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Few-shot Object Detection Via Aggregation-reconstruction Data Augmentation and Multidi-
mensional Feature Knowledge Transfer

WU Jigjun, WANG Yi,ZHU Songhao
{ College of Automation,Nanjing University of Posts and Telecommunications, Nanjing 210023 ,China)

Abstract : In recent years,object detection has received widespread attention and research and has achieved many results. However, to
obtain a high-performance detection model,a large number of labeled samples are required for training. In sharp contrast,humans can
quickly learn new knowledge with only few examples. To narrow the gap between these two ,few-shot object detection has received in-
creasing attention. The few-shot object detection method aims to achieve new class knowledge through a limited number of annotated
samples , without catastrophically forgetting previously learned base class knowledge , thereby improving the performance of new class
detection. However , existing few-shot object detection methods have the following problems: 1) Excessive focus on model accuracy
while neglecting model efficiency ;2 ) Only focusing on model classification performance while neglecting model localization perform-
ance. To address these issues,this paper proposes a novel few-shot object detection method based on aggregation-reconstruction data
augmentation and multidimensional feature knowledge transfer. Specifically ,an aggregation reconstruction data augmentation strategy is
proposed, which extracts specific objects from generated images, scales them,and aggregates them into randomly selected base class
samples. This enhances the model’s generalization ability to different datasets while increasing data diversity and alleviating data scar-
city. Then,a semantic feature knowledge transfer strategy is proposed to achieve ideal initialization of classifier weights and improve
model convergence speed,and a localization feature knowledge transfer strategy is proposed to improve the model’s localization abili-
ty. The experimental results demonstrate that the proposed method performs well in few-shot object detection tasks and has certain
competitiveness compared to existing methods.

Keywords ; few-shot object detection; fine-tuning ; multidimensional feature knowledge transfer; aggregation-reconstruction data en-
hancement
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Table 1 Detection results of different methods on PASCAL VOC with the evaluation metric of nAP50
Method Group 1 Group 2 Group 3
1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
FSCE!®! 44.2 43.8 51.4 61.9 63.4 23.7 30.6 38.4 38.4 48.5 37.2 41.9 47.5 54.6 58.5
TFA w/cos! 2! 39.8 36.1 44.7 55.7 56.0 23.5 26.9 34.1 35.1 39.1 30.8 34.8 42.8 49.5 49.8
MPSR [21- 41.7 43.1 51.4 55.2 61.8 22.4 29.3 39,2 39.9 47.8 35.6 40.6 42.3 48.0 49.7
SRR-FSOD![*! 47.8 50.5 51.3 55.2 56.8 32.5 353 39.1 40.8 43.83 40.1 41.5 44.3 46.9 46.4
UP-FSOD! %! 43.8 47.8 50.3 55.4 61.7 31.2 30.5 41.2 42.2 48.3 35.5 39.7 43.9 50.6 53.3
MLAD!#] 48.7 54.9 55.9 61.8 66.5 39.1 43.5 47.5 50.1 54.7 41.9 46.1 48.2 55.6 56.5
FSNAI%] 43.8 47.4 50.8 57.4 60.3 23.9 32.3 37.9 40.2 41.8 34.0 40.7 45.5 52.3 54.0
D&R (%) 41.0 51.7 55.7 61.8 65.4 30.7 39.0 42.5 46.6 51.7 37.9 47.1 51.7 56.8 59.5
Our Method 49.1 55.6 57.1 62.9 67.1 38.9 42.1 48.3 51.7 56.1 44.1 47.5 52.7 59.5 61.5
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Table 2 Detection results of different methods on base class
and new class in the first group of PASCAL VOC

Group 1
Method 3 10

bAP nAP bAP nAP
FSCE!®] 74.2  50.1 76.6  61.7
TFA w/cos-2- 79.1  44.7 78.4  56.0
MPSR -2 67.7  50.8 71.2  61.1
SRR-FSOD[#! 78.2  51.3 78.2  56.8
UP-FSOD! % 66.3  50.3 69.7  61.7
FSDetView!?"] 65.9  42.2 69.1  57.4
FRCN + ft-full -2’ 66.1  29.0 66.0  45.5
Meta R-CNN[?* 64.8  35.0 67.9  51.5
Model trained on base class 81.0 - 81.0 -
Our Method 78.5  57.1 78.9  67.1
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Table 3 Experimental results of different methods on COCO

Method 10-shot 30-shot

AP APT5 AP API5
FSCE[®- 11.9 10.5 15.8 14.7
TFA[] 10.0 9.3 13.7 13.4
MPSR (2! 9.8 9.7 14.1 14.2
AirDet[?- 13.0 12.4 - -
TeSNet[] 14.1 14.0 16.5 17.4
UNpPBU 12.3 11.5 15.3 14.8
Ours 14.7 15.2 16.7 17.5
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Table 4 Ablation results of the semantic feature knowledge transfer strategy on PASCAL VOC

Group 1 Group 2 Group 3
Method
1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
TFA w/cos 39.8 36.1 44.7 55.7 56.0 23.5 26.9 34.1 351 39.1 30.8 34.8 42.8 49.5 49.8
TFA w/cos + ST 45.5 52.9 53.5 58.8 63.2 34.5 36.5 4.1 48.1 51.7 40.6 4.5 48.7 55.1 57.2
Improvement +5.7 +16.8 +8.8 +3.1 +6.8 +11.0 +9.6 +10.0 +13.0 +12.6 +9.8 +9.7 +5.9 +5.6 +7.4

T ST HUFRET UAME AR R SR IS
#5 7E PASCAL VOC ¥4 bHR SLHEs 3
Table 5 Ablation results of the localization feature knowledge transfer strategy on PASCAL VOC

Group 1 Group 2 Group 3
1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
TFA w/cos + ST(wo LT) 45.5 52.9 53.5 58.8 63.2 34.5 36.5 4.1 48.1 51.7 40.6 44.5 48.7 55.1 57.2
TFA w/cos + ST(w LT) 46.9 53.1 54.5 59.2 63.9 35.9 37.1 45.2 49.0 52.9 41.1 45.2 49.6 56.5 58.1
Improvement +1.4 +0.2 +1.0 +0.4 +0.7 +1.4 +0.6 +1.1 +0.9 +1.2 +0.5 +0.7 +0.9 +1.4 +0.9
TR LT AR MAFE MR L.
# 6 £ PASCAL VOC $fi4k R G BB ML LR
Table 6 Ablation results of the aggregation-reconstruction data augmentation strategy on PASCAL VOC

Method

Group 1 Group 2 Group 3
1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
+SL(wo Aug) 46.9 53.1 54.5 59.2 63.9 35.9 37.1 45.2 49.0 52.9 41.1 45,2 49.6 56.5 58.1
+SL(w Aug) 49.1 55.6 57.1 62.9 67.1 38.9 42,1 48.3 51.7 56.1 44.1 47.5 52.7 59.5 6l1.5
Improvement +2.2 +3.5 +2.6 +3.7 +3.2 +3.0 +5.0 +3.1 +2.7 +3.2 +3.0 +2.3 +3.1 +3.0 +3.4
I “SL R RAHE AR

Baseline f

L,; ‘nz.

Method

(b)PASCA%Sz%
B4 ARRIFETER, (a) FI(b) B BBy MAR T ST R , T B s SO B R 45 2R
Fig.4 Visualization results of different methods,the upper figures of (a)and (b)are the detection results of the baseline,

and the lower figures are the detection results of the proposed method
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Fig.5 Visualization results of the ablation experiment
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Table 7 Computational complexity of different methods

Time
Method Parameters  FLOPs -
Train[ h] Infer[ s ]
MPSR 82.12M  479.9G 1.503 0.086
FSCE 60.64M  252.3G 1.849 0.074
TFA w/cos 60.64M  252.3G 8. 860 0.073
Ours 60.37M  252.2G 0.673 0.071
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