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Dynamic Feature Fusion for Object Detection in Remote Sensing Images
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Abstract Remote sensing images contain more valuable information, which has opened a door to
help us observe and measure the earth’ s surface. Thanks to the advance of earth observation
techniques, remote sensing images with different spectral and spatial resolutions are increasing
daily. How to understand these huge volumes of remote sensing images is becoming more and
more important. As a fundamental task of remote sensing image understanding, object detection
In remote sensing images has been an active research area. The goal of object detection in remote
sensing images is to locate ground objects and classify them into different categories. It supports a
wide range of real-world applications, including aerial reconnaissance, emergency rescue, and
urban management. In recent years, deep learning techniques and large—scale datasets with
annotations have provided a major improvement in general object detection, e. g., Fast/Faster
R-CNN, RetinaNet, and FCOS. Driven by these improvements, object detection in remote
sensing images has achieved significant progress. However, the large variations of object sizes
and inter—class similarity are still two big challenges for object detection in remote sensing images.
To address these challenges, many works have been introduced. One of the typical methods,
termed Feature Pyramid Network (FPN), creates a feature pyramid with strong semantics at all
scales by combining low-resolution, semantically strong features with high-resolution,
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semantically weak features. After that, Libra R-CNN fuses the features of different scales with
the same weights for enchaining the discriminability of features. PANet enhances the entire
feature hierarchy by top—down and bottom—up path augmentation, which shortens the information
path between lower features and top ones. These methods greatly improve detection accuracy.
However, most of them utilize fixed weights to fuse the features of different scales, in which all
input images share the fusion method, ignoring the influence of object scales of input images on
feature fusion. On the one hand, the feature fusion approach is static, which is unable to change
fusion weights according to the size of objects adaptively, thus preventing the robustness of
detection. On the other hand, it can introduce useless features and suppress the feature
representation when fusing features. To this end, we design a dynamic feature fusion network for
minimizing the influence from the variations and improving the representation of features. The
network contains a feature gate module and a dynamic fusion module. The feature gate module
aims to selectively attenuate useless features and enhance useful features before dynamic feature
fusion, and minimize the interference of background information on subsequent dynamic fusion.
We model it by a gate unit, which consists of spatial, channel, and global attention. The dynamic
fusion module is to establish the connection between the object scales and the feature fusion
weights, thus learning the fusion weights dynamically according to object scales. We achieve this
by a lightweight fully—connected network, which takes the multi-scale features as the input.
Finally, we propose a dynamic feature fusion network on the Faster R-CNN with FPN, and
conduct extensive experiments on two large—scale remote sensing image object detection datasets,
named DIOR and DOTA. The experimental results demonstrate the effectiveness of our proposed
method.

Keywords Object detection; remote sensing images; dynamic feature fusion; feature gate
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Mask R-CNN. RetinaNet.PANet.CSFF {5 a8+
% 2% S ResNet 101, K6l 3k >R F FPN 4544 . ComerNet
1Y FE Al B T P 2% Sk Hourglass—104, YOLOv3 ff Fe Al
BT P2 A Darknet53. 3R 5 Ha] LU H AR SCH
2 0 RIS JE (72. 3% mAP) ;T H e By B
H ARSI 53 . AH H T ST 1 s AR SO e RAL
AR Bk Y Bk ST 384 4 H AR 250 T A
KRR BTt .

B 745 1 T AR S e DIORVEUE4E Y —
SR I 45 5, H SR AR AR E A U 25 2R | i A
RFRE LR INR SR OMEL AT
FCFEAF A B ARZEH . AT AL 28 v LA Y
ARSI VEAE H bR RUEE 22 57 K 2R AR DL RE 5 25 AR E



43 i s SRR R A H AR 743

~
i+
—

BE>H

~
o
—

REESHE

—~
(]
L

RESmMopE

—
(=N
—

*RESomob@

BI6  Shasmh & aia FEAE A T IARSE R - () 5 A B JEEG PR 5 (b) Rl RS 9 T RLAREE 2R 5 (o) A AR ARSIk T4 sh A Rl iy
JEAFAERY AT RS SR 5 () ISR 4 3h A5 Rl TR AR AR A AT AR S R . AR IR AE ) 42

#*5 DIOR"HIEEMILBRER *REEHEFE
1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20 mAP

YOLOv3F 72.2 29.2 74.0 78.6 31.2 69.7 26.9 48.6 54.4 31.1 61.1 44.9 49.7 87.4 70.6 68.7 87.3 29.4 48.3 78.7 57.1
Faster R-CNN™ 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 R-CNN 7 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
RetinaNet™" 53.3 77.0 69.3 85.0 44.1 73.2 62.4 78.6 62.8 78.6 76.6 49.9 59.6 71.1 68.4 45.8 81.3 55.2 44.4 85.5 66.1
PANet" 60.2 72.0 70.6 80.5 43.6 72.3 61.4 72.1 66.7 72.0 73.4 45.3 56.9 71.7 70.4 62.0 80.9 57.0 47.2 84.5 66.1
CornerNet*" 58.8 84.2 72.0 80.8 46.4 75.3 64.3 81.6 76.3 79.5 79.5 26.1 60.6 37.6 70.7 45.2 84.0 57.1 43.0 75.9 64.9
Libra R-CNN® 54,1 81.7 71.6 81.4 46.4 79.7 66.1 83.8 70.2 76.4 82.2 50.3 58.8 71.1 68.4 53.7 81.3 63.9 42.9 81.3 68.3

CSFF" 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 85.9 61.9 42.9 86.9 68.0
Faster R-CNN™% 541 81.7 71.5 86.3 51.3 79.7 67.8 84.9 70.6 80.8 82.5 52.7 61.3 72.0 73.1 62.2 81.4 66.8 43.7 81.3 70.3
LGRS 57.2 84.2 74.4 83.7 50.8 79.2 70.8 87.7 77.0 82.4 85.1 53.7 62.7 74.7 69.4 60.2 87.0 67.8 45.5 87.2 72.3
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 mAP

YOLOv2"! 76.90 33.87 22.73 34.88 38.73 32.02 52.37 61.65 48.54 33.91 29.27 36.83 36.44 38.26 11.61  39.20
R-FCN™®! 80.01 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
TCNE 90.00 77.70 53.40 73.30 73.50 65.00 78.20 90.80 79.10 84.80 57.20 62.10 73.50 70.20 58.10  72.50

Adaptive R-CNN™ 88,62 80.22 53.18 66.97 76.30 72.59 84.07 90.66 80.95 76.24 57.12 66.65 84.08 66.36 56.85  72.72
Faster R-CNN"% 89,04 78.84 51.60 60.45 78.23 66.78 78.56 90.63 80.99 81.80 48.76 63.83 72.68 70.83 56.30  71.28
AR 89.77 76.00 54.13 71.05 74.05 67.57 78.90 90.88 80.04 84.86 57.12 63.15 76.61 73.63 58.74  73.10
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Background

With the advance of earth observation techniques, it has
become easier to access massive amounts of remote sensing
data. How to interpret these data has been a particular problem
to be solved. As a key yet challenging task for remote sensing
image interpretation, object detection in remote sensing images
has achieved more attention, as well as presented wide
application prospects. However, conventional object detection
methods of remote sensing images (e. g. » handcrafted feature—
based methods) do not obtain satisfied detection results,
because of the highly complex backgrounds and variant
appearances of ground objects. Fortunately, the powerful
feature representation of convolutional neural networks
(CNNs) provides a chances of breaking the deadlocks.
Originally, CNN-based detectors have mainly prevailed and
achieved the surprised performance in natural scene images.
Inspired by the wave of the success of natural scene image
object detections CNN-based object detection in remote
sensing images have begun to rise. Compared with natural
scene images, remote sensing images show some difference,
such as imaging perspective, dense object distribution, and
more objects with small size. Thus, it is difficult to obtain
promising results by directly transferring natural image object
detection methods to remote sensing image object detection.

Benefiting from advanced detectors , such as Faster R-
CNN, many researchers have proposed remote sensing image
object detection approaches on the basis of Faster R-CNN.

Some important works have been published on the top journals

or proceedings over the past few years. Promising progress on
object detection in remote sensing images have been witnessed.
However, the large variations of object sizes and inter—class
similarity are two leading challenges for object detection in
remote sensing images. This has degenerated the accuracy of
object detection in remote sensing images. Feature fusion is an
effective approach to address these challenges and so has
received wide attention. At present, most existing methods of
feature fusion mainly build on Feature Pyramid Network (FPN)
and utilize fixed weights to fuse the features of different scales.
In these fusion methods, all input images share the fusion
method. The static fusion approaches ignore the influence of
object scales of input images on feature fusion. To this end, we
design a dynamic feature fusion network, which contains two
modules: a feature gate module and a dynamic fusion module.
The feature gate module is to attenuate useless features and
enhance useful features, avoiding fusing background information
on the stage of dynamic feature fusion. The dynamic fusion module
aims to build the bridge between the scales of input objects and
fusion weights, and learn fusion weight based on the scales of
input objects. The dynamic feature fusion network could
minimize the influence from the variations of object sizes on
feature fusion, thus improving the adaptiveness of feature fusion.
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