@ University of Missouri

IMPROVING OBJECT RECOGNITION IN
AERIAL IMAGE AND AMBULATORY
ASSESSMENT ANALYSIS BY DEEP

LEARNING

Department of Electrical Engineering and Computer Science
Speaker: Peng Sun
Advisor: Yi Shang



Outline

* Introduction

 Proposed Method

— Novel Adaptive Saliency Biased Loss (ASBL) for Object Detection
in Aerial Images

— Improving Bird Recognition in Aerial Images using Deep Learning

— A new Deep Learning Based Automatic Detection of Alcohol
usage (DEEP ADA)

¢ Summary




Introduction




Our Research Focus on

15 20 25

Time

10

25

20

15

10

e
@

=] =] =] =]
< =l o
ajey yearg

25

20

15

10

Time

=)
=

w o
™ @

aimesadwa] uyg

w
G

25

20

15

10

200

e
=]
- -

ajey Jeay

50

1200

Ry1anoy

Time

Time




Main Contribution

Our Proposed Method

General Object Detection in Aerial Novel Adaptive Saliency Biased Loss
Images (ASBL)
Bird Detection in Aerial Images DNN Object Detection Model Adaption
and Analysis
Ambulatory Assessment Analysis Deep Learning Based Automatic

Detection of Alcohol usage
(DEEP ADA)
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Novel Adaptive Saliency Biased Loss
for Object Detection in Aerial Images
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Introduction

» Aerial images characteristics:
* Multi-scale
 Multi-a
« Crowd
- Backgr lant
« Limitation of current DNN detector
« Face, Human, etc

2

DNN Detector




Related Work
| Awhors | Methods

General DNN Rdemon, 2017 YOLO DNN Object Detector
Object Detection

Liu, 2016 Single Shot Multibox Detector
Lin, 2017 RetinaNet
Aerial Images DNN Han, 2014 WSL and feature learning
Object Detection
Li, 2017 Rotation-insensitive using RPN

and local-contextual feature
fusion network

Cheng, 2019 Rotation-Invariant and Fisher
Discriminative (RIFD)




Theory Foundation (RetinaNet)

_________________________________

{ / 1{ Focal Loss
}

_________________________________

{a) ResNet (b) feature pyramid net (©) class subnet {top) () box subnet (bottom)

™\

Feature Pyramid Network Lateral connection

Lin, Tsung-Yi, et al. "Focal loss for dense object detection." IEEE transactions on pattern analysis and machine intelligence (2018).




Theory Foundation (Cont.)

* Focal loss * Anchor box
CE(p,y) = {—509(10), ify=1
—log(1—p) otherwise | 2k scores | | 4k coordinates | <=
dslayer\ t reg layer
a, ify=1 o _)p ify=1 | 256-d |
v = — Pt = .
. {1 —a ify=0 t {1 —p otherwise t intermediate layer
PL.) = 0+ (=) CE ()
a: foreground weight sliding window
y: scale of important of misclassify conv feature map

p: prob of classify
y: ground truth

« Saliency map:

— In computer vision, a saliency map of an image is a value array
representing each pixel's importance.

k anchor boxes
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Image-based ASBL

~o4 Cls. Focal loss N

7 @ ma Total Cls. Focal loss

~+ pg Cls.Focalloss g
Predicted boxes ASBL,

RetinaNet

Input image Av
g & = [l
Normalize

Saliency Estimator

Activated map Saliency map




Saliency estimator
* Pretrained DNN:

— Pretrained by general objects.

— Capability to extract basic shape features

« Use saliency map to define complexity of image

— Activated cell may have foreground prediction

— More activated cell = more complex




Formula of Image ASBL

Channel Avg Loy
f: Saliency Estimator _> Si(r) = m SN fewnl@)
H,W Avg c=1w=1h=1

* Normalize

Si(r) — S’min
S;(;’L‘) = SI( ) T (Sub — Sw) + Sip

S, IS calculated by training data; S. setas 1.

S

max?

* Image-based ASBL;(x,p,y) = S}(x) = FL(p,y)

Cls. Focal loss

P Cls. Focal loss ~

: | A @ Total Cls. Focal loss
o e

- Cls. Focal loss




Image Complexity

Low
Level
Conv

Features

(a)

High
Level
Conv
Features (d)




nchor-based ASBL

X

Cls. Focal loss

RetinaNet

H*W*C
Trained
Activated map

/(’) - N

Saliency map SA

S—— Saliency map R
Input image

\H.H i - -
Saliency Estimator

H*W*C
Pretrained
Activated map

Saliency map f




Formula of Anchor ASBL

S: Saliency information; .

A: Positive Anchors; Anchor ASBL L onow

I: Images _ ASBLA(p.y) = ZZZ wo(®)* FLyya(p,y)
a=1v=1u=1

— Alis # of Anchors, H: height, W: width

Saliency map R

N RS

HW(

1 e 1 ‘J'E';"' pu-gef-oo -0
? Z Rr}.u.-r (-T:) E fc.u.i' (.’If) ctinaNet
. -*W-
11 we (
Input image

Saliency map

K P

c c
1 1
SA, ., (x) o ol E Rewo(z)® e, E Jeuw()
c=1 c=1

%iﬁm Adaptive updated during training




ASBL RetinaNet

Mmage-based ASBHL on RetinaiNe

i Half numbers of Epoch

ANCNOr-vtased AsbL on RetinalNe
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Data

or Object Delection In Aerial Images

2806 1024 *1024 10
aerial images crop images Categories

679 training;

- 200 validation;
188, 282 1/2 training; 400 * 400 203 test

Instances 1/6 validation; crop images
1/3 test
15
categories

Xia, Gui-Song, et al. "DOTA: A large-scale dataset for object detection in aerial images." Proc. CVPR. 2018.

G. Cheng, P. Zhou, and J. Han. Learning rotation-invariant convolutional neural networks for object detection
in VHR optical remote sensing image aNn cnsci Remote Sen 4 :7405-7415, 2016.

&




Large-vehicle Swimming pool Helicopter Bridge Ship Basletball court

Ground track field| Small-vehicle Harbor Baseball diamond




Image-based ASBL Ablation Study

« Saliency map normalization Siy_| Normalization | mAP
0.3 Y 61.79
» How big range for normalization? 0.5 Y 63.48
0.7 Y 62.4
» Too big -> not enough training for - N 62.86
easy case
« Too narrow -> raw Focal loss
« Multi-scale saliency experiments
« Experiments on C2, C3, C4, C5
saliency map
Conv Block Layer of ResNet3() Cc2 C3 C4 C5

mAP 64.77 | 6451 | 6332 | 6348




Anchor-based ASBL Ablation Study

Start from Image-based ASBL

» Adaptive update? » Normalization?
« 64.82->65.53 e 65.53->66.12
Method Dynamic update | Normalization | S;; | mAP
0.3 | 65.54
Y 0.5 | 66.12
Y 0.7 | 65.58
ASBLA N -~ | 65.53
N Y 0.5 | 64.82
ASBLj Y 0.5 | 64.77




Performance on DOTA

Data| Plane BD Bridge GTF SV LV  Ship TC BC ST SBF RA Harbor SP  HC | mAP

YOLO [8] T+V| 769 33.87 22,73 34.88 38.73 32.02 52.37 61.65 48.54 3391 29.27 36.83 36.44 3826 11.61 | 39.2
SSD [11] T+V| 4474 1121 622 691 2 10.24 11.34 1559 1256 1794 1473 455 455 053 1.01 | 1094
RFCN [9] T+V| 79.33 44.26 36.58 53.53 39.38 34.15 47.29 45.66 47.74 65.84 37.92 4423 4723 50.64 349 | 47.24

Faster RCNN [5] | T+V| 80.32 77.55 32.86 68.13 53.66 52.49 50.04 9041 75.05 59.59 57 4981 61.69 5646 41.85 | 60.46
RetinaNet [18] T 78.22 5341 26.38 4227 63.64 52.63 73.19 87.17 44.64 5799 18.03 51 4339 56.56 7.44 | 50.39

RetinaNet* T 89.03 62.14 43.88 47.05 73.57 65.18 78.65 90.86 66.28 70.26 35.07 58.26 68.93 06634 22.16 | 62.51
ASBL-RetinaNet T 89.09 67.96 46.38 57.12 73.55 66.19 78.67 90.86 71  73.88 45.15 60.92 70.01 6851 32.49 | 66.12
ASBL-RetinaNet | T+V | 89.51 74.07 4691 55.54 73.78 66.87 78.48 90.86 70.09 73.2 46.71 61.34 70.5 72.17 32.84 | 66.86
* RetinaNet with modified anchor sizes and ratios

* 10 out of 15 outperform Faster RCNN

* 14 out of 15 outperform modified RetinaNet




Performance on NWPU VHR10

Airplane Ship S::;ige (l;iz:;gzg Tczl:::_lts Bas(l,(sllilt)all tr(;zl(;uililg d Harbor Bridge Vehicle mAP
COPD [41] 62.25 69.37 64.52 82.13 34.13 35.25 84.21 56.31 16.43 44.28 54.89
Transferred CNN [1] 66.03 57.13 85.01 80.93 35.11 45.52 79.37 62.57 43.17 41.27 59.61
RICNN [29] 88.71 78.34 86.33 89.09 42.33 56.85 87.72 67.47 62.31 72.01 73.11
Faster RCNN [5] 90.9 86.3 90.53 98.24 89.72 69.64 100 80.11 61.49 78.14 84.51
Li etc [27] 99.70 90.8 90.61 92.91 90.29 80.13 90.81 80.29 68.53 87.14 87.12
RetinaNet* [18] 96.58 83.61 74.76 84.32 63.99 39.66 08.33 62.83 65.72 78.31 76.81
ASBL-RetinaNet
(VGG16) 100 91.27 96.76 96.69 68.54 87.67 100 77.10 83.92 83.45 88.54
ASBL-RetinaNet 99.34 9319 9436 97.70 71.19 84.67 100 87.61 8149 8350  89.31
(ResNet50)
Models Average running time per images (s)
COPD [41] 1.16
Transferred CNN [1] 5.09
RICNN [29] 8.47
Faster RCNN [5] 0.09
Li etc [27] 2.89
ASBL-RetinaNet 0.045




Visualization Comparison

2

* Top: RetinaNet; Bottom: ASBL-RetinaNet

* 1stcolumn: crowded; 2" Column: high image complexity; 3" column: high anchor complexity; 4t
column: clear background




Visualization

NWPU VHR-10
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Conclusion and Future Work

« Conclusion:

— Novel adaptive salience biased loss functions to improve one-
stage detector (RetinaNet) with same inference speed on aerial

images

— Two levels ASBL can outperformed other deep learning models
on aerial images by 6.4 and 2.19 of mAP on DOTA and NWPU

VHR-10
— Github: https://github.com/ps793/ASBL-RetinaNet

 Future Work:

— Scale, angles of objects can be considered into weighting factor
of objective loss function



https://github.com/ps793/ASBL-RetinaNet

Improving Bird Recognition in Aerial
Images using Deep Learning
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Introduction

How to recognize and count small
objects (birds) in aerial images

Performancer’ep learning
models on s bject in aerial

images

DNN Detector




Related Work
. [Authors  |Methods

General object detection Liu, 2016 Single Shot Multibox Detector
Lin, 2017 RetinaNet
Aerial images object Han, 2014 WSL and feature learning
detection Li, 2017 Rotation-insensitive using

RPN and local-contextual
feature fusion network

Cheng, 2019 Rotation-Invariant and Fisher
Discriminative (RIFD)
Small object detection Hu, 2017 Tiny face detector
Yang, 2018 DFL-CNN (double focal loss

CNN) for vehicle detection




LIBAI Dataset

White

Data Collection and Label

Medium

Dataset

Resolution

hledju Complicated

Background

Large
-"-'.-'ﬂ'gifml w
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Proposed Solution

Aerial Image Image stitching

Input
Deep
% Learning =

Detector

 Deep Learning Models
— One-stage models: RetinaNet, YOLO v3, SSD
— Two-stage model: Mask RCNN

— Segmentation: U-Net




RetinaNet

e b festure pramidnt (0 clas subnetiop) (@) bow ubnet poaor)
Theory: * Model Adaption:
— Feature Pyramid Network — Inputresize: 512 -> 600
— Lateral connection - égg:,hg.%?ize: {1,213, 2213} > {1,
— Focal Loss — Optimizer: SGD -> Adam

— Learning rate: 1e-3 -> 1e-4

Lin, Tsung-Yi, et al. "Focal loss for dense object detection." IEEE transactions on pattern analysis and machine intelligence (2018).




lﬂ::l = ,Fj

% BT

T 0GE [ W o w
Canv. Loyer Conv. Loyar Ciniiw. e, Logars Ciniive. Logrars. Canv. Lorpars Conn. Layer  Cosm. Loyer
FaFuidel AnInlF2 1wlxi28 Ixla254 }:-:d Ta1x802 },_2 I 1024

Maxpood Loyer Miospoal Layer Imdu2 S AnInFl2 ImIx 1024 Jwdn 24

2l 2uZa Ix =256 1x1x512 Axdx1024
AwAnS02 AxAx 1024 Adn 102442

Moxposl Layer  Masposd Lapes
ZnZad inEad

* Theory: Model Adaption:
— Multi-scale feature map — Anchors sizes and ratio: Kmeans
(FPN) — Num of anchors: 9 ->1
— Darknet53: Replace fully — Filter size of last layer: 75 -> 18
connected to convolution,
add residual connect — Classes: 20 -> 1

Redmon, Joseph, and Ali Farhadi. "Yolov3: An incremental improvement." arXiv preprint arXiv:1804.02767 (2018).




Extra Faature Layers
VGG-16 ; A

_ through ConvS_ 3 layer Classter - Corme: JudxClasses+4))
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Conw: 3x3ef12-52 Comve In3e255s? Corne 228651 Conv: Jxdw255-51

-

T4.3ImAF
H9FPS

Damn'lm BT32 per Class
| Non-Maximum Suppression |

* Theory: - Model Adaption:

. — Anchor ratio:
Multi-scale feature maps for

detection . {1,2,3,1/2,1/3} ->{1,2, 1/2}

. — Learning rate: 0.001 -> 0.0001
Default boxes and aspect ratios ¥

— lteration: 120,000 -> 12,000 (20 hours)

Hard negative mining _ SGD -> Adam

Liu, Wei, et al. "Ssd: Single shot multibox detector." European conference on computer vision. Springer, Cham, 2016.




Mask R-CNN

ResNet o101,  Fully Convolution Mets

FFN

ResMet 5051001, :
Rest head FC lavers

Feature Maps l i
s -:'on!{'XI COmY sollmmax Category

softonax

1 =1 comy

bhox res Hiree branchies

"N

* Theory: «  Model Adaption:

— Rol Pooling -> Rol Align — Input size: 1024 -> 512

— Mask Prediction Branch — Backbone: ResNet101 -> ResNet50

—  Optimizer: SGD -> Adam

— Learning rate: 1e-3 -> 1e-4

He, Kaiming, et al. "Mask r-cnn." Computer Vision (ICCV), 2017 IEEE International Conference on. IEEE, 2017.




64 64

128 64 64 2
U - N et
input
. output
image .
ge 1> el hatl bl segmentation
tile Sl s 81 @
3] o ol o map
x| > > x|
NI B ol offl o oo
ol of @
r~| = ©
0| O v
\/ 128 128 I
256 128
SN E & |g|:i|
fe o] [e#] @
o~ o o~
¥ 256 2o 512 256 t
A bt bt g BT = conv 3x3, ReLU
i Sl B g 8
Ty ' SR copy and crop
512 512 1024 512
N g [ max pool 2x2
-l — { - '
© @ 1024 45 B 4 up-conv 2x2
& - -
S % = conv 1x1

* Model Adaption:
* Theory:

— Crop operation removal: size matches

— Encoder-decoder — Input size: 572-> 512

— Connection between encoder and — Unet shape: (1024,512, 256)
decoder

— Initialization: VGG pretrained weight

Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for biomedical image
segmentation." International Conference on Medical image computing and computer-assisted intervention. Springer, Cham, 2015.
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Performance Comparison

Performance Comparison on Easy Case

« Easy Data

0.8
0.7
0.6
Train Test | Total o
121 31 10 162 0o I
0.1

YOLOv3 RetinaNet Mask R-CNN U-Net

o

H Precision ®Recall ®mF1 Score

Performance Comparison on Hard Case
« Hard Data g

5
133 31 10 174

0.5
04
0.3
0.2
| ||
0

YOLOvV3 RetinaNet  Mask R-CNN U-Net




Visualization (Easy

T S

RetinaNet
# of bird 932
# of count 919

Recall 92.72%

Precision 99.21%




RetinaNet

37

-+—
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>
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(&)

S
(]

+

Precision




Model Analysis

« Segmentation methods can be used to detect small object in
aerial images, better than SSD and RCNN

« SSD are poor on small object detection since the receptive field
IS too large.

— smallest receptive field for prediction: 30*30
 FPN is more robustness than multi-scale feature extraction
— RetinaNet and YOLO outperformed SSD

« Mask RCNN and Yolo are sensitive to noisy and complex
background data

— Drop down more than 0.5 on F1 score

« RetinaNet achieve best performance on bird detection!




Summary

* Model Adaption and Analysis based on the bird detection
problem

* Propose solution for bird detection problem in aerial image

— RetinaNet achieved 89.3 and 63.2 for F1 score on easy and hard
dataset of LBAI, respectively

— Real time detection. (0.049s/image)

« Comparison and analysis of deep learning objectors for
small object detection in aerial images




Raw Data
Features

Modeling
|
/' —_—

Select and merge \Clean and transform

/

Source 1

Insights

Source n

A new Deep Learning Based
Automatic Detection of Alcohol
usage (DEEP ADA)
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Introduction

g
g

-
)
3

&

]
[=]

Heart Rate
8
Breath Rate

-
=

Physiological sensor data

° Noisy R '|1'i5me 20 25 * e Ti1r$m 20 25
« Complex env “
- Little lab
How to extr | features . £ [
from physiol ensor data? § ol g |
Prediction on user events, like 200! 2
alcohol events, is critical. o sl
How to use unlabeled data to Time Time

improve classification?




Related Work
| Authors | Methods

Physiological Hossain, 2014 Cocaine intake detection

sensor analysis Wei, 2016 Time-Frequency CNN for Automatic

Sleep Stage Classification

Zheng, 2017 Time series classification using multi-
channels CNN

Unsupervised Xu, 2016 Deep auto encoder (unsupervised
Feature Learning feature leraning) for audio tagging
Masci, 2011 Stacked CNN auto-encoders for

hierarchical feature extraction on
MNIST images
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ADA Sensor Data Cleaning

1005 Smoothed Data Plot
200 . ‘. 50

 Qutlier removal

5 E 30
— Unreliable data removal; g s
— Loess smoothing (local regression ~ * 5 = =
X — xl 1200 40
= (1 — 333 “ N o
Wl ( | d ( x) | ) - 1000 ; i b " _.Eas
2 800 E‘
< F 5
* Smoothness of data
— Smoothing spline Time Time

min p X, wi (v — sG))? + (1 - p) [ (o)?dx

— Data tendency




Deep ADA Module

T — -

DNN Feature ML Classifier

Stats Feature

mean, standard

ML Classifier




Novel DNN Feature Extraction




Content

* Introduction
 Related Work

 Deep ADA Pipeline
— ADA (Automatic Detection of Alcohol usage) Module
— Deep ADA (DNN Automatic Detection of Alcohol) Module

 Experimental Result
— ADA
— Deep ADA

¢ Summary




Survey Data Analysis of ADA

* Individual case: « General case:
— Unbalanced nested ANOVA — Shapiro-Wilk test + matched
paired t-test/ Wilcox signed
— Drinking effect is main effect ranked test

— Time effect is the effect within
drinking effect

P Value of Individual in Drink Day/Time P Value of All Subjects in Drink Day/Time
ID Positive Negative Fear Hostility Sadness p ; o
001 NOESE 02 NUDOREGOEE 03 o025 |ONOMESSENSORENOGIN Positive Negative Fear Hostility  Sadness
1003 088 02 |NOOANMOOSWNOGONMOOWN o2 02 o051 038 Mean 057 076 [OOSINO00N o030 [O04Y o028 [JO00N 041 [003]
1004 076 054 074 Q003 030 020 027 027 015 013 Variance 0.30 - 042 030 048 023 087 010 085 074

1005 00PN o087 062 084 OOEY o024 020 072 095 085
1007 037 026 046 098 008N o068 044 036 078 092
1008 [NOENINO0ON o0 MNOOAN o8y 098 NOMONINONZN o017 N00IN
1009 058 082 016 023 037 017 025 072 044
1010 OGN n~Noil EGEN Nul EGEN Nl Null  [OIGEN  Nul
1013 015 030 [No0&Nooe o012 019 017 027 030

1014 008 o092 030 051 048 050 058 045 032 056

1017 0.94 0.7¢9 0.84 0.44 0.38 0.74 0.99 0.30 0.49 0.95 . . . . .

019 05 073 [OOONMOOSMBGOMMGOEMNGNSN 013 06 038 Increasing Ratio(%) in Drink Day/Time

1020 017 BNOGEN o091 o064 028 [NOOBN o047 027 071 077 Posifive ~ Negative Fear Hosfility ~ Sadness
1021 0.16 [NO0ON o0.14 NGO 0.5 0.33 0.40 0.19 oGO INGTN

w2z os2 | o1 NN os2 | 03 o4 o5 o057 NN 085 Mean 217 346 -497 78 -176 -426 522 -948 571 -857
1024 018 OGS 049 025 050 024 083 061 046 015 Variance 0.07 -27.46 17.83 -12.97 1543 -21.56 5.00 -24.83 7.32 -10.08




Sensor Data Analysis of ADA

1001 All Sensor Data

" PR N ol [,
* Individual case 5 g U -
— Cleaned data visualization NG LRSS O S 2

Time Time

3

— Statistical analysis for drinking ™[ :
and non-drinking g ool _ £
— Unbalanced nested ANOVA IO o s o B
— Drinking eﬁect iS main effect P Value of Drinking Effect for Each Individual
D Heart Breath Activi Skin
) . . ] Rate Rate LY Temp
— Time effect is the effect within 1001 0.201 0.182 0.352 0.066
drinking eﬁect 1004 0.000 0.001 0.224 0.432
1005 0.001 0.014 0.001 0.639
) 1007 0.741 0.263 0.163 0.186
i 50% percent Of SubJeCt haS 1008 0.000 0.004 0.006 0.797

1013 0.970 0.158 0.035 0.386

significant different in heart rate ;5 0 0102 o0ss oo

1020 0.000 0.949 0.051 0.035




Dataset of Deep ADA Module

 Dataset:

— Data cleaning: ADA data cleaning
 Labeled and unlabeled
— 30 minutes data blocks

— 3 types of signals: heart rate, skin temperature and accelerator,

-“

Within subject 80 : 20 (8 subjects)
Cross subject 212 52 Test: 1005, 1008, 1020




Experimental Result

« 1D DNN reconstruction

worst test raw signal

— Within subject: 95 o I S
« 0.85 correlation g ::
LS s
— Cross subject: Co w\
5| |
* 0.81 correlation AR TR R ?;; PRV L |

index index

best test raw signal

best test pred signal 0.9525

2 10

0 50 100 150 260 250 360 350 400 60 . L L
index 0 50 100 150 200 250 300 350 400
index




Experimental Results (Cont.)

 (Classification results:

— Within subjects (accuracy)

Models Train | Test
Unsupervised | Stats Features 0.72 0.55
Learning CNN Features 0.88 0.74
Supervised SVM 091 0.53
Learning ResNet50 0.94 0.52

— Cross subjects (accuracy)

Models Train | Test
Unsupervised | Stats Features 0.68 0.52
Learning CNN Features 0.87 0.73
Supervised SVM 0.92 0.49
Learning ResNet50 0.94 0.51
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Summary

* Proposed a novel feature extraction using deep learning
on physiological data

— Encoder-decoder architecture can be used to extract features

e Bottleneck as features

 Reconstruction results are around 0.8 Pearson correlation

« The method proposed outperforms with other traditional
feature extraction methods by ~ 20% accuracy
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Summary

General Object Novel Adaptive Saliency Other models: 6.4 mAP (DOTA); 2.19 mAP
Detection in Aerial Biased Loss (ASBL) ~ (NWPUVHR-10)

Images Original RetinaNet: : 3.61 mAP (DOTA); 12.5
mAP (NWPU VHR-10)

Bird Detection in DNN Object Detection State-of-the-art solution: 91.2 F1, 17.8 MAE

Aerial Images Model Adapt!on and Improving from original by ~ 30 F1.
Analysis
Model analysis based on bird problem
Ambulatory Deep Learning Based Comprehensive statistically analysis on
Assessment Automatic Detection of ~ @/conol drinking.
Analysis Alcohol usage Improving supervised classification: 21 %
(DEEP ADA) accuracy

Improving other feature extraction: 19 %
accuracy




. Deep learning for Image recognition :

Peng Sun, Chen, Guang, and Yi Shang. ‘Adaptive Saliency Biased Loss for Object Detection in Aerial Images’
IEEE Transactions on Geoscience and Remote Sensing. IEEE. (Submitted after Revision)
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