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Optimal traffic state estimation and prediction for traffic signal control by capitalizing on the new sensing and 
communication capabilities from connected environments in urban areas.

Extended Traffic State 
Estimation and Prediction:

• Queue length
• Arrivals
• Departures
• Turnings

Measurements from new 
data sources:

e.g. Connected Vehicles, 
Cameras etc.

Data: 
Connected 

Environments

Extended Observer: 
Urban Traffic State 

Estimation and Prediction

Controller: 
Urban Traffic 

Control
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Extended Observer based on (Extended) Kalman Filter

Research goal Contributions Conclusions OutlookMethodology

Time Update (“Predict”)

𝐌𝐞𝐚𝐬𝐮𝐫𝐞𝐦𝐞𝐧𝐭:  𝒛𝒌

 𝐌𝐞𝐚𝐬𝐮𝐫𝐞𝐦𝐞𝐧𝐭 𝐯𝐞𝐜𝐭𝐨𝐫:

𝒛𝒌

𝒛𝒌
𝒒𝒖𝒆𝒖𝒆 𝒍𝒆𝒏𝒈𝒕𝒉_𝑽𝟐𝑿

𝒛𝒌
𝒂𝒓𝒓𝒊𝒗𝒂𝒍 𝒓𝒂𝒕𝒆_𝒍𝒐𝒐𝒑

𝒛𝒌
𝒅𝒆𝒑𝒂𝒓𝒕𝒖𝒓𝒆 𝒓𝒂𝒕𝒆_𝒄𝒂𝒎𝒆𝒓𝒂

𝒛𝒌
𝒕𝒖𝒓𝒏𝒊𝒏𝒈 𝒓𝒂𝒕𝒆_𝒓𝒂𝒘𝑭𝑪𝑫

 𝐒𝐭𝐚𝐭𝐞 𝐯𝐞𝐜𝐭𝐨𝐫:

𝒙𝒌

𝒙𝒌
𝒒𝒖𝒆𝒖𝒆 𝒍𝒆𝒏𝒈𝒕𝒉

𝒙𝒌
𝒂𝒓𝒓𝒊𝒗𝒂𝒍 𝒓𝒂𝒕𝒆

𝒙𝒌
𝒅𝒆𝒑𝒂𝒓𝒕𝒖𝒓𝒆 𝒓𝒂𝒕𝒆

𝒙𝒌
𝒕𝒖𝒓𝒏𝒊𝒏𝒈 𝒓𝒂𝒕𝒆

 𝒙𝒌
𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒆𝒅 𝒂 𝒑𝒓𝒊𝒐𝒓𝒊 𝒔𝒕𝒂𝒕𝒆 𝒆𝒔𝒕𝒊𝒎𝒂𝒕𝒆

 𝒙𝒌
𝒄𝒐𝒓𝒓𝒆𝒄𝒕𝒆𝒅 𝒂 𝒑𝒐𝒔𝒕𝒆𝒓𝒊𝒐𝒓𝒊 𝒔𝒕𝒂𝒕𝒆 𝒆𝒔𝒕𝒊𝒎𝒂𝒕𝒆

Measurement Update (“Correct”)

𝒂𝒌 𝟏
𝒕𝒖𝒓𝒏𝒊𝒏𝒈: changes every time step according to the historical profile. 

e.g.: 𝒙𝒌
𝒒𝒖𝒆𝒖𝒆 𝒍𝒆𝒏𝒈𝒕𝒉 𝒙𝒌 𝟏

𝒒𝒖𝒆𝒖𝒆 𝒍𝒆𝒏𝒈𝒕𝒉 𝒂𝒓𝒓𝒊𝒗𝒂𝒍𝒔 𝒅𝒆𝒑𝒂𝒓𝒕𝒖𝒓𝒆𝒔

e.g.: 𝒙𝒌
𝒕𝒖𝒓𝒏𝒊𝒏𝒈 𝒓𝒂𝒕𝒆 𝒂𝒌 𝟏

𝒕𝒖𝒓𝒏𝒊𝒏𝒈 𝒓𝒂𝒕𝒆 𝒙𝒌 𝟏
𝒕𝒖𝒓𝒏𝒊𝒏𝒈 𝒓𝒂𝒕𝒆
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Filter step (“Predict” and “Correct”)
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𝑥  𝑥   𝑥  𝑢  𝑥  𝑢  

𝑥  𝑥  𝐾 𝑧  _ 𝑥  

𝑥  

𝑢  𝑢  

𝑞𝑢𝑒𝑢𝑒 𝑙𝑒𝑛𝑔𝑡ℎ

𝑡𝑖𝑚𝑒

𝑧  _

𝑥  

𝑥  

𝑥  

𝑥  

Time Update (“Predict”)

Measurement Update (“Correct”)

𝑥 : traffic states queue length, arrival rate, departure rate
𝑢 : control input signal timings
𝑧 : traffic measurements from Connected Vehicles
𝐾 : Kalman gain
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Measurement Update (“Correct”)

Unequipped Vehicle

Connected Vehicle (CV)

 𝐈𝐧𝐩𝐮𝐭 𝐧𝐞𝐞𝐝𝐞𝐝 𝐟𝐫𝐨𝐦 𝐂𝐨𝐧𝐧𝐞𝐜𝐭𝐞𝐝 𝐕𝐞𝐡𝐢𝐜𝐥𝐞𝐬 𝐚𝐧𝐝 𝐬𝐢𝐠𝐧𝐚𝐥 𝐜𝐨𝐧𝐭𝐫𝐨𝐥:
• timestamp t
• position x
• speed v
• last cycle red duration R
• last cycle green duration G

𝐶𝑉  𝑡 , 𝑥 , 𝑣

 𝐈𝐧𝐭𝐞𝐫𝐦𝐞𝐝𝐢𝐚𝐭𝐞 𝐩𝐚𝐫𝐚𝐦𝐞𝐭𝐞𝐫𝐬 𝐟𝐨𝐫 𝐭𝐡𝐞 𝐜𝐚𝐥𝐜𝐮𝐥𝐚𝐭𝐢𝐨𝐧 𝐨𝐟 𝐳𝐤:
• time joining the queue t _
• time crossing the stopline t _
• position in the queue 𝑙
• number of CVs in the queue m

𝐶𝑉  𝑡 _ , 𝑡 _ , 𝑙, 𝑚

𝐺, 𝑅

𝑒. 𝑔. 𝑙 5, 𝑚 2

𝐌𝐞𝐚𝐬𝐮𝐫𝐞𝐦𝐞𝐧𝐭 𝐯𝐞𝐜𝐭𝐨𝐫: 𝒛𝒌 𝒛𝒌
∗𝒒𝒖𝒆𝒖𝒆 𝒍𝒆𝒏𝒈𝒕𝒉_𝒄𝒗, 𝒛𝒌

∗𝒂𝒓𝒓𝒊𝒗𝒂𝒍 𝒓𝒂𝒕𝒆_𝒄𝒗, 𝒛𝒌
𝒅𝒆𝒑𝒂𝒓𝒕𝒖𝒓𝒆 𝒓𝒂𝒕𝒆_𝒄𝒗 𝑻

Research goal Contributions Conclusions OutlookMethodology

*Comert, G. (2016). Queue length estimation from probe vehicles at isolated intersections: 
Estimator for primary parameters. European Journal of Operational Research 252, 502-521.
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Potential of new data
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Simulations with limited and imperfect measurements
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𝐶𝑉  𝑡 , 𝑥 , 𝑣

Unequipped Vehicle

Connected Vehicle (CV)

• Demonstrate the working principles of the developed Extended Observer

• Demonstrate the potential and limitations of the developed Extended Observer
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Simulation example
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*Measured queue length -1: 
there are no measurements
available for this cycle

𝑄 𝑅 _

𝑄 𝑅 _

𝑄 𝑅 _

𝑄: process noise covariance
R: measurement noise covariance
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Simulation example
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*Measured queue length -1: 
there are no measurements
available for this cycle

𝑄 𝑅 _

𝑄 ≪ 𝑅 _

𝑄 𝑅 _

𝑄: process noise covariance
R: measurement noise covariance
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Preliminary simulations results
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𝑄 𝑅 _

𝑄 𝑅 _

𝑄 𝑅 _

𝑄: process noise covariance
R: measurement noise covariance
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Simulation example
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„What if the quality of the measurements 
and the state variates strongly?“

𝐶𝑉  𝑡 , 𝑥

Unequipped Vehicle

Connected Vehicle (CV)
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Simulation example
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𝐶𝑉  𝑡 , 𝑥

Unequipped Vehicle

Connected Vehicle (CV)
„What if there is a specific historical profile that 
we want to trust more than the measurements?“
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Extended Observer (based on Extended Kalman Filter):

• Utilizes imperfect measurements from low number Connected Vehicles (low penetration rates)

• Provides improved estimation in comparison to relying solely on the measurements

• Provides an intuitive way for tuning the filter (“should I trust the measurements or the model more?”) 

But:

• Tuning (Q, R) is very critical in Kalman filtering

• Biased measurements or biased model can lead to reduced performance
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• Compare with estimation from loop detectors

• Test different data availability combinations

• Evaluate the impact on signal control

• Derive requirements for connected environments 

• Add another layer: “Continuous” filter (every 3 seconds)
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Thank you for your attention

„Science fiction is sexier than science facts“
(Dr. S. Shladover, UC Berkeley, 
MFTS 2018, Ispra, 11.06.2018)


