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concl.1:

Positive anchors cannot always ensure
accurate regression results.

(26% in this case)



Ratio of negatives to high-performance samples
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concl.2:

The initial negative sample may achieve high-
quality regression results, but cannot be
utilized effectively.

(58% in this case)



Classification Confidence
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concl.3:

The loU-based label assignment strategy will

lead to <a:p:o;s-i£iv correlation“between the

- mmm e

classification score and the initial localization
ability of the anchor.
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Classification Confidence
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concl.4:

The weak correlation between the loc ability
of the prediction and the classification score
leads to inconsistencies between classification

and reqgression.
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IoU between regression boxes and GT boxes

Unreasonable label assignment
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Methods

]

Why not directly use the output IoU as the standard
for label assignemnt?

))

« Output loU judgment is unreliable at the

beginning of training.

« interference in special circumstances.



Methods

_______

g “\‘ AN > p— . - . S ’Y
(ma= % md=c«a-sa+ (1 —«) - fa—u
i anchors hhf“
' « S denotes spatial alignment ability
| DAS |
i T | * fa denotes feature alignment ability

_______________________________

* U denotes regression uncertainty 2!;
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Experiments

I

1 ) Ablation study

2 ) OBB datasets

3 ) HBB datasets

l

Component-wise ablation
Hyper-parameters
With other label assignment methods

Remote Sensing: DOTA, HRSC2016, UCAS-AOD
Scene Text: ICDAR2015

Single class: ICDAR2013,
Multi classes: VOC2007, NWPU VHR -10




Experiments

Component-wise

Different Variants AnaIySIS
with Input ToU v v v v C e :
with Output ToU v v v  Penalty of loU variation is the key to effective
Uncertainty Supression oo v use of feature alignment information.
Matching Sensitive Loss v
APs 80.8___78.9__ 859 _ 88.6 . . N .
AP75 7524 504 577 676 « Greatly improved high-precision detection

performance (described by AP75)

Table 1: Effects of each component in our method on
HRSC2016 dataset.



Experiments

Component-wise

v | a mAP o« mAP a mAP
0.2 84.1 0.2 8&8.1 0.2 &7.3
0.3 88.3 0.3 88.2 0.3 88.6
3105 86.2 0.5 855 0.5 88.4
0.7 84.1 0.7 719 0.7 88.1
0.9 70.1 0.9 755 0.9 835

Table 2: Analysis
HRSC2016 dataset.

of different hyperparameters

Analysis

« alpha increases as gamma increases
« alpha = 0.3, gamma =5



Experiments

Compared with other methods

Baseline (Yang et al. 2018) HAMBox(Liu et al. 2020) ATSS(Zhang et al. 2020b) \ DAL(Ours)

80.8 82.2 85.4 86.1 | 88.6

Table 3: Comparisons with other label assignment strategies on HRSC2016.

Analysis

« S3FD (ICCV 2017) : compensate relative low-quality anchors
« HAMBox (CVPR 2020): directly compensate negative anchors
« ATSS(CVPR 2020): Dynamic selection of samples with appropriate loU threshold



Experiments

Methods ‘ Backbone | PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC | mAP
FR-O(Xia et al. 2018) R-101 79.09 69.12 17.17 63.49 3420 37.16 36.20 B89.19 69.60 5896 4940 52.52 46.69 4480 46.30 |52.93
R-DFPN(Yang et al. 2018) R-101 80.92 65.82 33.77 5894 5577 5094 5478 9033 66.34 68.66 48.73 51.76 55.10 51.32 35.88 | 57.94
RQCNN(Jiaug et al. 2017) R-101 | 80.94 65.67 3534 67.44 5992 5091 5581 90.67 66.92 7239 55.06 52.23 55.14 53.35 48.22 | 60.67
RRPN(Ma et al. 2018) R-101 88.52 71.20 31.66 59.30 51.85 56.19 57.25 90.81 72.84 67.38 56.69 52.84 53.08 5194 53.58 |61.01
ICN(Azimi et al. 2018) R-101 81.36 7430 47.70 70.32 64.89 67.82 6998 90.76 79.06 7820 53.64 62.90 67.02 64.17 50.23 | 68.16
Rol Trans.(Ding et al. 2019) R-101 88.64 78.52 4344 7592 68.81 73.68 8359 90.74 77.27 81.46 58.39 53.54 62.83 5893 47.67 | 69.56
CAD-Net(Zhang, Lu, and Zhang 2019) R-101 87.80 82.40 4940 73.50 71.10 63.50 76.70 90.90 79.20 73.30 48.40 60.90 62.00 67.00 62.20 | 69.90
DRN(Pan et al. 2020) H-104 88.91 80.22 43.52 63.35 7348 70.69 8494 90.14 83.85 84.11 50.12 58.41 67.62 68.60 52.50|70.70
0? -DNet(Wei et al. 2019) H-104 89.31 82.14 47.33 61.21 7132 74.03 78.62 90.76 82.23 81.36 60.93 60.17 58.21 6698 61.03 |71.04
SCRDet(Yang et al. 2019b) R-101 | 89.98 80.65 52.09 68.36 6836 6032 7241 90.85 87.94 86.86 65.02 66.68 66.25 68.24 65.21 |72.61
R3Det{Yallg et al. 2019a) R-152 89.49 81.17 50.53 66.10 7092 78.66 7821 90.81 8526 8423 61.81 63.77 68.16 69.83 67.17 |73.74
CSL(Yang and Yan 2020) R-152 |90.25 85.53 54.64 75.31 7044 73.51 77.62 90.84 86.15 86.69 69.60 68.04 73.83 71.10 68.93 | 76.17
Baseline R-50 88.67 77.62 41.81 58.17 7458 71.64 79.11 9029 82.13 7432 54.75 60.60 62.57 69.67 60.64 | 68.43
Baseline+DAL R-50 88.68 76.55 45.08 66.80 67.00 76.76 79.74 90.84 79.54 7845 5771 6227 69.05 73.14 60.1 ]l";]:ﬁ'\
Baseline+DAL R-101 | 88.61 79.69 46.27 70.37 65.89 76.10 78.53 90.84 79.98 7841 58.71 62.02 69.23 7132 60,65\\?-1,18,'
SQA—Nt‘:t(Han et al. 2020) R-50 89.11 82.84 4837 71.11 78.11 78.39 87.25 90.83 84.90 85.64 60.36 62.60 6526 69.13 57.94 T-’i_l_Q
S2A-Net+DAL R-50 89.69 83.11 55.03 71.00 78.30 81.90 88.46 90.89 84.97 8746 06441 65.65 76.86 72.09 64.35(’76.95~)
~=

Table 4: Performance evaluation of OBB task on DOTA dataset. R-101 denotes ResNet-101(likewise for R-50), and H-104
stands for Hourglass-104.



Experiments

Methods | Backbone Size NA | mAP
_ Two-stage:
RZCNN(Jiang et al. 2017) ResNetl01 800800 21 | 73.07
RCI1&RC2(LB et al. 2017) VGG16 - - | 7570
RRPN(Ma et al. 2018) ResNetl01 800800 54 | 79.08
R?PN(Zhang et al. 2018) VGGI16 - 24 | 79.60
Rol Trans. (Ding et al. 2019) ResNet101 512 x 800 86.20
Gliding Vertex(Xu et al. 2020) | ResNet101 512800 88.20
» less anchors Single-stage-
RRD(Liao et al. 2018) VGGI6  384x384 13 | 84.30
. R Det(Yang et al. 2019a) ResNetl0l  800x800 21 | 89.26
- faster inference
R-RetinaNet(Lin et al. 2017b) | ResNetl0l  800x800 121 | 89.18
Baseline ResNet50 416 x416 ,' 3\‘ 80.81
e hi g h- pe rfoemence Baseline+DAL ResNetSO  416x416 | 31 | 88.60
Baseline+DAL ResNetl0l  416x416 | 3 I | 8895
Baseline+DAL ResNet101 800 x 800 ‘\ 31 |(C §9.7‘i’

s
~

Table 5: Comparisons with state-of-the-art detectors on
HRSC2016. NA denotes the number of preset anchor at each
location of feature map.



Experiments

High-quality detection
can be achieved with
DAL method.

eg. An improvement of
35.15% AP7S5 here.

Methods car airplane APsp AP~
7
FR-O(Xia et al. 2018) 86.87 89.86 88.36 (' 47.08
I
Rol Transformer (Ding et al. 2019) 87.99 89.90 88.95 \QD.SiL/
Baseline 84.64 90.51 87.57 39.15
Baseline+DAL 89.25 90.49 89.87 74.30

Table 6: Detection results on UCAS-AOD dataset.



Experiments

Results on ICDAR2015

Methods P R F
CTPN(Tian et al. 2016) 74.2 51.6 60.9
. Long text is often seg mented Seglink(Shi, Bai, and Belongie 2017) 73.1 76.8 75.0
. . . RRPN(Ma et al. 2018) 82.2 73.2 77.4
into multiple detections SCRDet(Yang et al. 2019b) 81.3 78.9 20.1
RRD(Liao et al. 2018) 85.6 79.0 82.2
. DB(Liao et al. 2020) 91.8 83.2 87.3

« [t's hard for a small number o _—_ - p_
of preset anchors to adapt to Baseline+DAL 83.7 79.5 81.5
Baseline+DAL* 84.4 80.5 82.4

excessively extreme aspect

ratios of texts. Table 7: Comparisons of different methods on the ICDAR
2015. P, R, F indicate recall, precision and F-measure re-
spectively. * means multi-scale training and testing.




Experiments

Dataset Backbone mAP/F

RetinaNet 77.2

ICDAR 2013 _
RetinaNet+DAL 81.3
RetinaNet 86.4

NWPU VHR-10 _
RetinaNet+DAL 88.3
VOC 2007 RetinaNet 74.9
RetinaNet+DAL 76.1

Table 8: Performance evaluation of HBB task on ICDAR
2013 and NWPU VHR-10.
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Conclusion

Inconsistency
localization

ability before and
after the

regression

Matching degree
is proposed to
evaluate potential
localization
ability

Inconsistent
classification and
regression
performance
caused by label
assignment

Matching
Sensitive Loss is
used to improve

high-precision
detection
performance
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Detections

Detections with OBB



Detections

Detections on DOTA datasets
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Detections

Detections on HRSC2016 datasets












Detections

Detections on UCAS-AOD datasets
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Detections

Detections on ICDAR 2015 datasets
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Detections

Detections with HBB



Detections

Detections with ICDAR 2013
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Detections

Detections with NWPU VHR-10
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Comparision



with DAL without DAL
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Thank youl!

You can contact me via mq_chaser@126.com.

Qi Ming
2021.2.9



