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Weakly Supervised Object Localization (WSOL)

* Goal: To localize an object only using image-level class labels

(no annotations for object location is provided).
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Weakly Supervised Object Localization (WSOL)

* Goal: To localize an object only using image-level class labels

(no annotations for object location is provided).
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Class Activation Mapping (CAM)

1. Train a classification model.
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Class Activation Mapping (CAM)

1. Train a classification model.

2. Based on the classification model, apply CAM to localize an object.
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Cause of Limited Localization

* Localization is determined by the activations of a feature map.
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Cause of Limited Localization

« Many of them are highly activated in the small discriminative region.

e Looking at the small discriminative region is enough to classify an object.
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Previous Methods

Training phase
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Cause of Limited Localization

Information that captures the whole object region already exists.

Our goal is to correctly utilize this information.
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Our Approach: overall
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Our Approach: overall
* Properly utilizes the information by simply modifying three modules.

M1: Average Pooling
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Our AppI‘O&Ch 1) Average Pooling

* Problem: Global Average Pooling (GAP)
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Our A.ppI'O&Ch (1) Average Pooling

* Problem: Global Average Pooling (GAP)
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Our A.ppI'O&Ch (1) Average Pooling

* Problem: Global Average Pooling (GAP)
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Our A.ppI'O&Ch (1) Average Pooling

* Problem: Global Average Pooling (GAP)
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Our Approach (1

1) Average Pooling

* Problem: Global Average Pooling (GAP)
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Our AppI‘O&Ch (1) Average Pooling

* Problem: Global Average Pooling (GAP)
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Our AppI‘O&Ch (1) Average Pooling

* Solution: Thresholded Average Pooling (TAP)
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Our A.ppI‘O&Ch (2) Weighted Averaging

* Problem: Class Activation Maps




Our A.ppI'O&Ch (2) Weighted Averaging

* Problem: Class Activation Maps
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Our A.ppI'O&Ch (2) Weighted Averaging

* Problem: Class Activation Maps
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Our A.ppI‘O&Ch 2) Weighted Averaging

* Solution: Negative Weight Clamping (NWC)
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Our A.ppI‘O&Ch (2) Weighted Averaging

* Problem: Class Activation Maps




Our Approach (3) Thresholding

* Problem: Maximum as a Standard (MaS)
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Our Approach (3) Thresholding

* Problem: Maximum as a Standard (MaS)
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Our Approach (3) Thresholding

* Problem: Maximum as a Standard (MaS)
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Our Approach (3) Thresholding

* Problem: Maximum as a Standard (MaS)
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Our Approach (3) Thresholding

* Solution: Percentile as a Standard (PaS)
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EXperimental Settmg Datasets

1. CUB-200-2011

e ~12K images
* Birds with 200 categories

2. ImageNet-1K
e ~1.35M images

* General objects with 1000 categories
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EXperimental Settmg Datasets & Evaluation Metrics

1. CUB-200-2011 A

~12K images
Birds with 200 categories

2. ImageNet-1K

~1.35M images

General objects with 1000 categories /

3. Openlmages30K

~37K images

General objects with 100 categories

Top-1 Cls: top-1 accuracy of classification

GT-known Loc: localization accuracy with

known ground truth class

Top-1 Loc: both classification and localization

PxAP: area under a pixel precision and recall curve

(independent to the choice of a threshold)



EXperimental Settmg Datasets & Evaluation Metrics

1. CUB-200-2011 A

e ~12K images
* Birds with 200 categories

2. ImageNet-1K

e ~1.35M images * Top-1 Loc: both classification and localization

* General objects with 1000 categories /

3. Openlmages30K

« ~37K images *  PxAP: area under a pixel precision and recall curve

«  General objects with 100 categories (independent to the choice of a threshold)



EXperiment Results: Different Components
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Experiment Results: Different Components

« TAP, NWC and PaS consistently improved the localization performance.
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Experiment Results: Different Components

« TAP, NWC and PaS consistently improved the localization performance.

 With all the components applied, the localization performance further improved.
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Experiment Results: Different Backbones
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Experiment Results: Different Backbones

* Regardless of a backbone structure, the performance consistently improved.
(+ Ours: employ all three components)
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Experiment Results: Different CAM-based Methods
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Experiment Results: Different CAM-based Methods

* QOur proposed method significantly improved the localization performance.
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Experiment Results: Different CAM-based Methods

* QOur proposed method significantly improved the localization performance.

* As a result, we achieved the new state-of-the-art performance on all datasets.
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Qualitative Results

CAM CAM CAM

Nz 4

. ' i

a

o| .

S

2 - -

O
“ 3

Z |

)

=Y0]

o]

N — A — N v

~ ~ ~
VGG16 MobileNetV1 ResNet50-SE GoogleNet



Qualitative Results
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Summary

* Demonstrated the underlying issues of CAM, and the mechanism of them

making the localization to be limited to a small discriminative region.

* Proposed three solutions that alleviate the issues in each of the corresponding
modules of CAM.

* Verified our proposed method consistently improved the localization
performance regardless of datasets, backbones, and CAM-based methods, and

achieved the new state-of-the-art performance on all three benchmark datasets.



Thank You!

For more details, please check out our project page.

http://vision.snu.ac.kr/projects/rethinking-cam-wsol
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