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Project Overview

* Regress the count of vehicles
present in PUCPR+ and CARPK

« PUCPR+:
 Training: 100 images
« Test: 25 images

« CARPK:
 Training: 989 images
e Test: 459 images
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Existing Approaches

 Broadly classified into two
categories:

« Counting by detection

e Counting by regression
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Existing Approaches

 Broadly classified into two
categories:

« Counting by detection

e Counting by regression

« We focus on counting by
regression:

« Heatmap Regulation
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Existing Approaches

- Broadly classified into two '
categories: S

« Counting by detection

e Counting by regression

]
» We focus on counting by :: e reniEtions RS
reg I'eSSIOn re :lcmss Activation Map(CAM)
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« Heatmap Regulation

Gaussian Activation Map(GAM)
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« Counting by detection

e Counting by regression
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Existing Approaches

international

- Broadly classified into two '
categories:
« Counting by detection
e Counting by regression

« We focus on counting by
regressmn

« Heatmap Regulation




RIT
Existing Approaches

» Broadly classified into two e B
categories: 5 f

« Counting by detection _Embedding

..........................

e Counting by regression
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Matching

\}

1x1x512

« We focus on counting by
regression:

H/8 x W/8 x 512

« Class Agnostic Counting
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» Broadly classified into two Lo
categories: - [[acapens ] Matching
« Counting by detection e | | -

e Counting by regression
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1% 1x512 l
Ly 4
» We focus on counting by —@ ﬁ.
regreSSIOn H/4 x W/4 x 1 ;
« Heatmap Regulation — 1 §F || —-— - t—.
H/8 x W/8 x 512

« Class Agnostic Counting
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» Broadly classified into two Lo
categories: ===up Matching
« Counting by detection Embedding T [T wsbmss 230 |

e Counting by regression
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 Broadly classified into two Dogping
categories: oo ] | Matching
» Counting by detection _Embedding gl T P
« Counting by regression / ‘
1x1x512 : I }'
* We focus on counting by ——® ﬁ.
regression: i e
« Heatmap Regulation — 1l BF [ e
H/8 x W/8 x 512

« Class Agnostic Counting
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» Broadly classified into two Lo
categories: Matching
« Counting by detection _Embedding 7]  eawexsz
e Counting by regression ‘ .
1x1x512 : I }, /i}' w“gn
« We focus on counting by —® ﬁ‘-\ .

regression:
« Heatmap Regulation

H/4 x W/4 x 1 :

H/8 x W/8 x 512

« Class Agnostic Counting

______________________________________________________

« However, both approaches rely on
using localization information
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Methods =

Rotation Semantic
invariance [1] Inpainting [3]
I |

Jigsaw [2]

Proxy Self-
supervision

Approaches

Network

Modifications
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Proxy Self- invariance [1] Inpalnlng [3]

supervision

Jigsaw [2]

Approaches

Network

Modifications
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* Proxy self-supervision tasks
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* Proxy self-supervision tasks
« Rotation invariance

0/90|180|2707?
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* Proxy self-supervision tasks
« Rotation invariance
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* Proxy self-supervision tasks
« Rotation invariance

0/90|180|2707?
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* Proxy self-supervision tasks

 Jigsaw

0]90]|180|270? Correct order?
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* Proxy self-supervision tasks

« Semantic Inpainting

0]90]|180|270? Correct order? Clean image?
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 Network modifications

« Squeeze and excitation
block network
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HXWXxXC
o . HXWXC
 Network modifications '

 Active Rotating Filter
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Results
Task /Block
v/ Blocks PUCPR+ CARPK
VQG-16
MAE RMSE Over-est Under-est MAE RMSE Over-est Under-est
%) ) (%) (%)

Pretrained 5.84 8.51 2.98 1.15 6.88 9.40 0.85 0.80
Rotation 3.72 6.32 1.00 1.38 7.81 10.02  2.10 5.45
Jigsaw 4.56 6.07 2.35 0.56 9.05 11.64  3.35 5.40
Inpainting 4.16 6.33 1.96 0.69 6.31 &.25 2.70 3.40
SE Block 5.76  9.50 1.45 2.22 5.93 7.90 1.79 3.94
ARF 4.12 5.84 1.89 0.74 12.38 15.83  0.77 11.99
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» Transposed Augmentations %E :
for CARPK dataset =t |
» Similar to Random Rotation =

4%
=———— |

 Pretrained VGG: ulﬂ\pmmwﬂ!

« Without;: 11.5+ 1.4

o= Bl = Bli= Rl

juic Ilﬁwballn(r(rﬂ
e With: 6.2 + 0.6 |
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Results pucer+

Count: 131.0 Count: 122.0

Count: 7.0 Count: 7.0

Pretrained Rotation
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Results carek

Count: 145 , ‘ Count: 139.0 Count: 144.0

Count: 117.0 Count: 121.0

Pretrained SE blocks
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« SVCCA" — PUCPR+
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« SVCCA - PUCPR+
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« SVCCA - PUCPR+
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« SVCCA - PUCPR+
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