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lecv:: TRIMPS

Trimps-Soushen ($£#H
at ILSVRC2015

Jie SHAO, Xiaoteng ZHANG, Jianying ZHOU, Zhengyan DING,
Wenfei WANG, Lin MEI, Chuanping HU
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Summary of Trimps Submission

Object localization

— 2" place, 12.29% error (15t place with extra data)
Object detection from video (VID)

— 4t place, 0.461 mAP (3 place with extra data)
Scene classification

— 4t place, 17.98% error

Object detection

— 7t place, 0.446 mAP (4t place with extra data)



ILSVRC2015 official certification

IMAGENET Large Scale Visual
Recognition Challenge 2015

TRIMPS I SV 227 | 5|

Object Localization (LOC)

with "external" data

wwem e Winner eeemon
Trimps-Soushen team:

Jie Shao*, Xiaoteng Zhang*, Jianying Zhou*, Zhengyan Ding*,
Wenfei Wang, Lin Mei, Chuanping Hu (* indicates equal contribution)

The Third Research Institute of the Ministry of Public Security, P.R. China.
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Wei Liu, organizer

IM7AGENET Large scale Visual
Recognition Challenge 2015
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Object Detection from Video (VID)

with "external” data

Object Localization (LOC)

with "provided" data

wmemen 2nd Place &semen
Trimps-Soushen team:

Jie Shao*
Wenfei Wang,

Xiaoteng Zhang*, Jianying Zhou*, Zhengyan Ding*,
Jn Mei, Chuanping Hu (* indicates equal contribution)

wmemen  3rd Place s em e

Trimps-Soushen team:
The Third Research Institute of the Ministry of Public Security, P.R. China.
Jie Shao*, Xiacteng Zhang*, Jianying Zhou*, Zhengyan Ding*,
‘Wenfei Wang, Lin Mei, Chuanping Hu (* indicates equal contribution)

The Third Research Institute of the Ministry of Public Seeurity, P.R. China.
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Bounding box annotations




What can we get?

 Objectness
* Negative categories

 Bounding box voting



Region-based detection pipeline

}Deep

ConvNet| |

Fast R-CNN, Ross Girshick, IEEE International Conference on Computer Vision (ICCV), 2015
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Objectness

 Motivation
— Positive samples must be object first
— Put objectness in an end-to-end pipeline

* Related works
— BBox rejection

— DeepBox
— Region proposal networks(RPN)



Objectness — our approach

3 Outputs: beX
|- {ceP | softmax regressor objectness
| |ConvNet| [ : . 1 | )

: L Rol S FC IZTZI

pooling

| Rol -
PS=|=lprojection\_ |
| Conv X Rol feature
feature map vector For each Rol

— Regions with iou>=0.5 label as 1, otherwise 0
— Only use in training stage
— Most improved on val: +2.2% mAP (avg 1.1%)
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Negative categories

e Motivation

— Set all IOU<O0.5 regions to be same categories is
NOT reasonable

— Harder task always helps




Negative categories — our approach

 More categories

Positive: IOU>=0.5, Negative: 0.2<=10U<0.5,
Background: others

A

— = = Ground Truth = = = Ground Truth — = = Ground Truth
Positive Region Negative Region Background Region




Negative categories — our approach

\Deep \
" |ConvNet| | D

Outputs: beX

+neg categories

Rol
pooling

= "_}__' RO| e

- : —
1 : r_prOJectlon o

Conv T:_
feature map

— 401 categories in total

softmax regressor
»

3 FC

Rol feature
vector

For each Rol

— Regressor trained on pos regions

— Most improved on val: +3.2% mAP (avg 2.2%)
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Negative categories — Similar works

e “Object centric pre-training” by Qualcomm
Research

flower, background
well-framed well-framed partially-framed

Original image +
bounding box

> Increase the number of classes from N to 2*N+1:

— N classes for the object, well-framed.

- N classes for partially framed objects.

— 1 class for ‘background, i.e., object not visible.
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Bounding box voting

* After standard NMS, keep
region b with highest score
in local area

e Select regions R, IOU>=0.5
e Voting using RUD,

Zl 1 Score; * bbox;

— Box =
k
Y.i=q Score;

— Keep highest score

(c) Step 3 (d) Step 4

Object detection via a multi-region & semantic segmentation-aware CNN model, Gidaris S, Komodakis N. 2015 16



More details

Edge Boxes for regions extraction

Pre-train model
— VGG16, VGG19, pooling->conv
— 489 non-overlap subcategories

COCO data used in some models

— 43 categories with more data

Faster-rcnn model

— 5x4=20 anchors, ratios(0.2,0.4,1,2,5) and scales(2,3,4,5)
— Negative categories and objectness in fast stage



Detection results (val set)

e Baseline: VGG16 pre-trained on CLS data

I e I R

43.0 45.2 46.2 46.9
Outputs
B Dee +neg categories bbox
Bl —" | & softmax regressor objectness
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feature map vector

For each Rol
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Object Localization

e Simple pipeline

Input Image
L ————

S

Label-1->Box-1
Label-2=>Box-2

Top-5 Labels Label-3->Box-3
Label-4—2>Box-4
Label-5>Box-5
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Object Localization

e Single model improvements

— Objectness loss

— Negative categories
Val set

14.25

— Bounding box voting 141-2

13.5 -

15.56

e Multi-model

5 error
[ERY
w
|

» 125 - 12.29

Top
[
N

11.5 -
11 - | |
Baseline Improved Ensemble
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Object Localization

 Multi-model ensemble (testing)

— Bounding box voting (+0.3% vs best single mo

— Most crowded (not highest scored, +1.4%

del)
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Object Localization

e Top-5 localization error (test set)

Object Localization (rank #2)

0.335

0.35 0.299
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Object Detection from Video

 From 200 to 30

— Using models from object detection task
— Using video data for fine-tuning

— Tracking (not finished)




Object Detection from Video

* Results
Object Detection from Video (rank #4)

0.678
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Thank you!
Q&A
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