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Fig. 2 Overview of the proposed multi-resolution feature fusion object detection method
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Fig. 3  Structure of multi-resolution feature extract network
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Fig. 4 Structure of adaptive feature fusion module
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Fig. 6 Feature heat maps of multi-resolution feature extraction network
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Fig. 7 Feature heat maps of adaptive feature fusion module
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Table 2 Ablation studies on the DIOR data set

MFE AFF DFDF mAP/%
Baseline 70.7
J N 72.1
J N 72.0
J N N 72.6
N N N N 732

VN B R S A HE R L TR AIRR AR B

34 FIHHR
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AR 1 IR E AR A VL A R4 T LR # . 7E DIOR
BPEtE |, b3 T Faster R-CNN (Ren%:, 2017).
KA FPN (Lin %, 2017a) 458 [ Faster R—-CNN
(Ren %, 2017) Al Mask R-CNN (He %%, 2017) .
PANet (Liu %, 2018) . LI J CSFF (Cheng %,
2020). Faster R—-CNN (Ren%:, 2017). ®JH FPN
2E F4) 1Y Faster R-CNN Fl1 Mask R-CNN (He %%,
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Li% (2020) M, CSFF IR ] Cheng %5 (2020)
ISR . HRETIRY MR 3G R BN, AR
SHABJUF AR L, R g R, BT
HAE G, E28000) E¥BAS RS, JoH

*3 JLFEEZE DIOR BIBEMK N4 RILE

Table 3 Comparisons of detection accuracy of six methods on the DIOR data set

TE ML, BEERY . A IR Sk LA 2 L,
LA ResNet101 Jy-i ARSI BE MR L AB S 1 o i
CSFFIAENLY . TEERY . Wi A R 55 IX | g i
O SR LA B R BB L5

1%
ik ATEg LA AP

Cl G2 €3 €4 G5 Ce6 C7 C8 C9 Cl10 C11 Cl12 C13 Cl14 C15 Cl6 C17 C18 C19 C20
Faster RCNN ~ VGG16  53.6 49.3 78.8 66.2 28.0 70.9 62.3 69.0 55.2 68.0 56.9 50.2 50.1 27.7 73.0 39.8 75.2 38.6 23.6 45.4 54.1
Faster RCNN  ResNet50 54.1 71.4 63.3 81.0 42.6 72.5 57.5 68.7 62.1 73.1 76.5 42.8 56.0 71.8 57.0 53.5 81.2 53.0 43.1 80.9 63.1
with FPN  ResNet101 54.0 74.5 63.3 80.7 44.8 72.5 60.0 75.6 62.3 76.0 76.8 46.4 57.2 71.8 68.3 53.8 81.1 59.5 43.1 81.2 65.1
Mask RCNN  ResNet50 53.8 72.3 63.2 81.0 38.7 72.6 55.9 71.6 67.0 73.0 75.8 44.2 56.5 71.9 58.6 53.6 81.1 54.0 43.1 81.1 63.5
with FPN ResNetl01 53.9 76.6 63.2 80.9 40.2 72.5 60.4 76.3 62.5 76.0 75.9 46.5 57.4 71.8 68.3 53.7 81.0 62.3 43.0 81.0 65.2
PANet ResNet50 61.9 70.4 71.0 80.4 38.9 72.5 56.6 68.4 60.0 69.0 74.6 41.6 55.8 71.7 72.9 62.3 81.2 54.6 48.2 86.7 63.8
ResNet101 60.2 72.0 70.6 80.5 43.6 72.3 61.4 72.1 66.7 72.0 73.4 453 56.9 71.7 70.4 62.0 80.9 57.0 47.2 84.5 66.1
CSFF ResNet101 57.2 79.6 70.1 87.4 46.1 76.6 62.7 82.6 73.2 78.2 81.6 50.7 59.5 73.3 63.4 58.5 859 61.9 42.9 86.9 68.0
ResNet50 66.7 83.6 74.8 89.1 50.5 80.6 69.0 84.9 752 83.9 84.2 53.8 65.2 75.6 74.6 62.7 88.1 65.8 46.4 88.8 73.2
Ours ResNet101 91.0 74.5 93.3 83.2 47.4 919 63.3 68.0 61.4 80.0 82.8 57.4 65.8 80.0 92.5 81.1 88.7 63.0 73.0 78.1 75.8
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2016) . Faster R-CNN (Dai %, 2016). Deformable
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Table 4 Comparisons of detection accuracy of six methods on the DOTA data set

1%
5k BT R WO mAP
PL BD BR GITF SV LV SH TC BC ST SBF RA HA SP HC
R-FCN ResNet101 81.01 58.96 31.64 58.97 49.77 45.04 49.29 68.99 52.07 67.42 41.83 51.44 45.15 53.30 33.89 52.58
Faster R-CNN  ResNet101 80.32 77.55 32.86 68.13 53.66 52.49 50.04 90.41 75.05 59.59 57.00 49.81 61.69 56.46 41.85 60.46
Deformable FR-H ResNet101 86.53 77.54 4270 64.43 67.60 63.64 77.86 90.33 77.82 7536 52.12 56.79 68.92 62.04 54.92 67.91
FPN ResNet101 88.70 75.10 52.60 59.20 69.40 78.80 84.50 90.60 81.30 82.60 52.50 62.10 76.60 66.30 60.10 72.00
ICN ResNet101 90.00 77.70 53.40 73.30 73.50 65.00 78.20 90.80 79.10 84.80 57.20 62.11 73.45 70.22 58.08 72.45
Ours ResNet101 89.95 83.79 5591 71.92 79.74 68.36 79.17 90.87 80.06 85.00 56.01 62.74 77.53 75.05 57.20 74.20
BRI R A R . PL: CHL,BD:FEERY , BR: P22, GTF: 4835, SV . KA L4, LV . /N ZE30 , SH: il , TC: Bk 1%, BC: W53k 7 ; ST - fi#

W, SBF : R BRI7, RA: TR HA L, SP Ukt , AC: ELTHIL.

Pl 8 Sk AR SCHA 1k 5 2R ] FPN 25 44 1) Faster R—
CNN Y B MER A TE DIOR 54 42 i o i 45 51 AT #8416
KILLED, K8 AL pIHER S B . TR (AHESR
RS . B8 FR il LR Y, AR SOk B A 45
TEERG, MR UGS ) RS B R G,
B8 FTR, TEHE 141, 25 2 50 kil 45 v, R
AL DN 1) i ] S LA S5 R A 2 R
XF A 3 AN R R, B AL R ) “S7Ag

7 BERL CHRIRET, (RS 4B LEE R, SRR
BORE ORI BRAGN “HLYT, WAR SO AT L
HERRIRUN . [RIAE, X EUER S ANAE SRR B, FEAERL
R /N HbsER (EERE), A
J7 T LA RS I A o R EE SRR IR, AR
ERA B SN, O RO AR SCRALRE RS 1R
YR ELAN R AR AE,  ELE AT RAY O IR
R AT AT IR R BE R 7 515 R



1134 National Remote Sensing Bulletin i & 54k 2021, 25(5)

(a) FEAEAEAR
(a) Faster R-CNN

(b) A3LT5

\

%

(b) Proposed method

P8 AR SR HMER R AE DIOR i 5 i R 22 R e g%
Fig. 8 Comparison of detection results of our proposed method and Faster R—CNN with FPN on the DIOR data set
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Fig. 9  Some detection results of our proposed method on the DIOR data set
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Optical remote sensing image object detection based on
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Abstract: In recent years, high-resolution remote sensing image object detection has attracted increasing interest and become an important
research field of computer vision due to its wide applications in civil and military fields, such as environmental monitoring, urban planning,
precision agriculture, and land mapping. The natural scene object detection frameworks based on deep learning have made a breakthrough
progress. These algorithms have good detection performance on the open data sets of natural scenes. However, although these algorithms
have greatly improved the accuracy and speed of remote sensing image object detection, they have not achieved the expected results. Given
the large variations of object sizes and inter-class similarity, most of the conventional object detection algorithms designed for natural scene
images still face some challenges when directly applied to remote sensing images. To address the above challenges, we propose an end-to-
end multi-resolution feature fusion framework for object detection in remote sensing images, which can effectively improve the object
detection accuracy. Specifically, we use a Feature Pyramid Network (FPN) to extract multi-scale feature maps. Then, a Multi-resolution
Feature Extract (MFE) module, which can promote the network to learn the feature representations of the objects at different resolutions and
narrow the semantic gap between different scales, is inserted into the feature layers of different scales. Next, to achieve an effective fusion of
multi-resolution features, we use an Adaptive Feature Fusion (AFF) module to obtain more discriminative multi-resolution feature
representations. Finally, we use a Dual-scale Feature Deep Fusion (DFDF) module to fuse two adjacent-scale features, which are the output
of the adaptive feature fusion module. In the experiments, to demonstrate the effectiveness of each module of our proposed method,
including the MFE, AFF, and DFDF modules, we first conducted extensive ablation studies on the large-scale remote sensing image data set
DIOR, and the experimental results show that our proposed MFE, AFF, and DFDF modules could improve the average detection accuracy
by 1.4%, 0.5%, and 1.3%, respectively, compared with the baseline method. Furthermore, we evaluate our method on two publicly available
remote sensing image object detection data sets, namely, DIOR and DOTA, and obtain improvements of 2.5% and 2.2%, respectively, which
are measured in terms of mAP comparison with Faster R-CNN with FPN. The detection results of the ablation studies and the comparison
experiments indicate that our method can extract more discriminative and powerful feature representations than Faster R-CNN with FPN,
which can significantly boost the detection accuracy. Moreover, our method works well for densely arranged and multi-scale objects.
Although many improvements have been achieved in this work, some aspects still require improvement. For example, our method performs
poorly in terms of detecting objects with big aspect-ratios, such as bridges, possibly because most anchor-based methods have difficulty
ensuring a sufficiently high intersection over union rate with the ground-truth objects with big aspect-ratios. Our future work will focus on
addressing these problems by exploring the advantages of anchor-free based methods.
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