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Advanced RS Technology e CAPTAIN

RS technology has significantly improved the Earth observation ability.
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- The characterization of features




Advanced RS Technology e CAPTAIN

RS technology has significantly improved the Earth observation ability.
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The characterizatin of feature on the earth surface.



Applications of RS Images e CAPTAIN

Interpretation of RS images plays important roles in many real-world applications

Environ. monitoring Disaster assessment Land cover mapping



Pixel-wise Classification e CAPTAIN

Pixel-wise classification for low resolution aerial image classification

Low resolution image > Pixel-based classification



Pixel-wise Classification CAPTAIN

Pixel-wise classification for high resolution aerial image classification
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Messy result by pixel-based classification



Segmentation-based Classification e CAPTAIN

Complex modeling process from pixels to semantics
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OBIA: relation modeling for over-segmented End2end segmentation: large-scale
regions is required for semantic scene recognition and well-annotated pixel-wise labels




Tile-level Classification CAPTAIN

Complicated features and components as a whole of scene
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High-quality Classification e CAPTAIN

Current situation: Increasing demand for high-quality semantic classification
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Coarse result by tile-level classification and high computational cost for pixel-wise classification



Model Adaption CAPTAIN

Model optimization: parameters from natural images transferred for RS images
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Aerial Scene Parsing . CAPTAIN

Target: A full-scene semantic structure interpretation of the aerial image content
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Interpretation of RS Images e CAPTAIN

Image classification: transfer raw imagery data into semantic information
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Motivation (c) capTAIN

m Bridging tile-level classification toward pixel-wise semantic labeling
® Unification of tile-level scene classification and OBIA for image interpretation

® Emphasis on tile-level interpretation with high-level semantics while neglecting
their homogeneous components in pixel level.

® Pixels are no longer isolated units, of which semantics are highly related to their
contextual information in high-resolution aerial images.

m Weak generalization ability of interpretation methods

® Potential of data-driven interpretation methods remains to be further liberated
and evaluated on large-scale available datasets.

® Insufficiency in learning and utilizing domain knowledge from the relevant
interpretation data and tasks.
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Outline

Revisiting Aerial Image Interpretation
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Road Map
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COMPUTATIONAL AND PHOTOGRAMMETRIC VISION

Interpretation prototypes develop with the improvement of aerial image quality
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%& LandSat-1 . @ LandSat-4

Low resolution

Spectral and textural attributes of pixels are mainly
employed for semantic classification.

Spectral and textural description: @Haralick et al.,
1973; @Swain et al., 1991; @Manju-nath et al., 1996;
@0Ojala et al., 2002; @Xia et al., 2010.

Statistical analysis: @Bruzzone et al., 1999; @Chen
et al, 2008; @Li et al, 2010; @Li et al., 2011.
@Camps-Valls et al., 2013; @Zhao et al., 2016.
Learning classifiers: @Kavzoglu et al., 2003; @Lee et
al., 2007; Review @Lu et al., 2007; @Mountrakis et al.,
2011; @Belgiu et al., 2016; @Xia et al., 2018.

Subpixel classification: @Wang, 1990; @Atkinson,
1997; Liu et al., 2005; @Somers et al., 2011;@Wang et
al., 2017; @He et al., 2020; @Yu et al., 2021.
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Pixel-wise classification

[ T e X o
High-resolution image with richer spectral, textural,
and structural detail for homogenous segmentation.

OBIA paradigm: @Blaschke et al., 2001; @Blaschke
et al., 2014; Review @Hossain et al., 2019.
Spectral-spatial segmentation: @Cheng et al., 2001;
@Kaur et al.,, 2011; @Martha et al., 2011; @Han et al.,
2018; @ Tang et al., 2020; @ Shang et al., 2021.
Morphological methods: @Zhang et al., 2014; @Liu
etal., 2015; @Yang et al., 2017; @Su, 2019. @Su et al.,
2020; Review @Hossain et al., 2019; @Niu et al., 2021.
Deep learning segmentation: @Long et al., 20115;
@Maggio et al., 2016; Review @Zhu et al., 2017; @Li
et al., 2019; @Audebert et al., 2019; OCNN @Zhang et
al., 2018; @Zhang et al., 2020; @Martins et al., 2020.

Segmentation-based classification

W

Complicated visual features and components as a
whole for semantic scene recognition.

Hierarchical scene parsing: @Zhu et al., 2010.
Low-level and mid-level features: @Yang et al.,2010;
@Chen et al, 2015, @Zhong et al., 2015; Review
@Cheng et al., 2017; @Xia et al., 2017.

Deep learning schemes: Transfer learning @Hu et al.,
2015; Feature fusion @Li et al., 2017; Chaib et al., 2017;
Metric learning @Cheng et al, 2018; Attention
mechanism @Wang et al., 2019; Architecture search
@Ma et al., 2021; Patch classification @Sharma et al.,
2017; @Paoletti et al., 2018; @Sharma et al., 2018;
@Liu et al., 2020; Few-shot @Cheng et al., 2021; @Li
et al.,, 2021; Datasets @Long et al., 2021.

Tile-level classification
From Tile-level to pixel-wise labeling

Input image Tile-level scenes

Pixel-wise labeling Tile-level semantics

Full-scene semantic structure interpretation that
bridges tile-level scene classification toward pixel-
wise semantic labeling for high-resolution aerial
images.
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Pixel-wise Classification e

B Aerial images with low resolution
® Sizes of objects are smaller than the image resolution
® Spectral and texture attributes are mainly employed

® Pixel sampling and statistical analysis with content attributes
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Segmentation-based Analysis e CAPTAIN

B Object-based analysis
® Ground objects as basic units for semantic information identification
® Homogeneous segmentation by spectral, texture, and structural attributes

® lack semantic description, object relation modeling, scale challenge

¥

Image with rich detail Homogenous segments Object classification

17



Segmentation-based Analysis e CAPTAIN

B End2end segmentation
® Simultaneously produce homogeneous segments and semantic classes
® Improved architectures and feature integration to advance accuracy

® Optimization with massive pixel labels, computational burden, generalization

High-resolution aerial image ~ Convolutional encoder-decoder  Semantic segmentation result
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Tile-level Understanding (c) capTAIN

B Scene recognition within local area
® Complicated features and content as a whole with high-level knowledge
® Scene representation from handcrafted to deep learning features

® Coarse interpretation result, accuracy saturation of existing datasets

Real-world complex content Limited classes and scale Course classification result
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Analysis (c) capTAIN

Pixels are highly related to their neighbors in high resolution aerial images

Low resolution:
Isolated pixels as basic

semantic units

High resolution:
Pixels must be considered

homogeneity

More rich detail with
Noisy information
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Analysis (c) capTAIN

Tile-level representation for high resolution aerial image classification

Tile representation ~ Tile-level recognition Pixel-level parsing
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Outline

Introduction to Million-AlID
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Tile-level Datasets CAPTAIN

B Aecrial scene datasets

® Small scale and poor diversity: small number of categories and instances

® Accuracy saturation: lack standard evaluation benchmarks

Dataset #Cat. #Images per cat. #Images Resolution (m) Image size GLAT/SP Year
UC-Merced 21 100 2.100 03 256=256 XXX 2010
WHU-RS19 19 50 to 61 1.013 up to 0.5 600=600 XXX 2012
RSSCN7T 7 400 2,800 - 400400 XXX 2015
SAT4 4 89,963 to 178,034 500,000 lto6 28x28 XXX 2015
SAT-6 6 10,262 to 150,400 405.000 lto6 28=28 XXX 2015
BCS 2 1,438 2.876 - 600=600 KXXK 2015
RSC11 11 ~100 1232 -02 512=512 XXX 2016
SIRI-WHU 12 200 2.400 2 200=200 XXX 2016
NWPU-RESISC45 45 700 31,500 0.2 to 30 256=256 XXX 2016
ATD 30 220 to 420 10,000 05to 8 600600 XXX 2017
RSI-CB128 45 173 to 1,550 36,000 03to3 128=128 XXX 2017
RSI-CB256 35 198 to0 1.331 24,000 03t03 256=256 XXX 2017
Planet-UAS 17 -- 40,408 3to3 256=256 AN 2017
RSD46-WHU 46 500 to 3.000 117,000 05to2 256x=256 XXX 2017
MASATI 7 304 to 1,789 7389 - 512=512 XXX 2018
EuroSAT 10 2.000 to 3,000 27,000 10 6464 AN 2018
PatternNet 38 800 30,400 0.06 to 4.7 256x256 XXX 2018
MoW 62 -- 132,716 0.5 T4=58 to 16184=16288 e 2018
WiDS Datathon 2019 2 -- 20,000 3 256=256 XXX 2019
Optimal-31 31 60 1.860 - 256x256 XXX 2019
BigEarthNet 43 328 to 217,119 590,326 10.20.60 20=20,60=60,120=<120 e 2019
CLRS 25 600 15,000 0.26 to 8.85 256=256 XXX 2020
MLERSN 46 1,500 to 3,000 109,161 0.1to 10 256x256 XXX 2020
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Dataset Construction e CAPTAIN

Semi-automatic scene image collection: integration of public geographical features
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Scene image interpretation
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Semantic Categories

®m Hierarchical category organization with land use standard

® First-level:
8 categories

® Second-level:
28 categories

® Third-level:
37 categories

Multi-class classification:
51 fine-grained classes

Multi-label classification:
73 hierarchical classes

CAPTAIN

COMPUTATIONAL AND PHOTOGRAMMETRIC VISION

Agricultural land

C cial land

Arable land

I Grassland

Woodland

Dry land

Greenhouse Paddy field Terraced field

Meadow

Orchard

Commercial area

Special land

Religious land | Leisure land

Basketball court

Industrial land

Cemetery

Church Swimming pool

Power station

Wastewater tank

Wind turbine

Substation

s

Airport area

. Helipad | Runway Roundabout

Transportation land

Bridge

Viaduct Road B

Railway area Port area

Train station

ial land

Sparse shrub

Apartment




. COMPUTATIONAL AND PHOTOGRAMMETRIC VISION

Dataset Scale

h category
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2k to 45k samples

m Over 1M instances with unbalanced distribution
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Dataset Diversity e CAPTAIN

m Over 1M instances with unbalanced distribution: 2k to 45k samples in each category
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Geographical Distribution
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COMPUTATIONAL AND PHOTOGRAMMETRIC VISION

®m Scenes around the world: intensively distributed within human inhabited areas
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|
||
m Aerial Scene Classification: A New Benchmark
||
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Baseline Setup

B Unified implementation of CNN library

Model | #Layers | #Param. | Acc@l (%) | Year
AlexNet 8 60M 56.52 2012
VGG16 16 138M 73.36 2014

GoogleNet 22 6.8M 69.78 2014
ResNetl101 101 44M 77.37 2015
DenseNet121 121 M 74.43 2017
DenseNet169 169 14M 75.60 2017

B Benchmarking configurations

e Multi-class scene classification: 51 fine-grained scene categories
e Multi-label scene classification: 73 hierarchical semantic categories

B Evaluation metrics

e COMPUTATIONAL AND PHOTOGRAMMETRIC VISION

CAPTAIN

e Multi-class scene classification: overall accuracy (OA), average accuracy (AA),
Kappa coefficient, mean of intersection-over-union (mloU)

e Multi-label scene classification: per-class precision (CP), recall (CR), F1 (CF)
and overall precision (OP), recall (OR), F1 (OF)
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Results

m Results of Multi-class scene classification

@ COMPUTATIONAL AND PHOTOGRAMMETRIC VISION

Performance of Single-label Scene Classification with different CNN models

Metric | AlexNet | VGG16 | GoogleNet | ResNetl0l | DenseNetl2l | DenseNetl169

OA 67.53
AA 63.18
Kappa 66.61

77.47
74.58
76.84

717.37
74.86
76.73

77.36
74.58
76.73

79.04
76.67
78.46

78.99
76.67
78.46

m Results on different datasets with our framework

OA Comparison Among Different Datasets

Dataset | AlexNet | VGGI6 | GoogleNet
AlID 86.86 86.59 83.44
AID* 88.79 93.72 02.24
NWPU-RESISC45 85.16 90.36 86.02
NWPU-RESISC45* 87.19 92.76 91.71
Million-AID 67.53 77.47 77.37

* Results using our implemented CNN framework,
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Confusion Matrix

Shallow network: AlexNet
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Confusion Matrix

Deep network: DenseNet121
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Confusion Matrix

® More results

Substation |+ - =i ]
wr

sp
Church

Cemetery
BF |-

BC

GC

GTF |o0
Stadium

Apartment
DH

MHP
Apron
Helipad

Intersection
Parking

ad
Roundabout
Viaduct

Pier

Railway

TS

Bare

Substation
WT
sP

u
Cemetery
BE |+

Bri
Intersection
Parking
d [oo

a

Roundabout

Viaduct

ier

Railway

TS

Bare [v0
Desert
ice

O
=
»
©

PF
T

DF

Greenhouse

Works
Mine

Substation

WT

Sl
Church
Cemetery

P

BC
GC
GTF

BF
Stadium

Apartment

MHP
Apron
Helipad
Runway
Bridge

Intersection

Road

Parking
Roundabout

Viaduct
Bare
Desert
lce
Island
Lake

Greenhause

PF
T

Meadow

Farest
Orchard
CA
Qilfield

ST
wp
Works

SPP

Mine
Substation

Quarry

WT

Sl
Church
Cemetery

P

BF
BC

e

GTF

T
Apartment

Stadium

DH
MHP
Apron
Helipad
Runway

Bridge

Intersection

Road

Parking
Roundabout

Viaduct
Pier
Railway
Bare
Desert
lce
Island

Lake

34



Results

m Results of Multi-label scene classification

Performance of Multi-label Scene Classification with different CNN models

=05 T =0.75
Model CP CR CFl | OP OR _ OFI CP CR CFI | OP OR OF || ™7
AlexNet || 7145 4819 5756 | 76.19 _ 62.84 _ 68.87 || 78.80 3851 _ 51.76 | 85.65 _ 53.03 __ 65.50 | 61.76
VGGl6 || 8226 6220 7084 | 8698 7531 8072 || 8461 5429 66.14 | 91.70 69.37 7899 || 79.13
GoogleNet 51.79 3399 4104 | 8850 5947 7114 || 5099 2376 3242 | 9490 4702 62.89 || 60.03
ResNet101 7938 5967 68.13 | 8874 7731 8263 | 7683 5156 61.71 | 93.05 7093  80.50 || 80.42
DenseNet121 7909 5621 6571 | 89.74 75.10 8177 || 7636 4775 5876 | 9420 6772  78.79 || 78.94
| DenseNetl69 || 7854 61.92 6924 | 8850 78.55 83.23 || 7852 5510 6476 | 9266 73.10 81.72 || 80.99 |
®m Challenging hierarchical multi-label classification
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Knowledge Transfer: From Tile-level to Pixel-level
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Scene Recognition e CAPTAIN

B Transfer Knowledge from ImageNet and Million-AlD for scene recognition
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Results on AID

®m Accuracy comparison

Classification accuracy (%) on AID dataset using different initialization schemes

Metric \ Pretrain dataset | AlexNet VGGI6 GoogleNet ResNetl101 DenseNet121 DenseNet169

W/0 3347 £2.15 72.18 + 0.49 70.05 £ 0.89 49.46 £ 2.07 58.02 £ 0.74 50.16 + 0.52

OA | ImageNet 8R8.79 + 0.40 93.72 + 0.21 92.24 + 0.21 94.52 + 0.25 94.68 + 0.19 94.76 + 0.21
Million-AID 90.70 £ 0.43 | 95.33 + 0.28 | 94.55 + 0.23 | 95.40 + 0.19 | 95.22 + 0.26 | 95.24 + 0.35 |

W/0 33.85 + 2.35 72.16 + 0.54 T8.88 + 0.88 19.29 £ 2.06 57.88 + 0.73 59.04 + 0.51

AA ImageNet 88.52 + 0.39 93.38 + 0.22 91.78 + 0.23 94.18 4+ 0.29 94.39 4+ 0.21 94.44 + 0.22
Million-AID 90.46 + 0.45 | 95.14 £ 0.27 | 94.30 £ 0.23 | 95.17 £ 0.19 | 94.97 + 0.26 | 95.00 + 0.38 |

W70 31.00 £ 2.24 TL.10 £ 0.51 78.31 £ 0.92 17.63 £ 2.15 56.50 £ 0.76 57.60 £ 0.53

Kappa ImageNet 88.39 + 0.42 93.49 4+ 0.21 91.96 4+ 0.22 94.32 4+ 0.26 94.49 + 0.20 94.57 4+ 0.22
Million-AID 90.37 £ 0.44 | 95.17 £ 0.29 | 94.35 £ 0.24 | 95.24 £ 0.20 | 95.05 £ 0.27 | 95.07 £ 0.37 |

®m Confusion matrices of different learning schemes
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CAPTAIN
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Results on AID CAPTAIN

m Example images and predictions

@ Railway station Railway station Railway station Railway station
IS Park Center Viaduct Mountain
Industrial Bridge B Airport Farmland

i Railway station Railway station Railway station

Railway station

Center Center B Center Center

* Railway station Square Square Airport

Industrial Stadium Storage tanks Storage tanks
Center Center ™ Center Center

48 Airport 1 Airport _: Airport
Railway station Railway station Center

Center = Commercial Railway station
The black labels are the ground truth. The labels indicate predictions by GoogleNet trained from scratch, the labels the predictions by DenseNet169

pre-trained on ImageNet, and the green labels the predictions by ResNet101 pre-trained on Million-AlID.
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Results on NWPU-RESISC45

®m Accuracy comparison

CAPTAIN

COMPUTATIONAL AND PHOTOGRAMMETRIC VISION

Classification accuracy (%) on NWPU-RESISC45 dataset using different initialization schemes

Metlric | Pretrain dataset | AlexNet | VGGI16 GoogleNet ResNet101 DenseNet121 DenseNet169

W/O 37.92 £ 0.70 73.10 £ 0.44 81.77 £ 0.56 58.82 £ 0.74 63.35 + 0.34 64.51 £ 0.47

0OA ImageNet 87.19 4+ 0.26 92.76 + 0.18 91.71 + 0.25 94.06 + 0.16 93.90 & 0.19 94.11 =+ 0.20
Million-AID 88.24 £ 0.21 | 93.62 £ 0.20 | 93.40 £ 0.23 | 94.20 £ 0.16 | 94.21 £ 0.20 | 94.26 £ 0.21 |

W/0 37.02 £ 0.70 73.10 £ 0.44 S1.77 £ 0.56 58.82 £ 0.74 63.35 = 0.34 64.51 £ 0.47

AA ImageNet 87.19 4 0.26 02.76 £+ 0.18 91.71 £ 0.25 94.06 + 0.16 93.90 &+ 0.19 94.11 £ 0.20

Million-AID 88.24 L 0.21 | 93.62 £ 0.20 | 93.40 £ 0.23 | 94.20 £ 0.16 | 94.21 £ 0.20 | 94.26 £ 0.21

W/O 36.51 £ 0.72 7250 = 0.45 31.36 £ 0.58 57.80 + 0.75 6251+ 0.35 63.70 = 0.4

Kappa ImageNet 86.89 4+ 0.21 92.60 £+ 0.19 91.52 + 0.26 93.92 +0.17 93.76 + 0.19 93.98 + 0.20
Million-AID 87.97 £ 0.21 | 93.48 £ 0.20 | 93.25 £ 0.24 | 94.07 £ 0.16 | 94.08 £ 0.20 | 94.13 £ 0.21 |

®m Confusion matrices of different learning schemes

Scratch -GoogleNet M|II|on AID DN169
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Results on NWPU-RESISC45 CAPTAIN

m Example images and predictions

Golf course Golf course Golf course Golf course
1 Mountain Basketball court Dense residential ’ R Bridge
Palace Baseball diamond  Airport Wetland
Golf course Golf course Golf course Golf course
Bridge Bridge Bridge Bridge
Commercial area 8 Terrace Thermal power Sea ice
station
Railway station River Airport Free way
Bridge Bridge Bridge Bridge
Intersection Intersection Intersection Intersection
Airport Freeway ¥ Industrial area Commercial area
| Roundabout _ Railway Railway station Dense residential
Intersection = ,712 Intersection Intersection ¥ Intersection
The black labels are the ground truth. The labels indicate predictions by GoogleNet trained from scratch, the labels the predictions by DenseNet169

pre-trained on ImageNet, and the green labels the predictions by ResNet101 pre-trained on Million-AlID.
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Semantic Classification e CAPTAIN

B Transfer Knowledge from Million-AID for pixel-level image classification

Shared parameters J—
—_—
v Million-AID @

! & <
T Million-AID @\
’%A) @2y Milion-AID

GID
< @3
Million-AID

Homogenous segmentation

Hierarchical attention network MSC & HSF modules Pixel-level semantics integration

Attention block > S
Losst = Y CES Y ()
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Ablation Study

COMPUTATIONAL AND PHOTOGRAMMETRIC VISION

m  Weights influence of different tasks

GID Million-AID
Fg  Hm —Kappa (%) OA (%) mloU (%) || Kappa (%) OA (%) AA (%)
0.1 09 62.85 69.06 39.88 90.36 90.62 89.55
03 07 63.15 71.00 41.85 89.44 89.72 88.91
05 05 66.65 72.38 42.71 89.67 89.94 89.14
0.7 03 66.14 72.02 41.75 88.98 89.27 87.84
m Corresponding training loss observation
- : Hg=0.1,um=0.9 - Hg=0.3, ym=0.7 - Ug=0.5, ym=0.5 a8 Hg=0.7, um=0.3
I’ Million-AID Million-AID Million-AID Million-AID
GID GID GID GID
0.5 'h 0.5 [ 05 05}
0.4 h*r | 0.4 é 0.4 0.4 1
‘ " | " »
%03 ‘l‘ 'W ﬂ o3 h o3 g o.31
0.2 ﬁ '-, 0.2 (’/‘ 02f 0.2 M
Hm : i
0.1f m‘ﬁ‘ﬁ; *;}‘{q M o1f | }[ :t:?WL 01f W)M 01f M&\
luh,_,% i e :\q_ s e I%N..MWW_MM
0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30
Epoch Epoch Epoch Epoch
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Comparison

COMPUTATIONAL AND PHOTOGRAMMETRIC VISION

®m Quantitative comparison using different Modules

Baseline MSC _HSR _HSI | Kappa (%) OA (%) mloU (%)
v 51.59 59.09 30.79
v v 66.65 72.38 4271
v v v 66.79 72.52 43.07
v v v 67.33 73.03 43.68
® Quantitative comparison with SOTA methods
Methods | Kappa | OA (%)
MLC + SGDL 0.145 23.61
SVM + SGDL 0.148 23.92
MLP + SGDL 0.199 30.57
RF + SGDL 0.237 33.70
DeepLab V3+ Mobilenet 0.357 54.64
U-Net 0.439 56.59
PSPNet 0.458 60.73
Deeplab V3+ 0.478 62.19
Deeplab V3+ 0.598 69.16
PT-GID 0.605 70.04
Ours 0.673 73.03
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Comparison @ CAPTAIN

m Qualitative comparison with different Modules

B paddy field

Artificial meadow

Irrigated land

. Industrial land

Dry cropland

. Garden land
Rural residential

. Arbor forest

Traffic land

Natural meadow

Pond

Shrub land

Input image GT
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Comparison CAPTAIN

®m Qualitative comparison with SOTA methods

Irrigated land
. Industrial land

Dry cropland
. Urban residential
. Garden land

Rural residential
.Arbor forest
Traffic land

Natural meadow

: . Pond

Shrub land

Input image GT PT-GID Ours

GRAMMETRIC VISION
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Outline

m Conclusions

e COMPUTATIONAL AND PHOTOGRAMMETRIC VISION
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Summary e CAPTAIN

B Areview of aerial image interpretation

® C(lassification prototypes develop with the improvement of image resolution
® Pixel-wise, segmentation-based, and tile-level classification methodologies are

established, relying on visual characteristics of images with different resolutions

M Tile-level scene classification

® Ve released a new large-scale dataset, Million-AlD, for aerial scene classification

® Million-AID shows better transferability than ImageNet for aerial scene classification
B Pixel-wise image parsing

® Ve verify the tremendous potential of transferring scene knowledge of Million-AlD to

advance aerial image interpretation from tile-level classification to pixel-wise labeling
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