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Abstract: The fully supervised object detectors based on neural networks improve the performance of object detection by a
larg2 margin and make them more reliable for real-world applications. However, they are over-reliant on the amount of
annotated data. Considering that the workload for labeliig o bounding box is non-negiigible and the categories and
application scenarios are countless, it is difficult to collcct large-scale detection traiming datasets that can satisfy all
real-world applicaticns. 'hus, the weakly supervised object detector is designed to reduc: the annotation workload of object
detection by only requiring image category annotations for training. Recently, weakly supervised object detectors show
promising performances with the multiple instance learning (MIL) technique. In these methods, object proposals are
classified and aggregated into an image classification result, and objects are detected by selecting the bounding box that

contributes most to the aggregated image classification results among all object proposals. However, since weakly
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supervised object detection lacks instance-level annotations, how to differentiate an instance from a part of the instance or a
cluster of multiple instances of the same category still remains challenging. We propose to learn the ability to distinguish
instances by inserting detected objects with high confidence into an input image and generating the augmented image with
pseudo bounding box annotations for training the object detector. However, it is found that the 1.7ive random augmentation
method can not immediatel, improve the detection performsnce, owing to the following reascas: 1) the generated object
annotations are sourced from the detection results of the (atection head, and it easily leads to over-fitting when the generat>d
data is used to train the detection head itself; 2) the spatial distribution of the generated objects are often quite distinc: from
the real data, since the hyper-parameters of the insertion are all sampled from uniform distributions, resulting in
unreasonable augmented images (for example, a TV monitor is placed in the sky). To solve the above issues, the weakly
supervised object detection with probability-based multi-object image synthesis (ProMIS) approach is proposed in this work
with two iterative and interactive modules, namely the image augmentation module and the weakly supervised object
detection module. In each training iteration, objects are detectea in the original input image with the weakly supervised
object detector (to ensure che accuracy during the initial training, the detector is pre-trained ccording to its baseline method),
and the highly confident netected objects are stored in an object candidate pool for the i1otte: image augmentation. The image
augmentation module inserts one or more objects sampled from the object candidate pool to the input image for an
augmented training image with pseudo bounding box annotations. In this process, to make the augmented image reasonable
and realistic, the object category, position, and scale for the insertion are sampled from the estimated posterior probability
maps with the detected objects in this image as references. Tree kinds of posterior probabilities are proposed in the ProMIS
in charge of describing the category, spacial and scale relation of an object and another refeienced object, respectively.
These posterior probabilitics can be estimated online according 1> the objects detected in the previous training iterations and
the hyper-parameters o the newly inserted objects are assuimed to obey these posterior probabilities. Then, the detection
training module exploits the augmented image and its pseudo annotations to train the weakly supervised object detector In
the training process, to avoid over-fitting to the detected false positives, a new parallel detection branch is added to the
baseline weakly supervised object detection head. The augmented bounding box annotations are only used to guide the
newly added branch, while the original weakly supervised detection head is employed during the generation of the
augmented data and is trained with only image-level labels. In the inference process, only the added branch trained with the
augmented annotation is kept for zenerating the testing results, which keeps the efficiency of the weakly supervised object
detector in inference. The atsve image augmentation modwz and the weakly superviscd oyject detection module wori~
iteratively and interactively, and steadily facilitatc the weakly supervised object actector to learn the ability for
distinguishing instances. The proposed ProMIS is an online augmentation method and does not require any additional
images or annotations except the original weakly supervised detection training data. In addition, since the proposed approach
is independent of the selection of the weakly supervised object detector, the proposed augmentation paradigm is generalized
for all detector architectures. In the experiments, the effectiveness of the proposed parallel detection branch and the posterior
prohability maps is verified, and they improve the naive random augmentation method by 5.2% and 2.2%, respectively. The
nroposed ProMIS approach is applied to multiple previous veanly supervised object detectors (including OICR, SDCN, and
OICR-DRN), and compared with these baseline methods, it achieves an average of 2.9% 4.2%6 improvements on the Pas-al
VOC 2007 and the Pascal VOC 2012 datasets, respectively. Moreover, the error mode analysis is conducted and it is found
that the proposed rroMIS can decrease the error mode of the ground-truth in the hypothesis and the hypothesis in the
ground-truth, demonstrating that ProMIS make fewer mistakes when distinguishing instances from its parts or multiple
instances of the same category.

Key words: weakly supervised ohject detection; multi-object data augmentation; image synthesis; probability map sampling;

posterior probability estimaticn
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3.1 LBRE

BIRE A SCEWAEUE £ EbT 55 B Ak
K I (9560, BIPASCAL VOC 2007 (Everingham 4%,
2010) FIPASCAL VOC 2012 (Everingham %%, 2015).
PASCAL VOC 2007 £ 4 5 61459, 963 1@ KR . 24,
640 MR FI20 200 . %A Hm AR 735, 0111 &
B AH B I ZREGIE B2 AN 75 S04, 952108 G A4 F i)
R . PASCAL VOC 2012504 FE IR K e fE o
s, BRI AT IIGRIEE RS, 540
Mg G127, 450204k, MREE L HE10, 9911FH K& .
SEEGH, ARSI R IE AT SR, EETPI
GO BB PERE R bR 1D EUIZREGIESE B IE
eI R (CorLoc) (Deselaers %5, 2012) , 2)
MRS E PR CAPHIMAP) o Va2 0
X {EPASCAL VOC 200744 45 Fadk AT, FILA Ji%
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FEAFRE I RIS R 550 0T 1192001 15 S BE A HE 47 56 357
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Table 2 The effect of the detection branch based on the

augmented bounding boxes
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Table 3 The effects of estimating and sampling the posterior

probabilities

e & RE
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N~ o 44,2 CBEBL
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Fig.5 The influence of the number of inserted objects and the

overlapping ratio toleicnce on the detection performance
(mAP)
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TR X BLR BN SRS . thk4, /5. R

R 4 Pascal VOC 2007 WIS EASCRICH 7748 mAP (%) PEREXSLL
Table 4 Comparisons with the state-of-the-art on the Pascal VOC 2007 wost set

Uik %‘+I‘XI€ZTWI BE 5O M A BE M OB 4 = M B R N B AE DR KE F‘M'}ll mAP
LWSDDN (Bilen i Vedaldi, 2016) | VGG16 | ss 50.1 31.5 16.3 12.4 64.54_2.8 42.6 10.1 35.7 24.9 38.2 34.4 55.6 9.4 14.7 30.2 40.7 54.7 45. 91_34.8
MELM (Wan 2, 2019) VGG16 [55.6 66.9 34.2 29.1 16.4 08.8 68.1 43.0 25.0 65.6 45.3 53.2 49.6 68.6 2.0 25.4 52.5 56.8 62.1 7.1| 47.3
ZLDN (Zhang %, 2018) VGG16 |55.4 68.5 50.1 16.8 20.8 62.7 66.8 56.5 2.1 57.8 47.5 40.1 69.7 68.2 21.6 27.2 53.4 56.1 52.5 58.2| 47.6
GAL-fWSD512 (Shen 4, 2018 VGG16 |58.4 63.8 45.8 24.0 22.7 67.7 65.7 58.9 15.0 58.1 47.0 53.7 23.8 64.3 36.2 22.3 46.7 50.3 70.8 55.1| 47.5

(Wei %, 2018) V6G16 [59.3 57.5 43.7 27.3 13.5 63.9 61.7 59.9 24.1 46.9 36.7 45.6 39.9 62.6 10.3 23.6 41.7 52.4 58.7 56.6| 44.3
WSRPN (Tang 4, 2018 V6G16 [57.9 70.5 37.8 5.7 21.0 66.1 69.2 59.4 3.4 57.1 57.3 35.2 64.2 68.6 32.8 28.6 50.8 49.5 41.1 30.0| 45.3
ML-LocNet (Zhang %, 2018) VG616 [59.3 68.9 45.7 29.0 24.5 64.8 68. ' 59 3 18.6 49.1 50.2 43.1 65.8 70.2 19.9 24.3 48.1 54.2 62.8 41.8| 48.4
WS-JDS (Shen 4, 2019) 5616 [52.0 64.5 45.5 26.7 27.9 60. 5 47.8 59.7 13.0 50.4 46.4 56.3 496 0.7 25.4 28.2 50.0 51.4 66.5 29.7| 45.6
CMIL (Wan %, 2019) V6G16 [59.3 57.5 43.7 27.3 13.5 63.9 61.7 59.9 24.1 46.9 36.7 45.6 5.9 62.6 10.3 23.6 41.7 52.4 58.7 56.6| 44.3
OICR W-RPN (Kumar Al Lee, 2019) | VGGI6 | — —— — — —— — — — —— — — — —— | 469
Kosugi et al. (Kosugi %, 2019) | VGG16 [61.5 64.8 43.7 26.4 17.1 67.4 62.4 67.8 25.4 51.0 33.7 47.6 51.2 65.2 19.3 24.4 44.6 54.1 65.6 59.5| 47.6
CSC €5 (Shen 4, 2020) VGG16 |51.4 62.0 35.2 18.7 27.9 66.7 53.5 51.4 16.2 43.6 43.0 46.7 20.0 58.4 31.1 23.8 43.6 48.8 65.4 53.5| 43.0
OICR (Tang %%, 2017) VGG16 [58.0 62.4 31.1 19.4 13.0 65.1 62.2 28.4 24.8 44.7 30.6 25.3 37.8 65.5 15.7 24.1 41.7 46.9 64.3 62.6| 41.2
0ICK-ProMIS VGG16 [64.7 60.7 48.3 28.3 23.7 67.3 67.2 33.7 25.9 61.7 43.3 30.0 46.2 69.6 6.0 25.4 56,9 50.7 51.5 65.5| 46.4
:\CNIi 45, 2019) V676 [59.8 67.1 32.0 34,7 22.8 67.1 62.8 7.9 22.5 48.9 47.8 60.5 51.7 65.2 11.8 20.6 42.1 54.7 60.8 64.3| 48.%
SDCN-ProMIS VGG16 [54.9 70.0 48.7 22.0 26.4 701 66.6 71.0 28,0 59.2 40.0 56.3 52.1 67.3 19.7 27.8 49.0 53.2 59.9 66,9, 50.5
OICR-DRN (Shen %, 2020) ResNet50( 61.2 50.9 55.0 33.2 36,2 68.6 65.7 79.2 17.3 58.1 19.3 69.1 65.7 64.8 15.1 18.9 50.1 55.1 69.8 64.4| 50.9
OICR-DRN-ProMIS ResNet50( 61.7 52.9 59.7 31.2 27.4 73.7 68.4 73.0 21.5 68.6 20.2 72.4 58.4 65.0 19.2 22.6 55.4 48.7 61.9 66.9| 52.1
VE: I A Z S B A

2 5 Pascal VOC 2007 YIZREESR EASCRIEB J5¥ER CorLoe (%) HEREXSLL
Table 5 Comparisons with the state-of-the-art on the Pascal VOC 2007 trainval set

Tk 'EJ"+|‘XJE:—'FK.4‘J-L RSOy M A EE M OB 4 = M T EEE N R4 R OKE HAL| CorLoc
WSDDN (Bilen 1 Vedaldi, 2016) | V0516 [65.1 58.8 58.5 33.1 39.8 6“.3:2 59.6 34.8 64.5 30.5 43.0 568 8.4 25.5 41.6 61.5 55.9 65.9 63.7| u2. 5_
MELM (Wan 2, 2019) V6616 [ — — - — - N - - - - - - —"— - - — — — | 6L.4
ZLDN (Zhang %, 2018) VGG16 [74.0 77.8 65.2 37.0 46.7 75.8 83.7 58.8 17.5 73.1 49.0 51.3 76.7 87.4 30.6 47.8 75.0 62.5 64.8 68.8| 61.2
GAL-fWSD512 (Shen 4, 2018) VGG16 [78.6 81.9 63.6 40.3 48.8 80.7 85.3 76.3 30.3 78.0 54.5 65.3 48.4 86.5 56.3 46.9 76.0 68.1 83.9 73.1| 66. 1

(Wei %, 2018) VGG16 [84.2 74.1 61.3 52.1 32.1 76.7 82.9 66.6 42.3 70.6 39.5 57.0 61.2 88.4 9.3 54.6 72.2 60.0 65.0 70.3| 61.0
WSRPN (Tang 4, 2018) V6G16 [77.5 81.2 55.3 19.7 44.3 80.2 86.6 69.5 10.1 87.7 68.4 52.1 84.4 91.6 57.4 63.4 77.3 58.1 57.0 53.8| 63.8
ML-LocYet (Zhang %, 2018) VGG16 [78.6 82.3 68.2 42.0 53.3 78.5 88.F 70 3 36.4 70.2 60.5 58.0 80.5 88.2 38.8 59.2 75.0 69.0 78.2 64.5| 67.0
Wo-JD5 (Shen 4%, 2019) VGG16 [82.9 74.0 73.4 47.1 60.9 80.4 77.5 78.8 18.6 70.0 56.7 67.0 64.5 34.¢ 47.0 50.1 71.9 57.6 83.3 43.5| 64.%
CMIL (Wan 2%, 2019) V6616 | — — — — — — & - - (N - - = —  — - \65.0
OICR W-RPN (Kumar Ml Lee. 201:). | VGG16 | — —— - —— — — — — — — —— —— = — —— | 665
Kosugi et al. (Kosugi %, 2019) | VGG16 [85.5 79.6 68.1 55.1 33.6 83.5 83.1 78.5 42.7 79.8 37.8 61.5 74.4 88.6 32.6 55.7 77.9 63.7 78.4 74.1| 66.7
CSC €5 (Shen %, 2020) VGG16 [76.1 75.3 61.8 42.0 54.1 74.7 78.8 67.4 32.8 73.1 46.5 59.9 37.6 78.0 56.0 42.5 71.9 67.3 82.4 65.6| 62.2
OICR (Tang 4, 2017) VGG16 [81.7 80.4 48.7 49.5 32.8 81.7 85.4 40.1 40.6 79.5 35.7 33.7 60.5 88.8 21.8 57.9 76.3 59.9 75.3 81.4| 60.6
OICR-ProMIS VGG16 [89.2 72.2 65.5 51.6 45.4 79.7 86.5 44.5 37.9 83.6 45.6 41.2 74.8 89.2 8.4 59.7 83.5 58.9 65.4 81.7| 63.3
SDON (Li 4%, 2019) VG516 85 83.1 56.2 58.5 44.7 80.2 85.0 77.9 29.6 78.8 53.6 74.2 73.1 88 4 :7 57.5 74.2 60.8 76.1 79.2| 66.8
SDON-ProMIS VGG1S [80.4 84.7 72.4 49.5 48.1 82.8 85.0 83.7 44.2 79.5 47.5 72.1 711 62 2 42.3 54.9 70.1 57.5 75.3 83.2] 7
OICR-DRN (Shen %, 2020) ResNet50(75.9 65.6 70.9 56.9 500 ¢1.G 86.8 83.8 33.0 79.5 27.3 79.9 81.7 81.0 30.4 45.0 85.5 72.2 79. 1 81.43[ 67.4
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Trik HFMSH BFE 5 M M

N BE MR 4 R M 5 RN @R A Wk KHE L Corloc

OICR-DRN-ProMIS

ResNet50|85.0 68.1 75.3 53.1 44.7 83.2 88.0 78.9 37.1 85.2 26.3 80.1 81.6 87.6 32.4 46.2 84.2 65.6 74.0 83.5| 68.0

e IR A TR -
& 6 Pascal VOC 2012 FIEEE -4 T EH H7¥EH mAP
(%) + CorLac “%) HEREXTEL

Table 6 Comparisons with the state-of-the-art on the Pasca!

VOC 2012 dataset
Jiik HTML | mAP CorLoc
MELM (Wan %%, 2019) VGG16 42. 4 -
ZLDN (Zhang %%, 2018) VGG16 42.9 61.5
GAL-fWSD300 (Shen %,
VGC16 43.1 67.2
2018)

(Wei %%, 2018) VAG16 40.0 64. 4
WSRPN (Tang %%, 2018) VGG16 40.8 64.9
ML-LocNet (Zhang %,

VGG16 42.2 66. 3
2018)
WS—-JDS (Shen %, 2019) | VGG16 39.1 63.5
CMIL (Wan %%, 2019) VGG16 46.7 67.4
0ICR* W-RPN ( Kumar #ll

V4G16 43.2 67.5
L~e, 2019)
Kosugi et al. (Kosugi
N VGG16 43. 4 66. 7
2, 2019)
CSC (Shen %%, 2020) VGG16 37.1 61.4
OICR (Tang %%, 2017) VGG16 37.9 62. 1
OICR-ProMIS VGG16 42.3 64. 3
SDCN (Li %%, 2019) VGG16 43.5 67.9
SDCN-ProMIS VAG.a 50.5 72.6
OICR-DRN(Shen %%, 2020) | rR=sNet50 49.7 71.2
OICR-DRN-ProMIS ResNet50 50.9 72.5

e I AR F B A

67 I, fEPascal VOC 2007. Pascal VOC 201234/
£ E o s 3R AR AT R AE A 774, mAPF
YI3RAT 72.9% 42%M$EFF. XTOICR. SDCNAI
CIC2-DRN 553 I R AR SCHIE T I 07, 18
Pascal VOC 200744 45 I, mAPFRFx o)) LR 285

IR TF5.2%. 2.2%A111.2%, CorLoctfhr) i) b Jk 2k
B TE2. 7% 1.9%H10.6% . £ Pascal VOC 2012
¥ ¥% #£ L, ProMIS J7 ¥ 7 OICR . SDCN Al
OICR-DRN Tk IFERE F, mAPTEFRZ: B4 T+4.4%-
7%F11.2%, CorLoct845 737l bt I 28 42 F2.7%
4.7%M1.3%. ERSLIEER, UEW] T AR SCHE Y
ProMIS J5 V25 22 Rl S 28 vk I (1038 FH 1tk R0 A R
MER FRE, ARCRRH M2 YR RS 7
AR RIS 0 EISA iR, AVGG16 A TN
7% fF Pascal VOC 2007 ¥4 £ F )25 R mfl, Hrp
OICR-ProMISFISI>CN-ProMISH2 FH 5 A B (i F /2 -
ST “8” BRI T+17.2%. +16.7%HI$E 7,
CAT RO RIERAR T H17.0% +10.3%H4R T, “4E
7R RIRE T +15.2%. +6.9%MHRTF, 5%,
XL T A2 2 A [R] WA SR AR I SR R L )
255, LA WL, ProMISAT B T2 T+ A — 285 £ 4
S 2 T8 B AT X 431 o 5441 » OTICR-ProMIS S T A7,
SDCN-ProMISXf T “fid” MIVEREA BT FF%, 125
AT 2 0T 82 114 553 B B2 000 B0 92 o 3 12 248 1) ) e ) A
B H—8m 2z, R EM RS B
Klofix, OICRATHII “ N7 KB4 rER X
B, Ad X e ZE R A = AR I T R S, B

Kl 6 OICR i tify “ N7 1L FHHE
Fig.6 The detected “person” bounding box from the OICR

detector
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(a) OICR (b) OICR-ProMIS
Bl 8 (a) O1TR J7VZRIAR SCHE H 1) (b) OICR-ProMIS J7 ARl 25 1y =] WAk,
Fig.8 The risualization of the detection results of the (a) OICR and (b) QICR-ProMIS
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(c) SDCN

(d) SDCN-ProMIs

&l 9 (a) OICR. (b) OICR-ProMIS. (c) SDCN. (d) SDCN-ProMIS 4Rz (5 L/
Fig.9 The error mode analysis of the (a) OICR, (b) DICR-ProMIS, (c) SDCN, and (d) SDCN-ProMIS
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