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Interpretation of and Automatic Target Recognition
IN SAR Imagery Is neither simple nor intuitive

3 elevators?!?

No fuselage?!?
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ATR: detection and classification

Detection expected output: a bounding box containing each and every
object of a specific type (e.g. aircraft) inside the current image.

Classification expected output: for each bounding box a label identifying

the class inside the specific type.
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AlS-assisted generation of training datasets

Cargo

Sentinel-1

Passenger

Tanker

-> Deep Learning training based on automatically extracted datasets
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Selected architecture for detection:
Faster R-CNN ResNetbh0 V1

Backbone CNN
(VGG)
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Comparison with State of the Art

No. Method P, Py P, Recall Precision mAP F1
1 Faster R-CNN without FPN [75] 87.49%  18.45% 12.51% 87.49% 81.55% 84.62% 0.84
2 Faster R-CNN [100] 9191% 17.18% 8.09% 91.91%  82.82%  89.99% 0.87
3 OHEM Faster R-CNN [101] 88.83% 10.75% 11.17%  88.83% 89.25%  86.84% 0.89
4 CARAFE Faster R-CNN [102] 91.84% 16.74%  8.16%  91.84% 83.26% 89.78%  0.87
5 SA Faster R-CNN [103] 92.78% 17.10% 7.22%  92.78%  8290% 90.89%  0.88
6 SE Faster R-CNN [104] 92.24%  17.28% 7.76% 92.24%  82.72%  90.22% 0.87
7 CBAM Faster R-CNN [105] 92.64% 1858%  7.36%  92.64% 81.42% 90.50%  0.87
8 PANET [106] 91.51% 18.03%  8.49%  91.51% 81.97% 89.25%  0.86
9 Cascade R-CNN [78] 89.43%  12.10%  10.57%  89.43%  87.90%  88.02%  0.89
10 OHEM Cascade R-CNN [101] 84.68% 5.52% 15.32%  84.68%  94.48%  83.51% 0.89
11 CARAFE Cascade R-CNN [102]  90.50%  10.52%  9.50%  90.50%  89.48% 88.99%  0.90
12 SA Cascade R-CNN [103] 88.49%  11.68% 11.51% 88.49%  88.32% 8692%  0.88
13 SE Cascade R-CNN [104] 89.97%  12.66%  10.03% 89.97%  87.34%  88.48% 0.89
14 CBAM Cascade R-CNN [105] 89.83% 11.93% 10.17% 89.83% 88.07% 88.12%  0.90
15 Libra R-CNN [107] 92.04%  18.48%  7.96%  92.04% 81.52% 90.09%  0.86
16 Double-Head R-CNN [108] 93.18%  17.67% 6.82% 93.18%  8233% 91.34% 0.87
17 Grid R-CNN [109] 90.77%  13.24%  9.23%  90.77%  86.76%  8843%  0.89
18 DCN [110] 91.64% 17.82%  836%  91.64% 82.18% 89.45%  0.87
19 EfficientDet [111] 83.88% 24.00% 16.12% 83.88%  76.00% 80.37%  0.80
20 Guided Anchoring [112] 87.83% 9.88% 1217% 87.83% 90.12%  86.15% 0.89
21 HR-SDNet [6] 89.90% 12.50% 10.10% 89.90% 87.50%  88.37%  0.89
22 SSD-300 [76] 41.00% 11.03%  59.00%  41.00% 8897% 37.69%  0.56
23 SSD-512 [76] 58.33% 6.24% 41.67% 58.33% 93.76% 56.73% 0.72
24 YOLOv3 [113] 37.98% 4.39% 65.02%  34.98% 95.61%  33.98% 0.51
25 RetinaNet [77] 77.66%  4.68%  2234% 77.66% 9532% 76.15%  0.86
26 GHM [114] 88.43% 11.16% 11.57% 88.43% 88.84% 86.20%  0.89
27 FCOS [115] 74.98% 5.80% 25.02%  74.98%  94.20%  73.59% 0.84
28 ATSS [116] 4234%  7.59%  57.66% 42.34% 9241% 4095%  0.58
29 FreeAnchor [117] 9191% 23.15%  8.09% 9191% 76.85% 88.67%  0.84
30 FoveaBox [118] 75.99% 4.14% 24.01% 75.99%  95.86% 75.01% 0.85
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Selected architecture for classification:
EfficientNet
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Comparison with State of the Art

OpenSARShip

Method Recall (%)  Precision (%) F1 (%) LR+ Avcuracy (%)
LeMet-5 [E7) 65.0541.12  G0.54424T7 6273152 537=1.20 65744150
AlexNet [X1] GES51230d4 6552123 6694151 6.T1=1.15 T022H .68
V-1 [E3) T321% 686421 4% TOES=107 T72%=1.11 T342H) .75
VT-13 (B3] T25120 6724175 6979092 6.43=1.08  73.03HE6
Viar-16 B3] GRO6125.33 4632252 66532377 6BB=1.23 T0.05+]1.35
VIGG-19 (83 GOO3+5 18 SURSS2T  SUESR4 RG T2 54 66.05+].52
GoogleMet [118] 69732 GERELE]D 6921109 Tad-l0m T3Ei].32
ResNet-158 [90] T3. 764161 GRALST T1491.04 T T1=1.86  T4.64H068
ResNet-34 [90] T1A3+2.72  GE11+1.73 6969147 T7.07=1.13 734(+1.09
ResMet-50 | 0] TIL&T£1. 71 &A.79x127 6913104 6302073 T282:0.75

ResMet-101 [90] TO51+233 &721+2 86 6R 79226 T6E=1.BE TO.B5+0.58
ResMet-152 [20] GEERL201 S3.74:41.7T0 GO IBE095F 5T75=1.05 690220070
ResNext-50-32xdd [91] 70304204 6604215 68.06+01.19 6H42=162  T165+0.67
ResMext-100-32x8d [9]] TOTEL2TT 6705193 68E1x12] 6.TE=LB6 7261093
Wide-BesMNet-50 [91] 73434196 67644195 7040126 6467145 73280117
Wide-ResNei-101 [91] 72122277 6737146 69.62:1.27 6.83=1.61 T3.04H0.73
DenseMet=121 [ 109] T255+3 88 &95G2 17 TO93z1.60 7.77=1.99  74.65H).68
DenseMet-161 [ 109) T254+3.30 &7 77146 TO02=15] 6H.E2=1.23 73.394).79
DrenseMed- 169 [ 104) T A B0 &R EI=1LSD FOOT=1.000 7534=1.0% 74314076
DenseMet-201 [ 109] T2O07T+£3,33  &R20x] 08 TONOT=L.73 760=2 16 7296 A6
MoksileMer-v1 [ 110] G0 M2 RT S3A49L240 GARIE2 03 SRS=1 AT A291+1.08
MokileMet-v2 [111] Gh, 014,05 & B2 55 63 R2ZEINS 6 1B=0D94  A5.834)8]
MaobileMNetvd-Large [112] 65, 1222,53  &0.7521.71 62842173 5482094 66, 134092
MaobileMNetvd-Small [112] 672321.5% &1E5x1.60 64422141 5522070 66712087
SqueezeMNet-v 1.0 [113]  T14741.31 &A.TILLTD  A901L1.28 64612103 T2 015&].25
SqueereMet-vIL 1 [113] 67424467  &56TLIRT 664542461 739244  TOEGELL]
Incepion-v? [114] 6T 134141 63034063  &500:0120 & 142080 65994108
Inception-vd [115] 602643, 16 67434230 GEIR£107 TS3=led 72444070
Keeption [116] T 564500 &R AL AT TOOOED 29 74Tl 60 737440 86
Wang et al [6]] STT241.37T  SBTM4.76  SE12+267 TA2e]l06 69274027
How ef al, [T1] 0953200 694424 60 Texl6d 6 Td=1T6  6TAlEL13
Huang et al. [117] T4 44160  HUSGET IE ey 7 502] 43 749841 46
HOG-ShipUCLSNet TTHTLL04  T2424006 | 75.0440.68) 7834062  THI540.57




Collection of extensive and VHR training
datasets Is not simple

Sample dataset taken from the
MSTAR database




An efficient solution: use
a SAR image simulator

Aida Diva
passenger ship

Aida Diva, Capella Space SAR
image, 0.5m resolution

Aida Diva, simulated with
same parameters of Capella
Space SAR image
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Definition of SAR-specific materials

[ SimSAR 3D Scene Editor

File View

¥ Materials

v &11 Materials
¥ Defaul tMaterial

¥ Simulation

Status: idle
Quat: .00, 8,00, 0.0, 1,80

set Run Auto Tests

R:236 G:234 B:234 albedo
R: @ G @ B: 0 .unission
[ | .90 Roughness
.00 B metalness sdliae Camera extent
1.00 1 opacity £ Camera h res.
[ | 1.00 refraction (IOR) stz Caneravires:
9,70 | rim intensity Us2 optical
‘[l>ef.vaul:tmat?|:|al MatName_000002A65E172D 3 Gt Sbounces:
UiepilkEoNselcted) 10 Nr. of passes
> Metal
v Template Material
R:255 G:255 B:255 albedo
R: @ G @ B: @ .emissiun ¥ Floating window
080 Roughness Scene information:
[] 0,01 Metalness vertices: 1595008
faces: 1623739
1.00 I opacity lights: 1
[ ] 1.00 refraction (IOR) meshes: 610
0.70 ] rim intensity Appl\ca'tmn average 8.461 ms/frame (118.2 FPS)
wireframe
Material Template MatName_DOROO2A6SEAFOT
E@ g O show normals

Material Template

show rotation planes

Mouse on Plane: 1 1 1

Free Translate
@ cam/selection
Translation
Rotation

Scale

Snap to grid

3.000
20,000

Snap-Step-Value
Snap-Angle-Valu

No Object selected
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Simulation of different background
roughness
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Simulation of different carrier freqguencies

Boeing 727

L-band
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Verification of hypotesrs

Belarus: Luninets
19FEB2022

32 x FROGFOOT

52.277451,
26.781578

Social media, based on visual analysis of Very-High resolution Capella Space images, reported the
presence of Russian Su-25 ground attack arrplanes In the Luninets airbase in Belarus on February 22.
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Verification of hypotesis
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Simulation of different orientations /
Incidence angles

Bulk-carrier
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Not traced

The simulation .
can provide e

. a4 ) R
several detalls on [ ,..,,,,W AT

the scattering
mechanisms

Not traced
Fuselage
Front wings

Il Vertical stabilizer

I Horizontal stabilizer
Il Top elements

I Terrain (not traced)

Not classified
Shadow
Layover
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Generation of detection datasets via

EERRERRERRI 2% 1!

Easier and more efficient
than simulating complex
scenes




Sensor / mode

The Big Picture

VHRO0.5-1.0m

» VHR1.0-3.0m
v

VHR3.0-6.0m
v

» HR6.0-10.0m
v
> HR 10.0 = 15.0m |

Target class

Target model

Target type
> Airplanes
> Vessels
R Military
vehicles

> Airliners > A320
> B737
> Bombers
......................... >
> Fighters
......................... >
......................... ’ »
......................... ’ >




Thanks a lot for your attention!
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