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Few—Shot Object Detection Algorithm in Remote Sensing Images Based
on Contrastive Learning

LI Zonglin, FU Ying
(College of Computer, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: Aiming at the problem that the current remote sensing image object detection algorithm relies on large—scale labeled datasets to per-
form well, and the accuracy rate is low when detecting novel classes, a new remote sensing image few—shot object detection model is proposed
based on the classic detection model Faster—RCNN. First, the model effectively alleviates overfitting on balanced sub-datasets by introducing
meta—training methods. Second, it utilizes contrastive learning in the hyperspace to assist the model in better encoding novel class objects and
base class objects, thereby achieving more accurate object classification. This approach improves the detection performance on novel class ob-
jects while mitigating the catastrophic forgetting caused by the introduction of novel classes. In addition, a non—-maximal suppression algorithm
suitable for few—shot object detection scenario is proposed to effectively solve the repeated detection of the same object. Experimental results
on the large—scale benchmark dataset DIOR show that, compared with the suboptimal network MM-RCNN , the proposed method improves the
accuracy of new class by 3.5%, base class by 8.7%, and all classes by 6.4% . At the same time, the effectiveness of the method is further
proved by NWPU VHR-10 dataset.
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Fig. 1 Different classes of objects in remote sensing images
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Fig. 2 Model structure of the proposed method
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Fig. 3 The branch of supervised contrastive learning
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Fig. 4 Repeated detection of the same object
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Table 1 Comparison table of categories contained in different seg-
mentation groups of DIOR dataset
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Table 3 Comparison of detection results of different methods on DI-
OR dataset (Splitl and Split2)
#3 AEFHETEDIOR ##E5E _F# 4 R L% (Splitl 5 Split2)

Split 1 Split 2
e N ES I I S
Faster RCNN 0 0.459  0.344 0 0.457 0343

Shot Tk

YOLOX 0 0465 0349 0 0451 0338
RepMet 0.113 0478 0387 0.052 0.496 0.385

TFA 0.116 0.477  0.387 0 0488 0366

FSCE 0.123  0.489 0398 0.096 0478 0.383

3 Meta YOLO  0.075 0.494 0.389  0.048 0.485 0.376
Meta RCNN ~ 0.140 0.463 0382  0.105 0.482  0.388
P-CNN 0.180 0.470 0.398 0.145 0.489  0.403
MM-RCNN  0.198 0472 0.404 0.156 0487  0.404
ARSI 0.182 0.615 0497 0.144 0.612 0.495

Faster RCNN 0 0441 0331 0 0463 0347
YOLOX 0 0456 0342 0 0488 0366

RepMet 0.113 0.494 0399 0.056 0.511 0.397

TFA 0.162 0.488 0407 0.036 0.495 0.380

FSCE 0.178 0.496 0.417 0.086 0.498  0.395

> Meta YOLO ~ 0.121 0.497 0403  0.070 0.468  0.369
Meta RCNN  0.168 0.482 0404 0.125 0.502  0.408
P-CNN 0.228 0484 0420 0.149 0491  0.406
MM-RCNN  0.239 0488 0.426 0.155 0499 0.413
ARTEE - 0216 0589 0496  0.156  0.598  0.488

Faster RCNN 0 0442 0332 0018 0432 0329
YOLOX 0 0481 0361 0 0501 0376

RepMet 0.121 0.493 0400 0.059 0512  0.399

TFA 0229 0.492 0426 0.052 0.485 0.377

0 FSCE 0.239 0.504 0438 0.084 0.506 0.401
Meta YOLO ~ 0.181 0.495 0417 0.090 0.464 0.371

Meta RCNN  0.220 0.494 0426  0.153 0.503 0.416
P-CNN 0276 0.509 0451 0.189 0.525 0.441
MM-RCNN  0.288 0.501  0.448 0201 0.521  0.441

ES @RS 0316 0.594 0525 0.195 0.598 0.497

Faster RCNN  0.071 0458 0361 0.018 0463 0352
YOLOX 0.081 0471 0374 0.035 0478 0.367

RepMet 0.122 0.486 0395 0.068 0.504 0.395

TFA 0237 0491 0428 0.078 0.485 0.383

% FSCE 0245 0.509 0443  0.089 0.493  0.392

Meta YOLO ~ 0.220 0.500 0.430 0.141 0435 0.362
Meta RCNN 0243 0493 0431 0205 0.523 0444
P-CNN 0296 0.522 0466 0228 0516 0.444
MM-RCNN 0308 0.529 0.474 0239 0.525 0454
ARSI 0333 0598 0.532 0251 0596 0.497
R R, IR R 2R AR -
i 3 R 4 v A AL S 1) H R KL Faster R—-CNN Al
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Table 4 Comparison of detection results of different methods on DI-
OR dataset (Split3 and Split4)
#4 AEAHETEDIOR HHESE _E#NLE R 3T bk (Split3 5 Split4)
Split 3 Split 4
FEE SV GES I I G ES
Faster RCNN 0 0.510  0.383 0 0.484  0.363

Shot WiRES

YOLOX 0 0521 0391 0 0503 0377

RepMet 0.055 0.487 0379 0.109 0474 0.383

TFA 0.111 0519 0417  0.094 0.490 0.391

3 FSCE 0.125 0.526 0426 0.105 0512 0410
Meta YOLO ~ 0.078 0455 0.361  0.037 0482 0.371

Meta RCONN  0.122  0.495 0402 0.116 0.504  0.407
P-CNN 0.165 0.495 0413  0.152 0.498 0412
MM-RCNN  0.167 0504 0420 0.164 0517  0.429
AT 0166 0634 0517 0.149 0561  0.458

Faster RCNN 0 0487 0365 0 0518 0.389
YOLOX 0 0513 0385 0 0503 0377

RepMet 0.057 0.496 0386 0.116 0.492 0.398

TFA 0.138 0.524 0428 0.096 0.496 0.396

FSCE 0.149 0.544 0445 0.111 0508  0.409

> Meta YOLO ~ 0.137 0479  0.394 0.068 0.485  0.381
Meta RCNN ~ 0.154 0.500 0414 0.136 0512 0418
P-CNN 0.188 0.499 0421 0.175 0.499 0418
MM-RCNN  0.197 0495 0421 0.187 0507 0.427
AICHYE 0227 0651 0545  0.189 0567 0.473

Faster RCNN 0 0491 0368 0 0508 0381
YOLOX 0 0512 0384 0 0510 0383

RepMet 0.074 0523 0411 0.128 0.505  0.411

TFA 0.146 0.528 0433 0.114 0485 0.392

FSCE 0.171 0517 0431 0.136 0.497  0.407

10 Meta YOLO ~ 0.138 0445 0368 0.072 0457  0.361
Meta RCONN 0203 0.522 0442 0.170 0.523 0435
P-CNN 0234 0521 0449 0.189 0517 0435
MM-RCNN 0250 0524 0456 0203 0521  0.442
ARICHTP: 0243 0624 0529 0220 0.546  0.465

Faster RCNN  0.112 0485 0392  0.024 0452 0.345
YOLOX 0.157 0.509 0421 0.081 0511  0.404

RepMet 0.078 0.524 0413 0.167 0.535 0.443

TFA 0.189 0.524 0440 0.128 0.502  0.401

- FSCE 0204 0.541 0457 0.142 0515 0422

Meta YOLO  0.185 0435 0373  0.122 0444  0.364
Meta RCNN 0263 0537 0469 0220 0534 0456
P-CNN 0288 0531 0470 0257 0523 0457
MM-RCNN 0305 0536 0478 0271 0531  0.466
AXJTE 0316 0621 0545 0280 0539 0474
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Table 5 Comparison of detection results of different algorithms on
NWPU VHR-10 dataset (AP50)
%5 AEEEENWPU VHR-10 HEE ER &R ILE (APS0)

Shot J5 KL WERY MBI Y
Faster RCNN 0 0 0 0

YOLOX 0.03 0 0 0.01

TFA 0.12 0.61 0.13 0.29

FSCE 0.13 0.58 0.11 0.27

PAMSDet 021 0.76 0.16 0.37

} Meta YOLO 0.13 0.12 0.11 0.12

FSODM 0.15 0.57 0.25 0.32

Meta RCNN 0.18 0.61 0.20 0.33

MM-RCNN 0.23 0.81 0.24 043

ES @RS 0.15 073 0.44 0.44

Faster RCNN 0.11 0.24 0.06 0.14

YOLOX 0.15 0.21 0.09 0.15

TFA 0.51 0.78 0.19 0.49

FSCE 0.48 0.76 0.16 0.47

PAMSDet 0.55 0.88 0.20 0.55

> Meta YOLO 0.24 0.39 0.11 0.24

FSODM 0.58 0.84 0.16 0.53

Meta RCNN 0.50 0.83 0.17 0.50

MM-RCNN 0.57 0.89 021 0.56

AR5 0.59 0.71 0.51 0.60

Faster RCNN 0.34 0.58 0.21 0.38

YOLOX 0.36 0.61 0.25 0.41

TFA 0.60 0.85 0.49 0.65

FSCE 0.57 0.82 0.46 0.62

PAMSDet 0.61 0.88 0.50 0.66

10 Meta YOLO 0.20 0.74 0.26 0.40

FSODM 0.60 0.88 0.48 0.65

Meta RCNN 0.50 0.83 0.45 0.59

MM-RCNN 0.63 0.90 0.51 0.68

A 0.68 0.89 0.60 0.72
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Fig.5 Comparison of accuracy before and after adding the novel class
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Table 6 Ablation experiment results 1 on DIOR dataset
&6 7EDIOR¥IEE LML R]

AP AR
X A% e — — ‘
Bk FHA S HA

0.14 0.51 0.19 0.55

J 0.32 0.59 0.39 0.65

TN FORAEA SO B PR A e

1 2 6 TTAT, I AT H oy SE A HO B 28 5 3 25
mAP {3 SR TF T 18% F1 8% , mAR {H 53 BRI+ T 20% Fi
10% , A & 8E & T2 i HEmf 22, Sk 1% L4 3y AT A7
PS5 8
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Table 7 Ablation experiment results 2 on DIOR dataset
&7 7EDIORHIRE LHRISSIEER 2

AP AR
Shot BT M™% Neck Rol N N N N
J J 0.27 0.58 032  0.64
N N 028 058 034  0.63
10
J J 0.27 0.57 0.33 0.65
J N N 0.32 0.59 0.39 0.65
N N 0.28 0.56 0.34 0.65
J J 0.31 058 036 062
20
N N 0.29 0.58 0.34 0.64
J J J 034 060 042 067
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Fig. 6 Comparison of detection results on DIOR dataset
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Fig.7 Detection results comparison of the NMS algorithm in this pa-

per and the classical NMS algorithm
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Fig. 8 Detection result of the proposed method on NWPU dataset
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