a very very simple example. For that reason i wanne leave the techinal part for secvond. As you might know your brain is able to cluster expericene into categories. For our simple example i choosed the for category dog and the categorg cat, your brain uses the different expericne to built up a mental image about this categories. If we make new expericene we remember those protoytpes and can compare with it. Thats we know even the ugliest dog 2012 is still a dog for us but a tiger is not a cat.. 
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Design metaphor: Human memory & mental representations
…a simple example

  

For each category build mental representations of  prototypes

Remember prototype and compare with current experience 





Cluster experiences in categories 
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‹Nr.›

Let me expalin teh metaphor very quickly  on a very very simple example. For that reason i wanne leave the techinal part for secvond. As you might know your brain is able to cluster expericene into categories. For our simple example i choosed the for category dog and the categorg cat, your brain uses the different expericne to built up a mental image about this categories. If we make new expericene we remember those protoytpes and can compare with it. Thats we know even the ugliest dog 2012 is still a dog for us but a tiger is not a cat.. 
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Design metaphor: Human memory & mental representations
…a simple example

  

Cluster experiences in categories 

For each category build mental representations of  prototypes

Remember prototype and compare with current experience 





















How can we adapt/use the design metaphor to the driver model?
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‹Nr.›

..But how can we adapt the design metaphor to the driver model, how can we apply it  to the issue of learning natural driver behavior and detect abnormal patterns. Well this is actually straightforward…

18



Design metaphor: Adaptation to driver model





Cluster car following situations

For each situation build mental representation of natural driving behavior

Remember natural driving behavior and compare with current behavior
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‹Nr.›

We will cluster the car following situations into different categories. For each category we will build a mental representation of the natural driving behavior in this situation. At the end we will compare the stored natural driving behavior with  current behavior. Based on the difference we will generate a distraction index. Thats why the driver model consitis of three parts. A situation classifier part, a memory part and pattern comparision part. In following i will explain each part in more detail…

19



Design metaphor: Adaptation to driver model









Cluster car following situations

For each situation build mental representation of natural driving behavior

Remember natural driving behavior and compare with current behavior
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‹Nr.›

We will cluster the car following situations into different categories. For each category we will build a mental representation of the natural driving behavior in this situation. At the end we will compare the stored natural driving behavior with  current behavior. Based on the difference we will generate a distraction index. Thats why the driver model consitis of three parts. A situation classifier part, a memory part and pattern comparision part. In following i will explain each part in more detail…
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Siutation Classifier: Composition of states into a situation number





Situation Classifier
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‹Nr.›

The situation classifier uses various input parameters to describe the current car following situation. For instance the velocity of teh lead vehicle or the brake duration of the lead vehcile. For each input parameter the driver model transforms the current value into a state number. Here shown for the input parameter distance. If we repreat this state transformation for every input parameter we obtain a state vector or as we called it a situation number. Speaking in terms of the design metaphor the situation number represents a category ( so SN is  like a dog or a cat).



Therefore in the meory part the sn will connect to the current data image since a data inage can be seen as a experience belonging to the current situation.
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Memory: Rule based organization of short and long term memory cells by situation numbers





Memory
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The memory itself consits of  a short and long term memory.  The organization of the memory cells is a rule based approach. Those rules allow us to model the act of forgetting data and as well as to model the act of remembering data by transfering the data images into a ltm.



Within the ltm the acpect of building mental images/prototypes is realized. Or to put it in other word s the ltm is the that part of the driver model were we learn the individual driver behavior situation/context based. how does that works…
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Memory: Learning phase - Iterative process of classifying situation and storage of data





Memory
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Since a specific situation number occurs a couple times, we have not only one image we rather have a whole bunch of different data image for this situation. 
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Memory: Learning phase - Iterative process of classifying situation and storage of data
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Since a specific situation number occurs a couple times, we have not only one image we rather have a whole bunch of different data image for this situation. 
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Memory: Build up a mental representation
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We use this bunch of data images as basis to derive the natural driving behavior for a given situation number . Since we know for each pixel ist statistical distribution, we can calc a median value. If we repeat this for every pixel we obtain a median image. this median image is per definition our natural driving behavior image or Speaking in term of the design metaphor our mental image/prototype. We will use this median image now in next part the pattern comparision part right away.
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Pattern Comparison: Calculation of an offset image





Pattern Comparision
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In the pattern comparision part we look up the stored natural driving behavior image for the current situation number and build the difference to the current data image. The result is an offset whcih we can further analyzise..
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Pattern Comparison: Apply image processing approaches to offset image 
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.. And we analyize it further by image processing techniques, for instance we could compare the pixel row wise since a row represents a single input parameter.
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Pattern Comparison:  The Distraction Index (DI) is the final output and is a linear value between 0 and 1







Number of parameters
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Doing so we obtain a quite complex formula and honestly you dont have to understand it. Important to know is that the distraction index is value between zero and one, where one menas totally distracted and zero the driver is not distracted.
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Driver modeling… Done!

Now…Evaluation
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Okay with this formula we are done with the most complex part, i hope you could still catch some points and of course i ahd to leave out some minor facts. But I think the most important point that you remember that we transform data into images and that those images are linked to situation number and stored in memory.  Plus that we construct a median iamge which represents the normal drving behavior. 



Of course We were also courios how good this driver model can detect distraction in criticail situations. Thats why we performed an evaluation and we will continues with this.
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Evaluation: Study design
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The evalutation was done in the dynamic drvinig simulator at the dlr, the study design was fairly simple. We had a simulator training followed by 10 min normal drvinig  and at the we had 10 min drive where participants had to perform a sec task. I will show the impleneted set up on the following slide.
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Training (10 min)





Normal driving (10 min)





Distracted driving with critical situation (10 min)





















Scenario – Distracted driving: four phases with a secondary task (red coloured)



















Learning phase driver model
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In the left picture you can see the simulator from the inside. First you kinda see the scenario, which was three lane highway with a high traffic denisity. Second you might see the eye tracking system, which was the reference for our evaluation of our driver model. Third you can see the sec task. Sec task was the surrogate rferecne task. This means the subjects had to find a red circle in one of the halfs and than have to touch the screen. 



Morover yu see the velocity profile of the lead vehcile. You see we had some normal upto semi criticial braking maneuvers by the lead within the trainig phase and one really critical braking maneuver at the end under distraction. I brought a video along which shows you this criticail situation at the end under performing a sec task.
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Evaluation results: Model configuration
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Let we say some words to the configuration we used. There i would like to put an eye on the image configuration. There we used 4x50 pixel, where one pixel represents 100ms of data. Thus we always considered the last 5 sec for your estimation of the distraction index. We had 30 gray levels and the prpbaly the most interestings fact what inputs did we use, well we took the most obvios parameters into account. Namely parameters reflecting the drivers‘ inputs.
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Evaluation results: 
11 participants (8m/3f), 27 critical situations, 10 under distraction
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Now to the results. We had 11 participants (8m,3w). Moreover we had 27 criticial situation in total where the cms would have present an acoutic warning, in 10 of those critical situation the participants where distracted. We assumed an additional reaction time of distracted driver of 300 ms. Therefore we obtain a time window of benefit, where it makes sense to detect distraction. 



We reached a true postive rate of 90% In other words 90% right classification of distraction and we could activate the cms between 40ms and 200ms earlier. 78% out of the 90% activated the cms with the maximal time benefit. This means right at the begining of the tine window.
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Evaluation results: 
11 participants (8m/3f), 27 critical situations, 10 under distraction
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Now to the results. 11 subjects particapted (8m,3w) at the sim study. we had 27 criticial situation in total where the cms would have present an acoutic warning, in 10 of those critical situation the subjects where distracted. We assumed an additional reaction time of distracted driver of 300 ms. Therefore we obtain a time window of benefit, where it makes sense to detect distraction. 



We reached a true postive rate of 90% and we could activate the cms between 40ms and 200ms earlier. In other words 90% right classification of distraction. 78% out of the 90% activated the cms with the maximal time benefit. This means right at the begining of the tine window.
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Evaluation results: 
11 participants (8m/3f), 27 critical situations, 10 under distraction
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We reached a true negative rate of 83%.  IN other words 835 right classification of none distraction. The 17%  wrongly classified samples would have activated the cms between 40ms and 60ms too early. But All  those  false negative would activate the acoustic warning in the last third of the time window. 



In other words the false negative are olny slightly  weaken the system performance. Thus my overall conclusion is…
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We reached a true negative rate of 83%.  IN other words 835 right classification of none distraction. The 17%  wrongly classified samples would have activated the cms between 40ms and 60ms too early. But All  those  false negative would activate the acoustic warning in the last third of the time window. 



In other words the false negative are olny slightly  weaken the system performance. Thus my overall conclusion is…
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Conclusion: Driver model improved CMS in the simulation
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…that the driver model improved the cms…at least in the simulation. 
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Outlook: Validate driver model on real traffic data 
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And as an outlook i wiuld suggest in the next step we have to validate the driver model in real traffic and confirm the positve reuslts.



I would like to wrap up my presentation with a take home message. Even you still wonder what I was talking about the last xy minutes at least keep this in mind…
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Take home message









Behind every matrix is an image 



and 



sometimes  a driver model can be explained with dogs and cats  
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I would like to wrap up my presentation with a take home message. Even you still wonder what I was talking about at least keep this in mind…
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Thank you.
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