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Sensor data of Lidar and Camera 
mounted on an automated car

▪ 10 Hz

▪ Triggered at the same time
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Camera with Yolo Detector Lidar with Centerpoint Detector
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Task: Design and Implement a
Multi-Object Multi-Sensor Tracking Algorithm for Data Fusion and Tracking
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▪ Specific algorithm not that relevant for this work

▪ In this work: Centralized Labeled Multi-Bernoulli 
(LMB) Iterator-Corrector Filter [1]

• Camera

• 2D Box Detections in the camera plane

• Use box corner points as bearings-only 
measurements

• Lidar

• 3D Box Detections in tracking 
coordinates

▪ Parameterize and configure the tracker

• Trial and Error

• Systematic evaluation of some test sequence

• …

Camera Lidar

Tracker

Detector Detector

[1] S. Reuter, B. -T. Vo, B. -N. Vo and K. Dietmayer, "The Labeled Multi-Bernoulli Filter," in IEEE Transactions on Signal Processing, vol. 62, no. 
12, pp. 3246-3260, June15, 2014, doi: 10.1109/TSP.2014.2323064
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… but suddenly …
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Camera with Yolo Detector v11

… or a new and better version of your 
detector is available …
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Key Question: 
How can we be sure that our tracking configuration is still valid?
How can we monitor this?

▪ In this work:

• Online Monitoring of two different 
measurement model parameters: clutter rate 
and detection probability

• Using two different approaches

• Methods fully formulated for an LMB filter, but 
also applicable to other filters

• Works together with a pre-existing filter 
without altering its structure

▪ In this talk:

• Focus on the methods for the 
detection probability
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Multi-Object 
Measurement Model

Clutter 
Part

Detection 
Part

Single-Object 
Measurement Model 

Part

▪ Method A

▪ Method B

▪ Method A

▪ Method B

▪ Not 
considered in 
the paper
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Background
The standard multi-object measurement model

▪ Every Object 𝑥

• gets detected with probability 𝑝𝑑 and 
generates measurement 𝑧 ∼ 𝐻(𝑥)

• is missed with probability 1 − 𝑝𝑑

▪ Clutter measurements modeled by a Poisson 
Point Process

▪ In this work, if not mentioned otherwise,

• Constant 𝑝𝑑
• Homogeneous clutter intensity described by 

the clutter rate 𝜆
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Miss object 
with probability 
1 − 𝑝𝑑

Detect object 
with probability 
𝑝𝑑 and generate 
measurement 
according to 
some 
Measurement 
Model

Clutter 
Measurements 
follow a 
Poisson Point 
Process

29. Janaury 2025
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Background
Generalized Labeled Multi-Bernoulli (GLMB) Distribuion

▪ Basis of the GLMB filter [1] and LMB filter

▪ Density

▪ Hypothesis: One (1) possible measurement-to-track 
association considering all time-steps until now 

Sum over all possible 
hypotheses 

Weight of one (1) hypothesis Spatial distribution of the 
tracks of one (1) hypothesis

𝐴

𝐵

2
1

Hypthesis 1: 𝐴 → 0, 𝐵 → 2 with weight 𝑤1

Hypthesis 2: 𝐴 → 1 with weight 𝑤2

Hypthesis 3: 𝐴 → 0 with weight 𝑤3

Hypthesis 4: 𝐴 → 2, 𝐵 → 0 with weight 𝑤4

… 

Example

[1] B. -T. Vo and B. -N. Vo, "Labeled Random Finite Sets and Multi-Object Conjugate Priors," in IEEE Transactions on Signal Processing, vol. 61, 
no. 13, pp. 3460-3475, July1, 2013, doi: 10.1109/TSP.2013.2259822.
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Detection Probability Monitoring
Method A: Estimate and Compare

▪ Based on my previous work [1]

• Estimate 𝑝𝑑 based on information of the 
update step

• Estimation with Ƹ𝑝𝑑 ∼ 𝐵𝑒𝑡𝑎(𝑝, 𝑞)

▪ Compare estimation with filter parameter

• Compute “High Density Interval” (HDI) of 
estimation [2]

• Compute “Region of Practical Equivalence” 
(ROPE) [2] of the filter parameter

• Check whether the two intervals overlap
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Calculate distribution of 𝑂𝑘𝑡
“detect k out of t objects”

Update prior estimation of 𝑝𝑑

Why?

▪ 𝑝𝑑 = 0.7 or 𝑝𝑑 = 0.705 do not matter …

▪ more updates → sharper estimation/smaller 
HDI → filter parameter is eventually always 
outside

If the intervals do not overlap 
→ high probability of parameter mismatch

[1] A. Scheible, T. Griebel and M. Buchholz, "Self-Monitored Detection Probability Estimation for the 
Labeled Multi-Bernoulli Filter," 2024 IEEE 27th International Conference on Intelligent Transportation 
Systems (ITSC), Edmonton, AB, Canada, 2024, pp. 3767-3772, doi: 10.1109/ITSC58415.2024.10920041.

[2] Kruschke, J.K., Liddell, T.M. The Bayesian New Statistics: Hypothesis testing, estimation, meta-analysis, and power 
analysis from a Bayesian perspective. Psychon Bull Rev 25, 178–206 (2018). https://doi.org/10.3758/s13423-016-1221-4
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Detection Probability Monitoring
Method B: Bayes Factor

▪ Bayes Factor: Tool to distinguish between 
competing models 𝑀0, 𝑀1 after seen some data 𝐷

▪ Here:

• Data 𝐷: Measurements 𝑍

• 𝑀0: reference Measurement Model using the 
given parameter 𝑝𝑑

• 𝑀1: alternative Measurement Model

▪ What is 𝑃(𝐷|𝑀)?
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prior

Bayes 
Factor

Normalization 
of the Update

The alternative Measurement Model 𝑀1

▪ In this work,

• Assume no fixed valued, but smeared 𝑝𝑑
with

▪ In principle, no limitations here …

• Use two or more alternatives and check for 
higher and lower values

• Use point-valued measurement models with 
other values

• ...

Predefined
Beta 
distribution
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Detection Probability Monitoring
Method B: Bayes Factor – Some Details 

Attention: Filter specific

▪ Reference
GLMB Update

with

▪ Alternative Model:

▪ Use same assocations but recompute their likelihoods according to
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Old weight
New 
hypothesis

Detected objects

missed objects

Clutter measurements

Fixed for a given 
hypothesis

The smeared 
value

Single-object 
likelihood
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Results and Discussion

Monte-Carlo Simulation Setup

▪ 20-50 objects in 200𝑚 × 200𝑚 area 
appear at 𝑡 = 0 and disappear at

𝑡 = 1000

▪ 1 sensor

Determine the ROPE

▪ 𝜆 ∈ 1, 50 random but fixed for one 
MC simulation

▪ Mismatched filter and scenario 𝑝𝑑

▪ Evaluation GOSPA [1] metric

→
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[1] A. S. Rahmathullah, Á. F. García-Fernández and L. Svensson, "Generalized optimal sub-pattern assignment metric," 2017 20th International 
Conference on Information Fusion (Fusion), Xi'an, China, 2017, pp. 1-8, doi: 10.23919/ICIF.2017.8009645.
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Results and Discussion

Time varying scenario parameters

▪ Filter uses the values at the start

▪ 2 sensors

Method B: Bayes Factor

▪ Bayes Factor > 1 indicate ok

▪ Value determines, how strong the 
match/mismatch is

▪ No indication of “true” value
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ROPE

HDI of 
estimation

ok

Not ok

Method A: Estimate and Compare

▪ Non-overlapping intervals indicate 
not ok

▪ Estimation of “true” value
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