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Fig. 1 Relationship dataset statistics (This search was
conducted in September 2024)
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A SR AR R 5 P A A DRI SR B
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Table 1 Relationship datasets in the field of visual
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Visual Phrases
(Sadeghi %,2012)
Scene Graph
(Johnson %%,2015)
VRD
(Lu%%,2016)
Visual Genome
(Krishna%5,2017)
[SEES Spatial VOC2K
v (Belz%%,2018)
SpatialSense
(Yang% ,2019)
VrR-VG
(Liang %5,2019)

2769 9 1796 2011

5000 68 109535 2015

5000 70 37993 2016

108077 40480 2347187 2017

2026 34 9804 2018

11569 9 13229 2019

58983 117 203375 2019

Open Images Dataset V4
(Kuznetsova %5 ,2020)

PSG

9278275 329 374768 2020

(Yang%%,2022) 49000 56 279300 2022
VidVRD
3 1 132 2 201
(Shang %5 ,2017) 000 3 397 017
CAD120++
: I I — 201
(Zhuo%5,2019) 33 0 019
o 10000 50 297352 2019

Wy (ShangZ,2019)
60 Action Genome

9848 25 1715568 2020
(Ji%F,2020)
HOMAGE
5700 2 583481 2021
(Rai %,2021) ?
VirtualHAG

2588 19 — 2023
(Qiu%,2023)
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Fig. 2  Scene representation of static images
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Table 2 Relationship datasets in the field of remote sensing
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Fig. 4 Scene representation of remote sensing images
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TS E R R, T T R
(Huang 4%, 2023) FIoLo0 ¥ M (Li %%, 2023b;
Shoouri %, 2023) %{T % . F-Net (Li%:, 2018)
JE— PR T T B s A e, B B R 2R
J#ETFEL, F BN X G 528 ) B RRE
PR VR R4S o i 0 i 4R B, TR B A%
T B LIRS WA R, 8 ad R R
wEE T, 8T T 5 5 B N . Graph
R-CNN (Yang%, 2018) 5l AKRRRIUML, H
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VEEIZEH . ARN (Qi %%, 2019) BEAIG| ATE L
AT, K Tl A TG AR A S 2 [R] — 23 ) ok
A SCRR T G 28 9 3B B X6 S R 1 G R i
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B i T RoR , B B T A R e 1
B, RAAL-SGG (Liu%s, 2022) 1 UK X 80
WREEBHTRAPN, HEE B RE IF 3
BRSNS b, SR IR I 2] () X 5 5 ik B X

I, AT X AR X S XS HE R L Liu 5§
(2023) & — BB 0 #2215 L #%  (NBP) i
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FAt 07 s

1 n
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Table 3 Performance comparison of relationship analysis method

. Predicate Det. Phrase Det. Relationship Det.
IREN
R@{20/50/100f mR@{20/50/100} R@{20/50/100f mR@{20/50/100f R@{20/50/100f mR@{20/50/100f

* DR-Net

~/80.78/81.90 ~/=I- ~/=I- ~/=I- ~/=I- ~/=1-
o (Dai%,2017)
bif
3 M-SGG
Bl ! ~/14.9/18.6 ~/=I- 5.1/6.2 ~/=I- 2.9/3.6 ~/=I-

7 (Xu%,2021)
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g3k
ik Predicate Det. Phrase Det. Relationship Det.
R@{20/50/100! mR@{20/50/100! R@{20/50/100} mR@{20/50/100} R@{20/50/100} mR@}{20/50/100
- VTransE
M P =/~ —/~/- -/2.65/3.51 —/~/- 1.71/2.14 =/~
% (Zhangﬂ—‘,2017)
& MATransE /89.79/96.26 /-1 /-1 /-1 I~/ -
% (Gkanatsios %#,2019) ' ’
X UVTransE
A P —/55.46/26.49 —/~/- ~/30.01/36.18 /- ~/25.66/29.71 =/~
(Hungﬂ—‘ ,2021)
Mp /41.8/55.5 /1 I~/ /1 [~/ [~/
(Xu%:,2017) R
MotifNet
" 58.5/65.2/67.1 —/~/- 32.9/35.8/36.5 /- 21.4/27.2/30.3 =/~
(Zellers %5 ,2018)
PANet 59.7/66.0/67.9 /1 37.4/40.9/41.8 /1 21.5/26.9/29.9 [~/
(Chen%§,2019) A T e
& 15-GCT /|~ ~/26.4/31.9 /- ~/15.8/18.9 /- -9.1/11.3
T (Kundu £ Aakur,2023) ’ ' ’ ’ ' ’
X
& RelTR 63.1/64.2/- 20.0/21.2/- 29.0/36.6/- 7.7/11.4/- 21.2/27.5/- 6.8/10.8/-
B (Cong%:,2023) B e e B o o
) SkHSG 0.1602/0.2561/- —/~/- /- /- /- =/~
(Lin%¢,2022)
Chen 5 126.67/32.92 /1 /19.59/23.28 /~1 /~1 /~/
(Chen%§,2022) ’ ’ ' )
HOD-Net 64.27/65.67 38.73/39.70 46.28/47.55 25.32/26.12 30.33/31.36 14.09/14.78
(Li%:,2025) (MR@1500/2000) (mMR@1500/2000) (MR@1500/2000) (mMR@1500/2000) (MR@1500/2000) (mMR@1500/2000)
F=Net /26.03/30.77 /1 /18.32/21.20 /~1 /~/ [~/
(Li%,2018) R T
Graph R-CNN
rapt ~/54.2/59.1 /=i~ -129.6/31.6 /- ~128.5/35.9 i~
(Yang%,2018)
% ARN /56.5/61.3 /~1 /38.2/40.4 /~1 /~1 /~/
* (Qi%,2019) T o
RAAL-SGG
o 59.1/66.2/68.4 —/~/- 33.5/36.7/37.6 /- 21.7/27.3/29.9 =/~
(Lin%,2022)
NBP
/I~ ~/28.5/30.6 —/~/- 15.1/16.5 /- 12.9/14.7

(Liu%¥,2023)
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Fig. 5 Flow chart of associated annotation tool
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Abstract: Target relationship analysis aims to gain a deep understanding of the target based on the detection task. In recent years, target

relationship analysis based on computer vision has attracted the attention of researchers in related fields, whereas the relationship analysis

algorithm in remote sensing emerged later. A primary concern is the lack of relationship datasets for the remote sensing field. Therefore, this

article aims to fill the gap in the review of association datasets, conduct a detailed review and analysis of relationship datasets and target

relationship analysis algorithms in the fields of computer vision and remote sensing, and provide new ideas for the research and

development of target relationship analysis in the remote sensing field.

In terms of relationship datasets, this article reviews and outlines 15 published image and video visual association datasets and four

remote sensing image association datasets in the fields of computer vision and remote sensing. It systematically introduces their

characteristics, data scale, association categories, and number of triples, as well as summarizes the limitations of existing remote sensing

relationship datasets such as inconsistent annotation formats and obvious long-tailed small groups. In terms of target relationship analysis
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algorithms, this article divides the existing algorithms into relationship analysis algorithms based on conditional random fields and
relationship analysis algorithms based on deep learning. Moreover, it summarizes the advantages and disadvantages of each type of
algorithm and compares the performance of the most advanced algorithms based on the evaluation metric commonly used in target
relationship analysis tasks. Finally, the factors that improve the performance of current remote sensing target relationship analysis algorithms
are summarized, such as complex semantic relationships and dynamic time-varying scenes.

In view of the limitations of current relationship datasets and target relationship analysis algorithms, this article proposes possible
future research directions. Regarding association datasets, this article proposes a concept of building a remote sensing relationship dataset
for time-series data and annotation specifications for remote sensing target relationships. Moreover, it preliminarily develops a set of
association annotation tools for remote sensing images, which provides optimization suggestions for the construction direction of future
relationship datasets. Regarding target relationship analysis algorithms, this article proposes innovative methods such as association dynamic
hierarchical modeling and dynamic scene graphs, to provide ideas for researchers in related fields.

Target relationship analysis is an important step to move from target perception to cognition. However, research on target relationship
analysis in the field of remote sensing is still in its infancy, and there is a lack of discussion of remote sensing target relationship datasets. To
address this problem, this article systematically organizes the existing relationship datasets in the current computer vision and remote
sensing fields and summarizes the limitations of remote sensing relationship datasets. This article also summarizes the research status of
target association algorithms and demonstrates the advantages and disadvantages of existing algorithms according to the algorithm type.
Finally, this article proposes a series of possible research ideas for the development of target relationship analysis in the field of remote
sensing. In terms of sample accumulation, this article proposes the idea of constructing a remote sensing time-series relationship dataset. To
unify the annotation format, a set of sample annotation and visualization tools is developed. In terms of algorithm innovation, this article
proposes the idea of a dynamic hierarchical relationship reasoning method, which provides new ideas for the future development of target
relationship analysis algorithms.

Key words: remote sensing, target relationship analysis, relationship datasets, scene graph generation, review, dataset
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