
Analysis of MOJAVE data with Neural Networks

Arne Poggenpohl
December 16, 2022

Astroparticle Physics / WG Elsässer
Department of Physics, TU Dortmund University



Cosmic messengers

Figure: Different types of messengers in astronomy. [1]
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Radio astronomy

Atmosphere is transparent for radio
radiation

Rayleigh criterion:

𝜃 ≈ 1,22 ⋅ 𝜆
𝐷

i.e. 𝜃 ≈ 1,22 ⋅ 0,21m
25m

= 0,0084 ≈ 0,48°

Single telescope size constrained

→ Combining array of telescopes
→ Radio interferometry Figure: Transmission of radiation in the atmosphere. [2]

A. Poggenpohl | December 16, 2022 3 / 21



Radio interferometry

(a) The Very Long Baseline Array. [3] (b) Limited (𝑢, 𝑣) coverage. [3]

(c) Dirty image after FFT. [3] (d) Source in spacial space. [3]
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MOJAVE data

Monitoring Of Jets in Active galactic nuclei
with VLBA Experiments

Measurement series over several years

Very Long Baseline Array
10 telescopes
25m diameter
8611 km maximum baseline
0,17 – 22mas angular resolution

Similar data quality throughout the data set

Figure: Source in the MOJAVE dataset. [4]
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Problems

Jets consist of several components (bursts)

Track components over time to determine
kinematics

→ Physical properties of the host galaxy

Solutions

Previously: PyBDSF or DIFMAP
Analysis performed manually

→ Takes long for big data
→ Difficult to reproduce

This approach:
Creates simulations
Uses neural network to track components

→ Building and training neural network requires expertise
→ Fast evaluation, reproducible results
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Neural network for object detection

Object detection is famous task for NN

Convolutional layers to extract features

Different approaches for object detection
Evaluate classifier at several locations and
scales
Sliding window approach
R-CNN:
1. Predict potential boxes
2. Apply classifier
3. Post-processing

→ Complex pipelines are slow and hard to
optimize

→ YOLO

Figure: A 2D Convolution. [5]
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You Only Look Once

Predicts boxes, objectness and classes

Every pixel in output is prediction

Non-maximum suppression (NMS) to
iteratively remove lower scoring boxes

Layers
Convolution
Deconvolution
Activations: ReLU, LeakyReLU, SiLU
Batch normalization, MaxPooling

Figure: You Only Look Once: Unified, Real-Time Object Detection. (2015) [7]

A. Poggenpohl | December 16, 2022 8 / 21



YOLOv6 framework

Figure: The YOLOv6 framework. [8]
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Loss function

Box regression: Complete Intersection over Union (CIoU)

𝐿𝐵𝑜𝑥 = 1 − 𝐼𝑜𝑈 +
𝑑2
𝑐2

+ 𝛼𝑣

Objectness: Binary cross entropy with sigmoid (BCEWithLogits)

𝐿𝑂𝑏𝑗 = −𝑤 [𝑦 ⋅ log (𝜎 (𝑥)) + (1 − 𝑦) ⋅ log (1 − 𝜎 (𝑥))]

Rotation: Mean absolute error (MAE or L1)

𝐿𝑅𝑜𝑡 = |𝑥 − 𝑦|

Total loss:

𝐿 = 𝐿𝐵𝑜𝑥 + 𝐿𝑂𝑏𝑗 + 𝐿𝑅𝑜𝑡

Training on 20000 simulated sources

Figure: DIoU loss for bounding box regression. [9]
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Figure: Loss and metric during training. [10]
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Non-maximum supression

𝐴 : List of predictions, 𝐵 : Final list
𝑐 : IoU threshold, 𝑑 : Objectness threshold

1. Select box from 𝐴 with highest objectness score (larger than 𝑑) and add it to 𝐵. (Initially 𝐵 is empty).

2. Compare this predictions with all the predictions — calculate the IoU of this predictions all other predictions in 𝐵. If IoU
is larger than 𝑐, remove that predictions from 𝐵.

3. This process is repeated until there are no more proposals left in 𝐴.

A. Poggenpohl | December 16, 2022 11 / 21



Simulation

Gaussian distributions forming a jet

Improvements:
Rotation of components
Larger eccentricity possible
Offset of core component
Randomly drop components
Advanced noise

Figure: Simulated sources with radiosim in 2021. [11]

Pixel

0

50

100

150

200

250

Pi
xe

l

True box

Pixel

Pi
xe

l

True box

0 50 100 150 200 250
Pixel

0

50

100

150

200

250
Pi

xe
l

True box

0 50 100 150 200 250
Pixel

Pi
xe

l

True box

0.0

0.2

0.4

0.6

0.8

1.0

Sp
ec

ifi
c 

In
te

ns
ity

 / 
a.

u.

0.0

0.2

0.4

0.6

0.8

1.0

Sp
ec

ifi
c 

In
te

ns
ity

 / 
a.

u.

0.0

0.2

0.4

0.6

0.8

1.0

Sp
ec

ifi
c 

In
te

ns
ity

 / 
a.

u.

0.0

0.2

0.4

0.6

0.8

1.0

Sp
ec

ifi
c 

In
te

ns
ity

 / 
a.

u.

Figure: Simulated sources with radiosim for this work. [12]
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Predictions for simulation data

Output layers of size 64𝑥64, 32𝑥32, 16𝑥16

Combine objectness by multiplication

Boxes of largest output layer used for NMS
→ 4096 pixels with predictions
→ Thresholds in NMS determining
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Figure: Predicted boxes and objectness.
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Preprocessing of MOJAVE data

Source is barely visible

Zoom on source → Cropping to 128 pixel

Scaling → log10
Scaling → between 0 and 1

Noise cut (before log10) → 𝑥 [𝑥 < |min (𝑥) |] = −1
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Figure: MOJAVE image of 1142+198 from 26.09.2016. [13]
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Figure: MOJAVE image of 1142+198 from 26.09.2016. [13]

A. Poggenpohl | December 16, 2022 14 / 21



Preprocessing of MOJAVE data

Source is barely visible

Zoom on source → Cropping to 128 pixel

Scaling → log10
Scaling → between 0 and 1

Noise cut (before log10) → 𝑥 [𝑥 < |min (𝑥) |] = −1

0 20 40 60 80 100 120
Pixel

0

20

40

60

80

100

120

Pi
xe

l

0.0

0.2

0.4

0.6

0.8

1.0

0.0

0.2

0.4

0.6

0.8

1.0

Sp
ec

ifi
c 

In
te

ns
ity

 / 
a.

u.

Figure: MOJAVE image of 1142+198 from 26.09.2016. [13]
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Evaluation of MOJAVE data
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Figure: Evaluation of MOJAVE 1142+198 from 26.09.2016. [13]
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Figure: Evaluation of MOJAVE 1142+198 from 10.12.2016. [13]
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Figure: Evaluation of MOJAVE 1142+198 from 30.07.2017. [13]
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Clustering

Find similar components at each time step

Spectral Clustering
Calculate affinity matrix
Scale with kNN distances
Reduce dimension by choosing largest
eigenvalues
Eigenvectors create a low dimensional
space
Perform kNN Clustering in lower
dimension

Build mean of equal components in one
image 0.00.51.01.52.02.5
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Figure: Spectral Clustering to group components.
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Boxes after clustering
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Figure: MOJAVE 1142+198 from 26.09.2016. [13]
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Figure: MOJAVE 1142+198 from 26.09.2016. [13]
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Figure: MOJAVE 1142+198 from 10.12.2016. [13]
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Figure: MOJAVE 1142+198 from 10.12.2016. [13]
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Clustering
−−−−−−−−−−−→

0 20 40 60 80 100 120
Pixel

0

20

40

60

80

100

120

Pi
xe

l

Pred box

0.0

0.2

0.4

0.6

0.8

1.0

Sp
ec

ifi
c 

In
te

ns
ity

 / 
a.

u.

Figure: MOJAVE 1142+198 from 30.07.2017. [13]
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Velocity calculation

Components are located and assigned to
each other

Velocity in mas/yr from linear regression

Converted into units of c0 with given
distance to source

Performed by Kevin Schmidt manually with
DIFMAP in 2018

Figure: Kinematic analysis of 1142+198 by Kevin Schmidt. [14]

A. Poggenpohl | December 16, 2022 18 / 21



Velocity calculation
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Figure: Distance of components and linear regression.

Component Velocity / c0
1 −0,0068 ± 0,0034
2 −0,0166 ± 0,0485
3 0
4 −0,0590 ± 0,0284
5 −0,0098 ± 0,0062
6 −0,0838 ± 0,0536

Maximum jet speed by Lister et al. 2021 [15]:

(0,125 ± 0,051) c
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Conclusion

Prediction of components with YOLO possible

NMS critical part of analysis

Clustering works as expected

But: Velocity of components all negative

Component Velocity / c0
1 −0,0068 ± 0,0034
2 −0,0166 ± 0,0485
3 0
4 −0,0590 ± 0,0284
5 −0,0098 ± 0,0062
6 −0,0838 ± 0,0536
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Outlook

For this work:
Reasonable performance metric(s)
Apply common methods on simulation for
comparison
Analysis on more MOJAVE data

For future projects:
Find different architectures for reconstruction
Realistic simulations (physical properties, 3D,
time development, ...)
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Figure: First approach of a realistic 3D simulation.
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