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Problem Statement

 Geospatial object detection in
Satellite Images

e Motivation:

- Intrusion detection in Defence

- Automatic ldentification System(AlS)
~ Traffic Analysis

>~ Many more applications
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Recent Work

R-CNN
- Use CNN for feature representation
- Use SVM for classification

Faster R-CNN

- Use RPN for region proposal
- Use R-CNN for object detection

YOLO

- Frame object detection as regression problem
- Detect object using single neural network
SSD

- Predicts score of presence of object in box
- Handles objects of various size
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State of the Art

* Single Shot Detection with Multiple
Feature Fusion

 Use concepts from YOLO an SSD
 Faster as compared to YOLO and SSD
 Accuracy better than YOLO and SSD

—



Overview of the Components

 Base Feature Extractor
e Multi-Scale Feature Fusion Detector
e Multi Scale Feature Fusion Module

« Anchor Priors and Predictions
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Base Feature Extractor

 DarkNet-53

- 53 Convolutional Layer without pooling any layer
- 23 residual blocks
- Use Leaky RelU as activation function
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Multi Scale Feature Fusion Detector

« Combines Features of Different Scale

* Predictions on different scales are made
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Multi Scale Feature Fusion Module
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Anchor Prior and Predictions

3 Anchor priors are used for each of three predictions
 Anchor priors obtained using k-means clustering
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 Achieves high accuracy as compared
to recently proposed models

Method Faster R-CNN SSD YOLO2 Proposed Proposed (Soft NMS)
Pretrained backbone ResNet50 VGG16 Darknet-19  Darknet-53 Darknet-53

Airport 0.911 0.788 0.598 0.839 0.847
Helicopter 0.876 0.893 0.917 0.946 0.946
Plane 0.673 0.819 0.813 0.897 0.904
Oiltank 0.645 0.898 0.909 0.920 0.922
Warship 0.759 0.755 0.695 0.793 0.826
Mean AP 0.773 0.831 0.786 0.879 0.890
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Remote-Sensing Dataset for Geospatial

Object Detection (RSD-GOD)

« RSD-GOD is a large scale dataset for , that consists of 5 different
categories with 18,187 annotated images and 40,990
instances.

* Considering the applications in military field, five categories are
selected to be annotated, including plane, helicopter, oil tank,
airport and warship.

* RSD satisfies following three properties :
- Rich background information

- Multiple resolutions and viewpoints
- Dense objects.
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You Only Look
Once(YOLO)
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The Architecture : Our detection network has 24 convolutional layers followed by 2
fully connected layers. Alternating 1xX1 convolutional layers reduce the features space
from preceding layers. We pretrain the convolutional layers on the ImageNet

classification task at half the resolution (224x224 input image) and then double the
resolution for detection.



Single Shot MultiBox Detect(SSD)

“Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256

Conv: 1x1x128  Conv: 1x1x128

Cony: 1x1x128

Conv: 3x3x512-82 Conv: Jx3x256-52 Conv. 3x3x256-81 Conv: Jxix256-51

Extra Feature Layers
VGG-16 l. A ,
5 . = —
R\ « through E\:\ﬂ‘{ K| Ia}fgr Classifier : Conv: 3x3x(dx(Classes+d)) "
\ I\ X Y — gl =
\\\\ | . \\ ‘\\ \ \\ \\ 5, Classifier : Conv: 3x3x(Bx(Classes+d)) B 9
A\ | N \ O\ \ "0 0
N \ N NN NN 0
] | = e A el AN A E =
| | . LU S L ¥ YA =l
300 | | | \\ A %
| Y
Q | : » : 18 19 \\ 3 AY '\\ % | > o0 |14 ImAP
’ — \ * =
% Image | | I \\ 5, @ | g SQFPS
I Lanvd_3 | | Canv Lanv? 0 BN Conv: Inda(dx(Classes+d)) | @ £
| || (Fas) [FCT) : - c =
300 ':UH'E’_.Z % ‘\-‘ - .E b
| it | | Canve_2 NN m
3 ) | \ | RN [ =
\ | \* | \se \# N ca : 2 '
\ \ A \ \ \10 \ conpto2|  cenie2 = &
\3 : \\ : \\ \ \\ \\ \3 . 0 E
\‘\| A 1 | N\t \] 1024 N 612 N[ 258 ] 2 NG | “

Architecture of SSD compared to YOLO : It adds several feature layers to the
end of a base network, which predict the offsets to default boxes of different
scales and aspect ratios and their associated confidences. SSD with a 300x300
input size significantly outperforms its 448x448 YOLO counterpart in accuracy on
VOC2007 test while also improving the speed.



Loss Function
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