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Introduce

• Active learning has been shown to effective at annotating data for 
image classification, but largely unexplored for object detection.

• We present two metric for measuring the informativeness of an 
object hypothesis.
• Localization Tightness (TL).
• Localization Stability (LS).



Background

• Active learning.

• Object Detection.
• Two stage: img → Feature extraction → RP → classification/ Locating regression

• R-CNN、Fast R-CNN、Faster R-CNN

• SPP-NET

• One stage：img → Feature extraction → classification/ Locating regression

• OverFeat

• YOLOv1、YOLOv2、YOLOv3 

• SSD

region proposal



Background – RCNN (regions with cnn)

• SS (Selective search)
• First, some small areas are formed by taking advantage of the similarity 

of colors. (If the colors are very similar, it’s most likely to be a whole)
• Region merging

• Color similarity

• Texture similarity

• Size similarity

• Shape compatibility measure 

Selective Search for Object Recognition (IJCV 2013)



Background – RCNN (Regions with CNN)

• Process
• Using SS to extract region proposals
• Score each region proposals
• Rank the scores of the candidate boxes，then remove some regions 

according to some rules. (NMS)
• Make a border regression of the last remaining boxes. (Position、Size)



Method

• Localization Tightness

• 𝐼𝑂𝑈 𝐵1, 𝐵2 =
𝐵1∩𝐵2

𝐵1∪𝐵2

• 𝑇 𝐵0
𝑗

= 𝐼𝑂𝑈 𝐵0
𝑗
, 𝑅0

𝑗

• Where T is the estimated tightness, 𝐵0
𝑗 is the 𝑗-th predicted box 𝑅0

𝑗 is the 

corresponding region proposal fed into the final classifier that generates 𝐵0
𝑗.

• We want to select images with inconsistency between the 
classification and the localization.
• Given a predicted box that is absolutely certain about its classification 

result (𝑃𝑚𝑎𝑥 = 1), but it cannot tightly enclose a true object (𝑇 = 0).
• Reversely, if the predicted box can tightly enclose a true object (𝑇 = 1), 

but the classification result is uncertain (𝑙𝑜𝑤 𝑃𝑚𝑎𝑥).

𝐵1

𝐵2

select



Method

• Localization Stability
• Gaussian noise / Level 𝑛

• Reference boxes 𝐵0
𝑗 (RED) → 𝐶𝑛(𝐵0

𝑗
) (GREEN)

If the current model is stable to noise, meaning that the detection result does not dramatically 
change even if the input unlabeled image is corrupted by noise, the current model already 

understands this unlabeled image well so there is no need to annotate this unlabeled image.

select



Experiment

• Two baselines:
• Random (R)
• Classification Uncertainty (C)
• Two baselines:

• Ours:
• Localization stability only (LS)
• Localization stability + Classification Uncertainty (LS+C)
• Localization tightness + Classification Uncertainty (LT/C)
• Localization tightness + Classification Uncertainty + Ground-truth boxes 

instead of the estimate used in LT/C (LT/C(GT))



Experiment – FRCNN on PASCAL 2012 and PASCAL 2007



Experiment – FRCNN on PASCAL 2012 and PASCAL 2007

PASCAL 2012

PASCAL 2007



Experiment – FRCNN on MS COCO 2012 and SSD on PASCAL 2007

FRCNN on MS COCO 2012 SSD on PASCAL 2007


