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Table 1 Comparative overview of remote sensing object detection datasets
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Figure 1 Main workflow of data acquisition and processing
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Table 2 Acquisition of different modality image data
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Table 3 File organization of the dataset
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Figure 2 Example of image data

<size>
<width>1820</width>
<height>2150</height>
<depth>3</depth>
</size>
<segmented>0</segmented>
<ohject>
<type>robndbox</type>
<name>airport</name>
<pose>Unspecified</pose>
<truncated>0</truncated>
<difficult>0</difficult>
<robndbox>
<cx>852.3316</cx>
<cy>1106.178</cy>
<wW>554.1914</w>
<h>806.1586</h>
<angle>2.9815%93</angle>
</robndbox>
</object>

0 D.47226798462383307 0.5102325581395348 0.3651839648544756 0.4055813953488372

B 3wl (b VOC FetEREK; T: YOLO KFHER D
Figure 3 Example of annotation data (Top: VOC rotated bounding box format; Bottom: YOLO horizontal bounding

box format)
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X5 BEGAG DR ARG, REREIH A AT N DN BRI S H AR I 1 7 3K .
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Figure 4 Statistical analysis of the dataset (Left: relative positions of image center points; Bottom-right: relative

target heights and widths of targets; all values normalized)
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ol Z REVEORIR . R RS2 G B R AR TR 75 Z AL SR 25 2, [ Bk L A5 SR ) 2 T 8 88 R R
FEEERE, DMRFFEHRSEZ AR . (3) BRAFRARM AL BER ST EIRE R, E
AL BRTCAR X3, AT $ T+ S B A

BESHARIE SO REAKE, B T at i) R AR LT N (1) e otk
PRiEds s ARt A% QDRSO B e B e AT A A, B R B A e 50 1) 7 Q)h&ﬁ@%
S ISR AR, BRI FAHE M FRETE N ORPRESRFGAE) FINARAI&H 4. (3
FRiERg A & X VOC F1 YOLO # AR AT A A, 0o vk i e A b A% X AT I mT A
%%ﬁﬁﬁ%ﬁﬁ%ﬁ TR B SRV AT PR R HERAYE . (4) ARdE—EUMER S B K A bs

BAFLERNI FAE R DA A% S, B ORECAR B h (R SE B N A S hsiE SO iR A — 3. BT
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N T RV RV AL BT R A S 0 SRR T A, DK RERR TR SO IEAT T U VA

TERERIZUME R R b, JEEL DL FARERAREAL : WU B Y Faster RCNNU4, F:- T CNN [ L BeAbi 2
YOLOv5n['*l, YOLOv8n[', YOLOv11n!'7, %&F Transformer [ 5[ BL#iR RT-DETRIS, DL K 3% &k
2R H AR AT SuperYOLO®!, HAr, SuperYOLO #2& Zhang %5 A& T YOLOvS HEZ2 ootk i H
TIE BT W AG-20 AN H ARAS I AT S R A

SLIG W E T, BR AR 8:1:1 LBIBENLLI 2 NI 258 (train) BRUESE (vaD) . MR (test). 5K
354 1y NVIDIA GeForce RTX 2080Ti (A7 12 GB) . #/F¥F554 CUDA 12.3. Pytorch 2.4 V¥ 2
SIHEZE. Python 3.10 4if2iE S - S —NZSHCNBENLELE T B (SGD) ik #s. 100 YIZRF%L. 0.001
WIE 5 2 %

TEVEALFR AR b, RAUERESR (Precision) « H[FI% (Recall) « F1 430%% (F1-Score) . A3
Eb (ToU) R{E N 0.5 B FHE FEEEME (mAP@O0.5)  ToU BIE M 0.5 5] 0.95 I ()7 25545 i 28
(mAP@0.5:0.95) . &t BAATFEARW (2) - (5) P, i, TP (True Positive) & E IEfH,
BV 7Y 1 A oK 1 4 SR 9 IE 451 R % . FP (False Positive) JEARIEMR], Feomtbi Ry 42 ks 47451 T
NIERI % . FN (False Negative) A2, 2o BUES R MUK I 61 00 il 3 . € Rom
KaHE, = 01 () X IHE—F¢ 2 ) Precision-Recall HIZE FHITHIAR . A [F] H A M AL 7E
BT s B 4 b ¥ S 4 v LR 4.

= 2

= 3

1 - =2 : (4)

= 6))

SCIGHAR R, FEAH R BRI . AFERBIASEM N, BT YOLO 224 ) SRS B R I R
A ILEHEZS N YOLOVSn iA ] 95.8%[H] Precision. 85.4%[] F1-Score f 86.2%[f] mAP@0.5, SAR #¥
AF YOLOvSn HUf 88.0%[1 Precision 15 81.7%[1 mAP@0.5, 38 T Frid g HE i l FEPE 5B
FePE 2 (EAHFEEEE L. MRISAIZEM T, ) OGRS 1) B bRasill v e P4l fabn i 8 £ T SAR
A, ZESHEM LTI T RSN AE R, (A ke, HATEENE, Z2HEE
P SuperYOLO (84.7% mAP@0.5) HE T4 45 Faster RCNN (67.2% mAP@0.5) 7ER] WG RE,
EARE T A SR A77E 1.5%01) mAP 25 . X P A8 3208 4 55 Belmouhcine 5 A UIF)fiff
REEW—E, W ZRES B AR IR AR 18 B B A R E R E . R AR B 4R IR sie 2
R, RS H AR IR L BE PP FE bR A I8 T B ASAR RL AT BERC I I 3 B4 . 1) SuperYOLO #¢
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Al — MR AU SAR SAAR L RATUN FF I 5 LN AR IR ST RF PEAF AE AR X s 20 ABHRERPTY &
HH AR AR TR, AR 18] 7 W A R SR, AE AR S5 Mg st i v 75 R BB Xk
MDA s . 23 b, ACHIT TR 2 K R T ON J S008I 2 L H R R AR S S i it — D 3R T 7T
UG — M HEEE -
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Table 4 Experimental results
pi-&itl S Precision Recall F1-Score mAP@0.5 mAP@0.5:0.95
Faster RCNN ] W 70.5 65.0 67.6 67.2 30.0
Faster RCNN SAR 58.0 50.0 53.7 54.4 234
RT-DETR CIB# 85.2 78.8 81.9 85.6 55.4
RT-DETR SAR 78.1 67.5 72.4 74.8 47.6
YOLOv5n ] W 90.0 77.4 83.2 84.6 51.2
YOLOv5n SAR 88.0 72.4 79.4 81.7 50.0
YOLOv8n ] W 95.8 77.0 85.4 86.2 53.9
YOLOv8n SAR 87.5 66.8 75.8 78.8 493
YOLOvlIn ] ot 87.9 78.3 82.8 85.5 51.1
YOLOvlIn SAR 83.9 69.5 76.0 77.9 45.6
SuperYOLO ] W+SAR 87.7 82.0 84.8 84.7 49.8

4.1 BOEMEA T

FEARER TN AT RATI T WO SAR RIR L BN AL, ARt T IR S
H A A /e B SR B B A . RS A R — DL HARRBE IRE A 2 o AREIR AN N
MARWE 5 s

AEGHE L RO NI 2 BAS H bRl L W S SR A S HE . BRI S, nP ARy m] o
5 SAR JEEZ LA H AR EIE M R E 5, 83 G FE SO SAAR 5 AR v ST A 2 A AR B
iz F B KL S B AR I B T I 2o SRR SR B EL b, FT DAk — 5 Ak 38 B 2 A
AR EIE

URAh, AEHE SR AE 2 Fh B ARAS ISR () st b S R B A w0k B o TR, AAR S SEBR B 7
K, WARBAREAEAVIGEIR A, 7R R 5 T IV BAE A, SRR A2t 1T
HIHE SR, 5, SIS ERNIS B AR, RS TUREE = S IR . 7R
e, P R AT WEEL SAR Feka UM% HARseAG80E,  BIRT B 30 3R15 v S p ke il 45 5

4.2 FHRRRE
A IAE TG G 75 MR 23 2R 5 B T3 TS H A ST (4952 6 23 A 55 MR S i T
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Figure 5 Application workflow of the dataset for object detection
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TESAG I FE 2 5] NBIUBEE 5 (speckle noise) » AT 52 M P4 (7 AT P55 R Pl A e vt . 7E B SR A 2
HREF, FERAER SAR B N L2 =0, A B CA%id 7 AR, W KER s 34T T, (2
5 FURBVE RG], MRS IHI AT AR . R, P S SRR AR A L R R, ATARYE A FE
L SR EUA [7] 1 Wl P 0T SRS o 1 575 e o B A 0 25 H bk I Bkt o, mridk—2b
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AT L R TR A B A 25 B S 7 DenoDet20) . 45 & % B M 2 R 4% f) 2 N A A
EchoCNN-Denoiser? V5T 45 SR e #r B H IR 59 40k [ IRIF 70 SEBR AR 261 B AN R AS BB & i 3
MRS N EEN, MR FEIET SAR i b .

(2) MG YREE

HARE AR PR R, MR RIS B S D =B R, 5 S H AR
RPEHEZEE R P RO G 1D ERS B SR B 3&E B 2 R RHE &7 8 451, mil
A L12-L15 BB PR iE: 20 RIS BT NE HE 3 T4, SR HE AR A7 3 58
3) BINEZERIE RS, SRR HERRRAE (2 [ R RE 7T 4D 2452 BR B 375 (W EE 2 9 R
ARO[ E I, ATk S 2 AAHICEC I REAR T4, M RBEAR IR, 98 LA T BRI 25,

AJERH (2001—> , 5B, RBRFHA, WA, BT OB R AR . EERE TR Bl
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A dataset of multimodal visible-SAR imagery for airport detection
in remote sensing

ZHAO Xuyang'?, ZHAO Lijun!’, LI Hongyi',
ZHANG Zheng!, TANG Ping!

1. Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100094, P.R. China
2. School of Electronic, Electrical and Communication Engineering, University of Chinese Academy of
Sciences, Beijing 100049, P.R. China
*Email: zhaolj201934@aircas.ac.cn
Abstract: Remote sensing image object detection is a significant area in Earth observation tasks. By
integrating remote sensing data from various sensors and utilizing multimodal complementary information,
the performance of object detection models can be significantly improved. To address the current
limitations in the remote sensing multimodal object detection field, such as insufficient datasets, limited
modality combinations, and restricted object categories, this study constructs a multimodal Visible-SAR
dataset for airport detection in remote sensing imagery named MVSDA, which is based on Google Earth
visible images and Gaofen-3 (GF-3) Synthetic Aperture Radar (SAR) imagy. During dataset construction,
standardized protocols were followed for data collection, processing, and annotation, encompassing a series
of procedures such as multi-source data acquisition, spatial alignment, non-informative region filtering,
expert-guided annotation, quality control, and evaluation. This dataset is characterized by pixel-level
alignment, large geographic coverage, multiple spatial resolutions, and diverse environmental conditions,
which supports the training requirements of mainstream deep learning models. This dataset provides
essential foundational resources for researchers in related fields and holds practical value for advancing
research in remote sensing multimodal object detection.

Keywords: multimodal; object detection; remote sensing; airport; visible light; SAR
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Dataset Profile

Title

A dataset of multimodal visible-SAR imagery for airport detection in remote sensing

Data corresponding author

ZHAO Lijun (zhaolj201934@aircas.ac.cn)

Data authors

ZHAO Xuyang, ZHAO Lijun, LI Hongyi, ZHANG Zheng, TANG Ping

Time range

2018-2020

Geographical scope

34 provincial administrative regions across China

Spatial resolution

8-69m

Data volume

15.18 GB

Data format

* png, *txt, *xml, *.zip

Data service system

https://doi.org/10.57760/sciencedb.j00001.01276

Source of funding

Civil Aerospace Technology Pre-research Project (D040404)

Dataset composition

The dataset mainly consists of two parts: image data and annotation file data, including

a total of 4 compressed files in zip format as follows:

(1) Annotations VOC.zip is a compressed package of annotation files in the rotated
bounding box VOC format. The data volume is 1915, stored in xml format. (2)
Annotations_ YOLO.zip is a compressed package of annotation files in the horizontal
bounding box YOLO format, with The 1915 data entries, stored in txt format. (3)
Visible.zip is a compressed package of remote sensing images in the visible light
modality, with 1,915 data entries, stored in png format. (4) SAR.zip is a compressed

package of remote sensing images in the SAR modality, with 1,915 entries, stored in

png format.
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