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Incremental Object Detection Method Based on Border Distance Measurement

LIU Dong-mei, XU Yang, WU Ze-bin, LIU Qian.SONG Bin and WEI Zhi-hui

School of Computer Science and Engineering, Nanjing University of Science and Technology,Nanjing 210094 , China

Abstract Incremental learning has achieved good results in image classification, but it is challenging to apply incremental learning
to multi-class object detection. Object detection is more complex than image classification, which combines classification and bor-
der regression. At present, the most advanced incremental object detectors adopt the external fixed region suggestion method
based on knowledge distillation, which consumes a lot of time and cost. For single-stage detectors,due to the lack of annotation
and region advice information for the old class,old objects are usually identified by the detector as the background, resulting in
catastrophic forgetting. In this paper,a label selection algorithm based on border distance metric is proposed. It uses the detection
results of the old model and the existing dataset labels to select and merge by measuring the coincidence of the bounding boxes,
making up for the lack of annotations of the old objects in the new dataset and alleviating catastrophic forgetting. In addition,a
module that combines the attention module with the residual module is designed to extract discriminative features at different
depths in feature extraction network,to further improve the detection accuracy of model. The proposed method is implemented in
the single-stage detection framework.,and the effectiveness of the method is verified on PASCAL VOC dataset. Compared with
the best model at present,the average accuracy value of the old object and all objects improves by 2. 8% and 2. 1% ,respectively.
The pseudo-labels obtained by the proposed method greatly alleviate the forgetting problem,and the attention residual module im-
proves the detection accuracy of the model.

Keywords Object detection, Label selection,Incremental learning, Attention module,Catastrophic forgetting, Pseudo label
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Fig. 1 Pseudo-labels generated by old detection model
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Fig. 2 Label selection process based on border distance measurement
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Table 2 Accuracy comparison of old and new objects detected

by the model
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Table 3 Influence of label selection algorithms based on different
metrics on model accuracy
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AT %)
Ik aero bike  bird boat bottle bus car cat  chair cow table dog horse motor person plants sheep sofa train tv  mAP
ILOD  69.9 70.4 69.4 54.3 48 68.7 78.9 68.4 45.5 58.1 59.7 72.7 73.5 73.2 66.3 29.5 63.4 61.6 69.3 62.2 63.1
RILOD 71.7 81.7 66.9 49.6 58 65.9 84.7 76.8 50.1 69.4 67 72.8 77.3 73.8 74.9 39.9 68.5 61.5 75.5 72.4 67.9
DMC 73.9 81.7 72.7 54.6 59.2 73.7 85.2 83.3 52.9 68.1 62.6 75 69 63.4 80.3 42.4  60.3 61.5 72.6 74.5 68.3
Our 82.1 82.6 61.4 59.6 68.1 86.2 87.4 73.8 53.4 68.2 67.1 77.6 84.3 81.5 83.7 42.9 74.2 68.5 79.4 75.8 72.9

ST R IH 2 0 g5t 0 ) R, B3R O B A U o R X TH
PR AT PR ZR AR 30 BT B R AR e IR O A 5 B 5 2
FESR@AM ) A M A R BB A, MILZ T AT IEAH
SR A A BOHE 0 R B e E Y 5 ik X AR R £
PRAE AT IR 45 3 TN ZR 0 Dh b 25 4R & B0 bk 32 1%
B B TR 2 50 B AR A B 1), [R] i 5 1 ) 3 R ) k22
TR HAE R Ak 112 U B A A (7] R 32 7 1 A1t 32 B0 Sl P P A1E
IR B TN S0 E 0 BT A 45 SRR B T AR 4R T

SIS SR WY A STy S AUHE B 28 ) A R DU R B S
B 7T XA 2 50 0 ARG B R A T A T R Y e
B, HAEEH Y IncDet 77 &M 3 T EWC UM E I 1D 8
A HEAT Tk, 8 ] Faster RCNN £ I HE 22 78 VOC2007 $¢
P LILB T 70. 8% MY mAP {H . %7 kI AR 8 & 788
200 1) RS BE A B B R B T i SRR L 5 S L i TR R TH 2
B R UK BE b 5 A SO vE A 22 R, IR O 280 A R 2 S
B9 DA 2 R IR AR T IH 28 51 i 2k (9 A 1 4 S, L AR AR B e K
T3 Ml e T ROMEME B I 2 R Y R A B 1L
L5 AE YN Zrseh B v 2 o BT R [ B B J2 K 0 S 0 PR R AT L (45
HEE IR ST H 2 % A 00 KG B A 3 — 2D . IRATE BRI 4
Tl 7 325 B AR D 245 21 0 ) %o T 28 BT 28 D R & 28 5 Y mAP
AT 3T 5 A SO AT LB S5 R a8l 6 s,

74
72
70
68
66
64
62
60
58
ILOD RIOLD  DMC IncDet Our
s old mmmmm new all
6 VOC2007 Mk 4 B 1H 37 24946 T kS

Fig. 6 Average detection accuracy of old and new categories on

VOC2007 test set
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