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An Incremental Object Detection Algorithm Based on Enhanced
CenterNet under Few—shot Scenarios

LI Hang, JIA Ke, JIN Zhicheng, LI Hanxin, XU Changyuan
(School of Computer Science, Chengdu University of Information Technology , Chengdu 610000, China)

Abstract: Deep learning models require a large number of annotated samples for training, but in practical scenarios, it is often difficult to ob-
tain large—scale and high—quality annotated samples, and not having enough training samples can lead to poor model performance. At present,
object detection algorithms targeting few sample conditions often suffer from missed and false detections due to insufficient training samples ,
which cannot effectively generate detection boxes for the target. To address the above issues, a few sample condition oriented incremental ob-
ject detection algorithm is proposed based on the ONCE network model using the CenterNet method as a framework. The detector mainly con-
sists of a feature extractor that combines attention mechanism and feature fusion, a decomposed attention encoder, an adaptive Gaussian ker-
nel, and a locator. It adopts a two—stage training strategy and registers new classes through an incremental strategy. Among them, the feature
extractor that combines attention mechanism and feature fusion can enhance the ability to extract and utilize features of base classes and new
classes; The adaptive Gaussian kernel and decomposition attention method can enable the detector to obtain more accurate target center
points, thereby making the generated target boxes more precise. The validation experiments on the COCO dataset and PASCAL VOC dataset

showed that compared with other advanced methods, the proposed method improved the AP values of the new class, base class, and full class
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by an average of 7.7, 2.5, and 1.3, respectively, and the AR values by an average of 15.0, 21.7, and 17.6, respectively, on the COCO datas-
et compared to the ONCE model; On the PASCAL VOC dataset, the average AP and AR values were improved by 2.4 and 21.2, respectively,

compared to other methods, indicating better detection performance.
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Fig. 1 Overall structure of the model
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Fig.2 Residual block embedded with CBAM structure
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(a) Circular Gaussian kernel
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(b)  Adaptive Gaussian kernel
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Fig. 3 Two kinds of Gaussian Kernel Coding
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Table 1 Performance comparison of different methods on COCO da-
taset

®1 AETFEECOCOHIEE LRMERELLE

ot ik EES Bk e
AP AR AP AR AP AR
Fine—Tuning 00 00 1.1 1.8 0.8 1.4
MAML, 0.1 05 NA NA NA NA
1 Feature—Reweight 0.1 0.3 2.5 4.3 1.9 33
ONCE 0.7 63 179 195 136 162
ARSIk 31 197 201 409 144 335
Fine—Tuning 0.2 35 26 74 20 64
MAML 0.4 39 NA  NA NA  NA
5 Feature—Reweight 0.8 5.1 33 8.2 2.6 7.4
ONCE 1.0 74 179 195 137 164
ARSI 38 237 202 412 15 341
Fine-Tuning 0.6 4.2 2.8 8 2.3 7.0
MAML 0.8 49 N/A  NA NA NA
10 Feature-Reweight 1.5 8.3 3.7 8.9 3.1 8.7
ONCE 12 76 179 195 137 165
ARSI 37 229 211 415 153 345

(a) J5iAl

(b)  ONCE method
(b) ONCE &

(¢)  The proposed method
() A3k

Fig. 4 Visual detection results of new classes of COCO dataset using
different methods
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Table 2 Performance comparison of different methods on PASCAL

VOC DATASET
%2 AREFETE PASCAL VOC#RE FHIMBE LB
shot iR AP AR
Fine—Tuning 0.1 1.9
MAML 0.6 22
ONCE 24 122
> ES@IRS 4.8 325
Fine-Tuning 0.3 2.8
MAML 1.0 3.2
ONCE 2.6 11.6
10 SIS 5.1 33.6

(a) Original images

(a) JEA

(})) ONCE method
(b) ONCEJ5#s

(¢)  The proposed method
(e) ATk

Fig. 5 Visual detection results of new classes in PASCAL VOC datas-

et using different methods
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Table 3 Ablations experiment results

R3 HEXRER

. COCO ¥ii
shot ik G R
ResNet 0.7 6.3
ResNet+CBAM 0.8 12.9
1 IFSOD-AAFF 1.0 13.0
IFSOD-SAGK 1.3 16.7
IFSOD-AD 3.1 19.7
ResNet 1.0 7.4
ResNet+CBAM 1.2 15.1
5 IFSOD-AAFF 1.5 17.9
IFSOD-SAGK 1.9 20.7
IFSOD-AD 3.8 23.7
ResNet 1.2 7.6
ResNet+CBAM 1.3 17.3
10 IFSOD-AAFF 1.5 17.3
IFSOD-SAGK 1.8 21.0
IFSOD-AD 3.7 229
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