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Few-shot object detection via online inferential
calibration

Peng Hao"’, Wang Wangqi'?, Chen Long'’, Peng Xianrong'*, Zhang Jianlin',
Xu Zhiyong', Wei Yuxing', Li Meihui'

!Institute of Optics and Electronics, Chinese Academy of Science, Chengdu, Sichuan 610209, China;
?University of Chinese Academy of Science, Beijing 100049, China

Abstract: Considering that the model is easy to overfit and cause the target misdetection and missed detection
under the condition of few samples, this paper propose the few-shot object detection via the online inferential calibration
(FSOIC) based on the two-stage fine-tuning approach (TFA). In this framework, a novel Attention-FPN network is
designed to selectively fuse the features by modeling the dependencies between the feature channels, and direct
the RPN module to extract the correct novel classes of the foreground objects in combination with the hierarchical
freezing learning mechanism. At the same time, the online calibration module is constructed to encode and
segment the samples, reweight the scores of multiple candidate objects, and correct misclassifying and missing
objects. The experimental results in the VOC Novel Set 1 show that the proposed method improves the average
nAP50 of the five tasks by 10.16% and performs better than most comparisons.

Keywords: few-shot object detection; attention-FPN; feature channels; hierarchical freezing; online calibration;
RPN
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Fig. 9 Detection results under the occlusion conditions in the 10 shot task
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Table 2 Experimental settings of the dataset

Dataset Shot Number of categories Initial learning rate  Batch_size  Decay ratio of learning rate  Number of attenuation Iterations

1 0.1 1 6000

2 0.1 1 7000

VvOC 3 20 0.001 16 0.1 2 8000
5 0.5 2 9000

10 0.5 2 13000

10 30000

coco 80 0.001 16 0.3 1

0 40000

A3 R B AR A VOC 31 £ R4 69 M AT i R

Table 3 Performance analysis and comparison of the few shot object detection algorithm in VOC new class partition sets

Novel Set 1 Novel Set 2 Novel Set 3

Method Year
1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
LSTD" AAAI 18 8.2 1.0 124 291 385 14 38 50 157 31.0 126 85 150 273 36.3
MetaDet"” ICCV19 189 206 302 36.8 496 218 231 278 317 43.0 206 239 294 439 441
Meta R-CNN" ICCV19 199 255 350 457 515 104 194 296 348 454 143 182 275 412 481
RepMet™” CVPR19 26.1 329 344 386 413 172 221 234 283 358 275 311 315 344 372
FSRW! ICCV19 148 155 26.7 339 472 157 153 227 30.1 405 213 256 284 428 459
FSDetView!"” ECCV20 242 353 422 491 574 216 246 319 37.0 457 212 30.0 372 43.8 496
TFA w/cos™! ICML20 39.8 36.1 44.7 557 56.0 235 269 341 351 391 308 348 428 495 498
MPSR®" ECCV20 417 - 514 552 618 24.4 - 39.2 399 4738 35.6 - 423 48.0 497

TFA w/cos+Halluc™® CVPR21 451 440 447 550 559 232 275 351 349 390 305 351 414 49.0 493
TIPH" CVPR21 277 365 433 502 596 227 301 338 409 469 217 306 381 445 509
FSCE® CVPR21 442 438 514 619 634 273 295 435 442 502 372 419 475 546 585

Retentive R-CNN*!  CVPR21 424 458 459 53.7 56.1 217 278 352 370 403 302 376 43.0 49.7 501

Meta-DETR® IEEE22 351 49.0 532 574 620 279 323 384 432 518 349 418 471 541 582
AGCM® IEEE22 403 - - 585 599 275 - - 493 506 421 - - 542 58.2
FSOIC(Ours) 46.6 534 56.6 620 645 257 305 43.8 459 533 424 449 495 56.6 588
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Table 4 Performance analysis and comparison of few shot object detection algorithms in the COCO datasets

Novel AP
Method Year

10 30

LSTD ¥ AAAI 18 3.2 6.7

FSRW ¥ ICCV 19 5.6 9.1

MPSR"" ECCV 20 9.8 14.1

TFA w/cos Y ICML 20 10.0 13.7

Retentive R-CNN *” CVPR 21 10.5 13.8

FSCE® CVPR 21 11.9 16.4

FSOIC(Ours) 12.7 16.7

A5 ek ai bR
Table 5 Comparison of the ablation experimental performance
Novel Set1
Method FPN+4*ROI Finetune RPN Online calibration Attention of channel
1 3 10

TFA w/cos™” 39.8 44.7 56.0
FSOIC(Ours) \ x x x 43.6 52.2 62.5
FSOIC(Ours) 3 \ x x 441 53.0 63.2
FSOIC(Ours) v v \ x 457 54.2 64.2
FSOIC(Ours) \ x \ \ 46.2 54.9 62.8
FSOIC(Ours) \ x/ x \ 447 54.0 61.7
FSOIC(Ours) \ \ \ \ 46.6 56.6 64.5

A3 SRR AT 83 LA B AR AR I 3 G I 5 SR A 7
P, HrhE 10(a). (b). (c) 4391k TFA wicos™ &
Wi HAE AW R AT L) R fif A 2 HE B
MR H IE RN Attention-FPN R RGN 25 5 %
FelE 10 vTRAEE], 10(a) iR B ARFE 10(b) H 8
Kbk, B BRI a8 KIEs T it
TATRTLIAG S, FERHEWTC RIS, AT LI R fdHe H
FrifAs: 5 HARPEr AR R 8, 10(b) HiTor 3
HAs, 7€ 10(c) T HFRFEA R 22T, H 10(c)
HRI TR AL & T 5D, e IR, AR
TESIA Attention-FPN Ji5, & W 2% 4t 9 R 1iE T L
AHEEEMNEUER, (5 RPN A g5 0 5 i B 2%
RUSCHE, DI (125 | 5 F00 Sk 0 5 4 SRS 1 11 Fo0 0 A
AT = HARITS3

5 B %

D gk R /N AR ) 8 A 5 R R, A SO
TFA wicos'! B #EA AL . ASCHEVIZBBL, BIA
Attention-FPN Fl1Z 41 ROI #5dk , FF{# Fl 43 IR 45 1
72 S G RPN 7 B A, R TH R 28 0 2
FALRIAE ST s fE AR TUMET B, FIA P R
XBERE F R BN 23 14746 TE I DB I B AR ) e
HE, ZIEREHK H s ; Gl %R RPN BRI R A ik
FARHERY R, W 2 A FARHEEATRUE, st te
BRI AL . SCER AT RR], A SCHR Y FSOIC 5k
AREPET TR S AR/ EAS B S ASIIAT 55 A PR RE
ARSI T —25 TAE% X RPN BBt A Tk, RH
XURPN &544, 73 5% 3628 F AR BT 28 HARZEA T 4Rk
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Fig. 10

10 shot (=4 Fe94em4E K. (a) AT TFA #9 Faster R-CNN M4 R, (b) 425 £ KR BTBREAEE 69 Faster
R-CNN W #iml4s £, () 18 fE KA BB AES: 5F o m Attention-FPN W 449 Faster R-CNN F) 445 4 %
10 shot task detection results. (a) Detection results of the Faster R-CNN network based on TFA; (b) Detection results of the Faster R-

CNN net work using the online inference calibration module; (c) Detection results of the Faster R-CNN network using
the online inference calibration module and adding the Attention-FPN network
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Few-shot object detection via online
inferential calibration

Peng Hao'’, Wang Wangqi'’, Chen Long"’, Peng Xianrong",
Zhang Jianlin', Xu Zhiyong', Wei Yuxing', Li Meihui'
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Overview: The success of the deep detection model largely requires a large amount of data for training. Under the
condition of fewer training samples, the model is easy to overfit and the detection effect is unsatisfactory. In view of the
model that is easy to overfit and cause the target misdetection and missed detection in the absence of training samples,
we present the Few-Shot Object Detection via the Online Inferential Calibration (FSOIC) framework by using the Faster
R-CNN as detector. Through its excellent detection performance and powerful ability to distinguish the foreground and
background, it effectively solves the problem that the single-stage detector cannot locate the target when the training
samples are scarce. The bottom-layer features have a larger size and stronger location information, but the lack of global
vision leads to weak semantic information, while the top-layer features are the opposite. To make full use of the sample
information, the framework is designed to possess a new Attention-FPN network, which selectively the fuses features
through modeling the dependencies between the feature channels, and directs the RPN module to extract the correct
novel classes of the foreground objects by combined with the hierarchical freezing learning mechanism. The channel
attention mechanism compresses the feature map and spreads it into a one-dimensional vector for sigmoid through two
fully connected layers. The weight is generated for each feature channel, and the correlation between each channel is
established. The weight of the input features is allocated according to the category, and the dependence relationship
between each channel is modeled. Due to the closed nature of the neural network, simple feature fusion is uncertain, and
it is difficult to fuse the feature map in a satisfactory direction. To the imbalanced sample features, the candidate targets
of the new class are scored too low and filtered in the selection of the prediction box, resulting in false detection and
missed detection of the detector. We designed the online calibration module that segmentes and encodes the samples,
scored the re-weighted the multiple candidate objects, and corrected the misdetected and missed predicted objects. The
performance of our detection algorithm performs better than most comparisons. The experimental results in the VOC
Novel Set 1 show that the proposed method improves the average nAP50 of the five tasks by 10.16% and performs better
than most comparisons.
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