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Abstract: A deep understanding of our visual world is more than an isolated perception on a series
of objects, and the relationships between them also contain rich semantic information. Especially
for those satellite remote sensing images, the span is so large that the various objects are always of
different sizes and complex spatial compositions. Therefore, the recognition of semantic relations
is conducive to strengthen the understanding of remote sensing scenes. In this paper, we propose
a novel multi-scale semantic fusion network (MSFN). In this framework, dilated convolution is
introduced into a graph convolutional network (GCN) based on an attentional mechanism to fuse
and refine multi-scale semantic context, which is crucial to strengthen the cognitive ability of our
model Besides, based on the mapping between visual features and semantic embeddings, we design
a sparse relationship extraction module to remove meaningless connections among entities and
improve the efficiency of scene graph generation. Meanwhile, to further promote the research of scene
understanding in remote sensing field, this paper also proposes a remote sensing scene graph dataset
(RSSGD). We carry out extensive experiments and the results show that our model significantly
outperforms previous methods on scene graph generation. In addition, RSSGD effectively bridges the
huge semantic gap between low-level perception and high-level cognition of remote sensing images.
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1. Introduction
With the rapid development of space exploration technology, plentiful high-resolution
remote sensing images have been accumulated, which provides a solid data support for
in-depth understanding of remote sensing scenes [1–4]. Existing remote sensing image
processing technologies mainly focus on perception-level tasks such as classification [5],
object detection [6,7] and semantic segmentation [8,9]. In particular, with the breakthrough
of artificial intelligence (AI) techniques represented by deep learning, the accuracy of
category recognition has been qualitatively improved no matter in image-level or pixellevel [10]. However, to understand a remote sensing scene thoroughly, it is not enough to
stay at perceptual level. As shown in Figure 1a,c, object detection cannot distinguish the
essential differences between baseballfield and desert, which contain the same categories
(e.g., “road”, “bareland”, “meadow”). The main reason is these models are blind to the
spatial relations between entities [11]. In order to obtain the rich semantic relations from
image scene, many researchers have conducted a series of valuable studies [12–14]. One of
the most effective methods is to express the visual scene as a structured graph [15]. In this
kind of graphs, semantic interaction between nodes (including subject and object) can be
represented in a form like hsubject − predicate − objecti. In summary, semantic relationship
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reasoning involves detecting and localizing pairs of nodes in an image, meanwhile, classifying the interactive relationship of each pair. Therefore, the semantic differences among
baseballfield and desert can be clearly identified based on the analyses from Figure 1b,d, it
is obvious that baseballfield usually contains relationship hmeadow − surround − barelandi,
different with hroad − through − barelandi in desert. As a result, the scene graph serves
as a natural link between the low-level perceptual tasks (e.g., image classification, object
detection) and the high-level cognitive tasks such as image caption [16,17], visual question
answering [18] and image retrieval [19].

(a)

(b)

(c)

(d)

Figure 1. The comparative illustration of object detection and scene graph. (a) The object detection
result of baseballfield, in which nodes are annotated with region boxes and the belonging categories.
(b) The scene graph corresponding to baseballfield, where the solid ellipses represent nodes and the
lines with arrows represent the interactive relationships among nodes. (c) The object detection result
of desert. (d) The scene graph corresponding to desert.

Scene graph generation has become the preoccupant relation reasoning method in the
field of nature images and obtained numerous achievements [20–22]. However, the relevant
research is rare and the progress is relatively slow in remote sensing. Due to the obvious
diversities between natural images and remote sensing images, the direct transfer from
existing models to remote sensing is often ineffective [23]. Concerning various sizes,
aspect ratios and sparse spatial distribution of ground objects in remote sensing images, we
introduce dilated convolution [24] into attentional graph convolution network to construct a
multi-scale semantic fusion scheme for remote sensing relationship reasoning. By adjusting
the cognitive receptive field, our model is guided to pay attention to the context information
corresponding to different semantic ranges, and the semantic content can be effectively
integrated through a particular message passing mechanism.
In terms of semantic cognition dataset, researchers [25,26] began to pay more attention
to the scene understanding of remote sensing in recent years. Among them, Lu et al. [23]
proposed the largest dataset for captioning remote sensing image—RSICD, which has
high intra-class diversity and low inter-class dissimilarity. According to the statistical
analysis, this dataset contains 10,921 remote sensing images with a size of 224 × 224, 24,333
different descriptive sentences made up of 3323 words, and each image corresponds to five
sentences. RSICD [23] has become the universal dataset of remote sensing image caption
task and been widely applied [27].
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However, RSICD [23] only contains descriptive statements without additional and
meaningful annotations about the various entities in remote sensing images, such as labels,
region bounding boxes, attributes and relationships, which play an indispensable role in
exploring scene representations comprehensively. In particular, based on these information,
we can construct remote sensing scene graph, which forms a connecting link between visual
feature extraction tasks [5–7] and high-level semantic cognition tasks [26,28]. Therefore,
a remote sensing scene graph dataset is proposed to further improve the development of
semantic relationship cognition in remote sensing field.
In summary, the main contributions of this paper include four aspects:
•

•

•

To deal with the inherent characteristics in remote sensing images, such as large spans
and particular spatial distribution of entities, this paper introduces dilated convolution [24] into our method and builds a multi-scale graph convolutional network
creatively, which is helpful to expand the cognitive vision of semantic information.
A novel multi-scale semantic fusion network is presented for scene graph generation.
In addition, to improve the efficiency of relation reasoning, translation embedding
(TransE) [29] is adopted to calculate the correlation scores between nodes and further
eliminate the invalid candidate edges.
Aiming at the construction task of remote sensing scene graph, a tailored dataset
is proposed to break down the semantic barrier between category perception and
relation cognition. To the best of our knowledge, RSSGD is the first scene graph
dataset in remote sensing field.

The rest of this paper is organized as follows. In Section 2, related works are reviewed
briefly. The proposed model and dataset are introduced and analyzed in Section 3. Experiment results and discussion are shown in Section 4. Then, the conclusions are given in
Section 5.
2. Related Works
2.1. Scene Graph Generation
In fact, the idea of using contextual semantic content to improve scene understanding
has been studied for a long time [30–33]. In recent years, inspired by a series of fruitful
studies in computer vision tasks [34,35], Johnson et al. [19] proposed an issue of extracting scene graph from image, and extended object detection [36] to the cognitive task of
inferring semantic relations. Schuster et al. [37] proposed a model for scene graph generation including two modules: a rule-based network and a classifier-based network, which
map dependency syntax representations into scene graph. Inspired by the advances of
TransE [29] in relational reasoning, some relevant models are constructed for visual relationship recognition [38,39]. These TransE-based methods place the semantic information
in a low-dimensional mapping space, where the relations are represented as valuable translation vectors. Many previous works focus on building a scene graph from an input image
but neglect the surrounding context, as a result, these local predictions are often isolated
each other. However, the scene graph generation based on context information can solve
the above ambiguity problem. Inspired by this, Xu et al. [40] proposed a model by applying
iterative message passing to extract scene relationships. Hu et al. [41] integrated three
attentional graph structures to decompose the prefixal expression into subject, relation
and object, respectively, and introduced modular neural framework to match the extracted
context symbols with image regions. Zellers et al. [42] find that some inherent relational
patterns exist even in larger subgraphs, and more than half of images contain these substructures that frequently occurred before. Based on the above analysis, a neural network
structure called Motifs has been proposed. Motifs [42] builds a new global context computing mechanism and allocates labels to the interactive relations between nodes by combining
head, tail, and joint boundary region information with an outer product. A multi-level
scene description network (MSDN) [43] integrate object detection, scene graph generation
and image caption into a unified model to achieve a comprehensive understanding of
image, and the mainly operation of MSDN [43] is to pass and update context information
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among three visual tasks by constructing dynamic subgraphs. A pre-trained tensor-based
relational module [44] is used as the prior domain knowledge to refine the relationship
reasoning, moreover, a message passing scheme with gated recurrent units (GRU) is introduced to improve the accuracy of semantic relation detection. Herzig et al. [45] proposed
a scene graph predictor to reinforce relationship representation by exploring the interdependencies between nodes and relationships. To improve the final performance of scene
graph generation, Lu et al. [15] trained a feature extraction module and a language priors
module, respectively, and then combined them together through an objective function.
Yu et al. [46] adopt the prior knowledge of linguistic statistics to normalize visual feature
learning and reduce the cost of model training. A context-dependent diffusion network [47]
learned semantic knowledge through a word graph and obtained spatial representation by
extracting the low-level features, then these two types of global context information were
adaptively merged by a diffusion network to deduce the potential semantic relationships.
2.2. Scene Graph Dataset
Johnson et al. [19] proposed a real-world scene graph dataset (RW-SGD), which is
the first dataset explicitly created for scene graph generation. RW-SGD [19] is constructed
by gathering 5000 images from Microsoft COCO [48], and using Amazon’s Mechanical
Turk to produce human-generated scene graphs corresponding to these selected images.
VRD [15] is built for the task of semantic relationship inference, which has 100 object classes
extracted from 5000 images and contains 37,993 relationships. However, the distribution
of these interactive relationships in VRD [15] has a common problem of long tail in scene
graph datasets. Visual Genome (VG) [49] is a large-scaled relation dataset, which consists
of many components, such as attributes, relationships, question answer pairs. At present,
VG [49] has widely been applied to scene graph generation, image caption and visual
question answering for its huge number of images and relationships. In addition, another
scene graph dataset VrR-VG [50] is generated based on VG [49]. UnRel-D [51] is a new
challenging dataset of unusual relations including more than 1000 images, which can be
queried with 76 triplet queries.
2.3. Attention Mechanism
In remote sensing field, Haut et al. [52] proposed a residual channel attention-based
network which integrated the attention module into residual convolutional neural network
(CNN) layers. Luo et al. [53] introduced channel attention mechanism into fully convolutional network (FCN) to select appropriate features. Wang et al. [54] improved FCN by
adopting a class-specific attention model. Ba et al. [55] incorporated spatial and channelwise attention networks in CNN architectures to enhance features and detect fire smoke
from satellite pictures. In order to deal with the semantic segmentation task of remote
sensing images, Li et al. [56] proposed a dual path attention network, designing a spatial
attention module to extract pixel-level spatial context and introducing a channel-wise
attention module to exploit key local features in different regions.
2.4. Graph Convolutional Network
Because of the excellent ability to capture spatial features, CNN has been applied in
many vision tasks [5,53,55]. However, most CNN models are weak in modeling relations
between objects. For breaking through the limitations of grid sampling, graph convolutional network [57] has been proposed and successfully applied in irregular or non-grid
data representation and analysis recently [58]. For instance, to accurately forecast urban
traffic based on digital road map, Zhao et al. [59] proposed a temporal graph convolutional
network (T-GCN), which is composed of a graph convolutional network and a gated recurrent unit. In T-CGN [59], the GCN is used to learn multi-level semantic representation
for obtaining spatial information and the gated recurrent unit is used to learn dynamic
changes of traffic data for capturing temporal context.
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There are a few works related to GCN in remote sensing field. Shahraki et al. [60]
proposed a cascaded GCN for hyperspectral image classification. Qin et al. [61] extended
the original GCN to a second-order version by simultaneously considering spatial and
spectral neighborhoods. Wan et al. [62] performed super-pixel segmentation on remote
sensing images and fed the results into GCN to reduce the computational cost for improving the recognition efficiency. Based on a specific graph structure, Mou et al. [63]
presented a novel convolution operator and combined it with a neural network to construct a new learning model for analyzing unstructured spatial vector data. In order to
extract discriminative features from irregular structures, Khan et al. [64] proposed a novel
multi-label scene recognition technique for remote sensing image classification using deep
GCN. Shi et al. [65] integrated GCN and deep structured feature embedding (DSFE) into
an end-to-end framework. Furthermore, instead of adopting a classic GCN, DSFF [65] used
a gated graph convolutional network, which can generate clear boundary and process
fine-grained pixel-level recognition in remote sensing by refining weak and coarse semantic
prediction. In this paper, GCN is mainly used for information passing and fusion across
the scene graph of remote sensing images, as well as the renewal of a node state.
3. Materials and Methods
3.1. Scene Graph Generation Model for Remote Sensing Image
In the field of semantic scene cognition, researchers have carried out some preliminary
studies in remote sensing field and obtained many exciting achievements. However, if a
model crosses from the low-level feature perception to the high-level scene understanding
directly, but lacks the necessary support from semantic relationships between entities, it will
mechanically overfit the labeled data and fail to truly understand the remote sensing scenes.
For instance, Lu et al. [23] pointed out just because of the high co-occurrence between “tree”
and “building”, even though an image contains tree but no building, the label "building"
often appears in the recognition result.
Scene graph is a topological representation, which encodes the objects and their
relationships of a visual scene. In short, the task of scene graph generation is to construct a
graphical structure whose nodes and edges are related to the entities and relations from
input image, so as to deepen the understanding about a scene rather than just treating an
image as a collection of objects separated from each other [66].
From the perspective of scene graph G, an image I is composed of node set B and
edge set E, where these relational nodes semantically correspond to the subject S and object
O of hsubject − predicate − objecti triplet, respectively. Furthermore, R is formed by the
semantic relations labeled with the interactive predicates between subjects and objects.
Therefore, the generation of scene graph can be described as follows:
P( G, I ) = P( B| I ) P(S, O| B, I ) P( R|S, O, I ).

(1)

Unlike Graph R-CNN [66], we introduce TransE [29] to calculate the relation scores between nodes in visual scenes for pruning the meaningless connections. Besides, considering
the drastic changes of entity scale and aspect ratio in remote sensing field, the mechanism
of dilated convolution is introduced into graph convolution model to refine and broadcast
the semantic information of remote sensing scenes at different scales. The framework
proposed in this paper can thoroughly integrate the acquired semantic content, and further
predict the potential semantic relationships between nodes effectively. As a result, our
method is naturally suitable for remote sensing image understanding.
There are three sub-modules in our MSFN as shown in Figure 2.
•

•

Object Detection Network. The target patches with their initial categories are identified
by this detection framework from the input pictures. In general, the regions are
marked by a group of bounding boxes one by one. The details are shown in Figure 3.
Sparse Relationship Extraction Network (SREN). This module is designed for calculating and sorting the scores of relations between all pairs of nodes (red box representing
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•

subject and blue box representing object) to remove the invalid or weak correlation
node pairs, so as to clarify the semantic combinations of subjects and objects.
Multi-scale Graph Convolutional Network (MS-GCN). Based on the selected node
pairs with strong semantic relatedness, the multi-scale contextual information in
visual scene is propagated and fused to infer the categories of relationships, and a
scene graph is finally generated.

Figure 2. The overview of our proposed MSFN.

Figure 3. The overview of object detection network.

3.1.1. Object Detection Network
For the fair comparison with existing classical methods [39,42,66], this paper adopts
the general object detection architecture [35] to identify entities and extract visual features.
From Figure 3 we can find, for each image I, a group of feature maps are first extracted
by the convolutional operations in backbone network, whose framework is described in
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Table 1. Then based on the extracted features, the region proposal network (RPN) and
region of interest (ROI) pooling predict a set of bounding boxes B = {b1 , b2 , . . . , bC }, C is
the number of entities contained in I. Finally, all bounding boxes are classified by Softmax.
For each proposal bi ∈ B, it corresponds to a feature vector f i ∈ R N ×1 and a probability
vector li ∈ R1×Y of initial node label, and Y is the number of categories.
Table 1. The architecture of backbone network.

Input Size

Convolution Kernel

Output Size

Number of Parameters

224 × 224
224 × 224

3 × 3, 64
3 × 3, 64

224 × 224
224 × 224

(3 × 3 × 3) × 64 = 1728
(3 × 3 × 64) × 64 = 36,864

Max Pooling
112 × 112
112 × 112

3 × 3, 128
3 × 3, 128

112 × 112
112 × 112

(3 × 3 × 64) × 128 = 73,728
(3 × 3 × 128) × 128 = 147,456

Max Pooling
56 × 56
56 × 56
56 × 56

3 × 3, 256
3 × 3, 256
3 × 3, 256

56 × 56
56 × 56
56 × 56

(3 × 3 × 128) × 256 = 294,912
(3 × 3 × 256) × 256 = 589,824
(3 × 3 × 256) × 256 = 589,824

Max Pooling
28 × 28
28 × 28
28 × 28

3 × 3, 512
3 × 3, 512
3 × 3, 512

28 × 28
28 × 28
28 × 28

(3 × 3 × 256) × 512 = 1,179,684
(3 × 3 × 512) × 512 = 2,359,296
(3 × 3 × 512) × 512 = 2,359,296

Max Pooling
14 × 14
14 × 14
14 × 14

3 × 3, 512
3 × 3, 512
3 × 3, 512

14 × 14
14 × 14
14 × 14

(3 × 3 × 512) × 512 = 2,359,296
(3 × 3 × 512) × 512 = 2,359,296
(3 × 3 × 512) × 512 = 2,359,296

It should be noted that these initial node categories predicted by object detection
network are mainly used for screening the potential relationships in Section 3.1.2, and the
final node labels will be determined through multi-scale context interaction and fusion in
Section 3.1.3. In addition, f i will be applied to the subsequent refinement of multi-scale
semantic information.
3.1.2. Sparse Relationship Extraction Network
Although remote sensing images usually have large scale and complex spatial structure [67], not all entities are related to each other, and the relationships between them are
sparse in general [66]. In addition, if an image includes C entities, then C (C − 1) candidate node pairs will be generated. Moreover, remote sensing images often contain lots
of ground objects, if the relations of all pairs are predicted, the computing cost will be
undoubtedly huge.
It can be vividly demonstrated in Figure 4 that if entities belong to a special semantic
scene (e.g., “airport”, “golf course”, “harbor”), they will flock together, otherwise, they stay
away from each other (e.g., “airplane”, “ship”). In addition, the nodes with underlying
semantic relationships in the same scene will get much closer, such as “tree” and “grass”,
“airplane” and “pavement”, “ship” and “water”. Based on the above analysis, we first
calculate the node relation scores in visual scene, then rank these scores in descending order,
and select the top 70 percent of all pairs as the candidate relationships finally. The aim of
doing this is to trim out invalid edges and weaken their interferences in the cognition of
valuable semantic relationships, which is crucial to improve the efficiency and accuracy of
scene generation construction.
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(a) airport

(b) golf course

(c) harbor

(d) Visualization result of above three scenes
Figure 4. Three remote sensing scenes and the corresponding t-SNE [68] visualization.

The computational process of semantic relation score can be defined as:
d = σ ( f rT W (Wo f o − Ws f s )).

(2)

where σ is a nonlinear function; f s , f o and f r ∈ R N ×1 are the visual features of subject,
object and relationship (union of subject and object); Ws , Wo ∈ R M× N and W ∈ R N × M are
the transformation matrixes to be learned, respectively.
Inspired by the translation between visual features and semantic relations in VTransE [39],
we map the visual features and semantic embeddings of nodes into a potential space as
shown in Figure 5, and the mapping constraint is carried out by Equation (3), which is
beneficial to measure the semantic relation scores more accurately.
Lmap =

∑(s,o)∈(S,O) kWs f s − Wo f o + vo − vs k22 .

(3)

where vs , vo ∈ R M×1 are the label embedding representations of subject and object, respectively, k.k22 denotes L2 loss.

Figure 5. Illustration of semantic transformation. Mapping visual features (e.g., f s , f o ) and label
embeddings (e.g., vs , vo ) to a common semantic space via the learned transformation matrixes (e.g.,
Ws , Wo ).
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3.1.3. Multi-Scale Graph Convolutional Network
Due to the obvious diversity of entity size and spatial distribution in remote sensing
field, the ground objects may present different semantics given a series of cognitive scales
in remote sensing scene [67,69].
From Figure 6 we can find that with the increase of dilated rate, which refers to the
distance between two adjacent neurons of convolution kernel, the receptive field grows
exponentially. Furthermore, dilated convolution [24] will turn into traditional convolution
when dilated rate equals 1. Experimental results show that fusing multi-scale context
information by adopting dilated convolution [24] can observably improve the accuracy of
semantic segmentation tasks without significantly increasing the number of parameters
and the cost of computation [70]. The reason behind this is the special convolution expands
the receptive field without losing resolution [71].

(a)

(b)

(c)

Figure 6. The receptive fields of 3 × 3 convolution kernel corresponding to different dilated rates.
(a) has a receptive field of 3 × 3 when dilated rate is 1. (b) has a receptive field of 7 × 7 when dilated
rate is 2. (c) has a receptive field of 15 × 15 when dilated rate is 3.

Based on the above analyses, we believe that dilation operation can also contribute
to adjusting the receptive field of semantic context. Therefore, a novel multi-scale graph
convolutional network is proposed in this paper by introducing dilated convolution [24].
In this structure, the semantic contexts from different levels are interacted by setting
corresponding dilated rates, which is the key to expanding the cognitive view of our
model and strengthening its ability to understand remote sensing scenes. In this paper, we
aggregate neighbors in different cognitive levels by matching dilated rate with the skipped
distance between nodes, and the specific operation is demonstrated in Figure 7.

Figure 7. An illustration of multi-scale interaction. Rectangles represent nodes and diamonds
represent relationships.
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As shown in Figure 7, in the first level, the edge set interacting with node n0 is
{r0 , r1 , r2 , r3 , r4 }, and the node set related to n0 is {n1 , n2 , n3 , n4 , n5 }. In the second level,
the edge set associated with n0 is {r5 , r6 , r7 }, and the node set interacting with n0 is
{n6 , n7 , n8 }. Similarly, in the first level, the node set connecting with edge r1 is {n0 , n2 }.
In the second level, the node set interacting with r1 is {n1 , n3 , n4 , n5 , n7 }.
In computer vision tasks, one important issue is to extract visual features and classify
them. Due to the entities in large remote sensing pictures are always distributed unevenly
and easily confused with each other, so the above research is more crucial in remote
sensing image processing. Recently, deep learning-based attention mechanism [72] is
regarded as an excellent solution by perceiving object-level features to illustrate the main
sematic information in remote sensing scenes. For instance, [21] used a neural network
with self-attention mechanism to embed context via constructing an adjacency matrix
based on the space positions of entities. An attention graph network [73], an attention
graph network is proposed to generate scene graph directly from the top layer of a pretrained transformer, from which model can obtain the feature information and graph node
connectivity simultaneously.
However, due to the complex presentation of remote sensing scene, traditional attention methods usually become insensitive to some inconspicuous but meaningful entities
in processing remote sensing images [27]. Therefore, it is necessary to integrate local
and global information for improving recognition precision. In this paper, the attention
mechanism allocates corresponding weights to different regions of image, and leads model
to focus on the context information in specific semantic range.
In order to guide our approach to concentrate fully on the semantic context at the
particular level k, k = 1, 2, ..., K (K is the maximum dilated rate), we introduce attentional
mechanism to make the network adaptively recognize the information from neighboring
nodes and relations. The jth node’s attentional weight associated with the uth node is
expressed as:
αkuj =

exp(φ( A T [ω f u , ω f j ]))
∑n∈ Nuk exp(φ( A T [ω f u , ω f n ]))

.

(4)

where Nuk is the neighboring set of the uth node at level k. φ and [.] are the ReLU non-linear
activation and concatenation operation, respectively, A refers to the attentional parameters
‘
of a single-layer feedforward neural network, ω ∈ R N × N is a weight matrix to be learned.
A graph convolutional network [74] for scene understanding is constructed to jointly
detect the entity properties and relational semantics. In this method, to effectively represent semantic relations, a visual encoder is designed to produce distinguishable and
type-aware relationship embeddings, which are constrained by both the language priors
and context information. Given the sparse connectivity of scene graph, an attentional
graph convolution network (AGCN) [66] is implemented to optimize visual features and
relationship representations among neighbors by passing semantic context throughout a
graph structure.
In terms of the interaction and fusion of semantic information at different levels, we
also use GCN to update the node context hi and relation context hr iteratively, and the
specific refining process is described as follows:
h0i = f i ,
hit+1 =

K

1

(5)
1

k
Wek hm ) + hit .
∑k=1 δ( Cv ∑ j∈ Nikv αijk Wvk h j + Ce ∑m∈ Nike αim
ik

(6)

ik

v is the number of node
where Nikv is the neighboring node set of node i at the kth level, Cik
e
e is the number of
set. Nik is the neighboring relation set of node i at the kth level, and Cik
0
elements. Wv and We are the mapping parameters to be learned. hi is initialized by the
original visual feature f i when step t = 0. δ is a nonlinear function.
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h0r = f r ,
hrt+1 =

K

1

∑k=1 δ( Cv ∑q∈ Nrkv αrqk Wvk hq ) + hrt .

(7)
(8)

rk

v is the neighboring node set of relation r at the kth level, and C v is the number of
where Nrk
rk
this set. h0r is initialized by the original visual feature f r of relation r when step t = 0, namely,
the visual feature of union region between subject and object that r corresponding to.
The predicted label of semantic relationship is formulated by the following equation:

rs→o = so f tmax ( ϕ([ho − hs , hs→o ])).

(9)

where hs , ho ∈ hi are the context information of subject and object with potential semantic
relation screened out by sparse relationship extraction network, and hs→o ∈ hr is the
relation context. ϕ is a multi-layer perceptron.
In this stage, the cross-entropy loss function Lrel is used to optimize the relation
reasoning process:
Lrel = ∑(s,o)∈(S,O) −rs‘ →o log rs→o .
(10)
where rs‘ →o is the ground-truth label of relationship r. S and O are the subject set and object
set associated with the input image.
The predicted node label can be shown as:
pi = so f tmax (τ ([ f i , hi ])).

(11)

where f i and hi are the visual feature and semantic context of node i, respectively. τ is a
multi-layer perceptron.
Similarly, the cross-entropy loss function Lcls is applied to optimize the prediction
process of node label:
Lcls =

C

∑i=1 − p‘i log pi .

(12)

where p‘i is the ground-truth label of node i, and C is the number of entities contained in
image I.
The overall loss function of our method can be described as follows:
L = ω1 Lcls + ω2 Lmap + ω3 Lrel .

(13)

where ω1 , ω2 and ω3 are the hyper-parameters.
3.2. Scene Graph Dataset for Remote Sensing Image
The long-term purpose of computer vision is to develop a series of models, which can
recognize the visual information within a scene intuitively and further deduce the invisible
semantic clues shrewdly from the visual context. In terms of current AI techniques, the performance of relevant model still depends on the knowledge learned from annotated dataset
heavily. The increasing availability of large amounts of data drives the development of
intelligent systems, which underpins the advances in image scene understanding. Moreover, in order to deepen the model’s inference ability to the visual world, it is necessary to
supplement its capacities of object detection and interaction reasoning with the experience
of human cognition [49]. Large-scale labeled dataset for specific tasks is the key to building
computer vision network. However, in the field of remote sensing, there is still no available
scene graph dataset. If an existing model is transferred from the original dataset to another
one without familiar surrounding context, its performance will degrade dramatically or
even fail to work [23].
According to the above analyses, in order to improve the research about remote sensing
scene understanding and open up the channel between feature perception and relation
cognition, a scene graph dataset for the remote sensing image—RSSGD—is presented
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in this paper based on the sentences in RSICD [23]. RSSGD is composed of node labels
(e.g., “meadow”, “road”), attributes (e.g., “large”, “green”) contained in the original
descriptive content, region coordinates and the relationships (e.g., “next to”, “has”, “in”)
between nodes.
RSSGD provides a multi-level learning platform for remote sensing images. In other
words, this dataset supports multidimensional studies in computer vision. By enhancing
the detectability to nodes and promoting the cognitive level on interactive relationships,
the models trained on RSSGD will obtain a more systematic understanding of remote
sensing scenes.
The detailed construction rules are described as follows:
•

•

•

If there is more than one description of relationship in the same node pair, the one
most consistent with the actual image scene or with the highest occurrence frequency
will be chosen.
The label should be in the singular form. However, for multiple descriptions, such
as “some planes”, the solution is: “some” denotes attribute and “plane” denotes
label. Similarly, “two cars” is treated as two nodes labeled with “car”, which can be
distinguished by “car_1” and “car_2” in visual representation.
To maintain the universality and expansibility of annotations, if the labels of the same
kind of entities are divergent, the one most consistent with the actual image content
or with the highest occurrence frequency shall prevail. For example, “office building”
and “business building” are collectively called “building”, and “airport runway” is
expressed as “runway”.

RSSGD is a remote sensing scene graph dataset built on the descriptive sentences of
RSICD. However, in addition to these descriptive statements, RSSGD also considers adequately the practical semantic scenes of images during the construction process. Therefore,
the numbers of entities and categories in the two datasets are not matched strictly. Futhermore, in order to prevent the trained models from over-fitting high-frequency relationships,
we always deliberately mine those uncommon relationships with profound cognitive value
for a particular scene. RSSGD aims to eliminate the semantic blank between perception
and cognition, and support the research of remote sensing scene understanding.
3.2.1. Statistics and Analysis
In this section, we provide statistical insights and analysis for our proposed dataset—
RSSGD. Specifically, we first break up a scene graph into three constituents—categories,
attributes and relations—and then study the number or percentage distribution of each
part individually. Based on these statistical results, we can accurately analyse whether our
dataset cover usual entities and the necessary relationships between them. In addition,
we can also clearly observe whether the fluctuation of distribution is excessive. If these
statistical results do not live up to expectations, we will take appropriate measures to
optimize RSSGD, such as exploring the missing categories from remote sensing images
as much as possible. Furthermore, by purposeful data enhancement we can increase
the number of low frequency objects so that the quantitative differences between high
frequency categories and low frequency categories are controlled in a moderate range.
From Figures 8 and 9, it can be readily found that RSSGD covers the usual categories
(e.g., “tree”, “building”, “road”), attributes (e.g., “green”, “long”, “blue”) and relationships
(e.g., “surround”, “in”, “next to”) in remote sensing images. In addition, the percentage
distribution is relatively balanced without drastic fluctuations, and the max gap is less
than 4% as shown in Figure 9. Therefore, the models trained on RSSGD can treat the
high-frequency relationships (e.g., “near”, “on”) and the low-frequency relationships (e.g.,
“along”, “cover”) equally without discrimination. The purpose behind this is to reduce the
model’s biased performance, which is caused by the huge quantitative differences between
relations [75].
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Figure 8. Quantity distribution of the main categories on RSSGD.

(a)

(b)

Figure 9. Statistical results of the mainly relationships and attributes on RSSGD. (a) is the statistical
result about relations. (b) is the statistical result about attributes.

Specifically, in order to improve the model’s ability to identify entities, we pay more
attention to distinguishable information such as shape and color. Affected by the basic
hues of actual landforms and satellite remote sensing images, the numbers of “green” and
“white” are relatively large, followed by that of “grey”, and “red” has the least instances,
which is basically consistent with the real situation. In terms of relationships, to gain a
deeper understanding of remote sensing scenes, we focus more on the interactions (as
“surround” and “through”) between entities. Because the direction information from
remote sensing image is always not clear [23], we have not defined those relationships that
representing orientation (e.g., left, right).
3.2.2. Visual Representation
Combining the categories, region boxes, attributes, and relationships associated with
entities in one remote sensing picture, we can create a directed graph representation for
scene understanding as shown in Figure 10b, which is a structured presentation of the
image in Figure 10a. The links connecting two nodes in Figure 10b always start from one
subject and end with the related object. In the line linking 2 entities (subject and object),
there is a semanic relationship like “include”, “next to” corresponding to it. The attributes
are also connected to entities in the graph, as the blue ovals in Figure 10b. With the pictures
and corresponding graphs, our RSSGD can be utilized not only for the training of those
classification and detection models, but also for scene graph generation algorithms.
In addition, RSSGD can also improve the research on region description due to these
relatively fine annotations, such as bounding box, relationship, attribute, etc. For instance,
from Figure 10b we can readily obtain two region expressions (“the house is grey” and
“the meadow is green”), and the more abundant semantic information (“the grey house is
next to the green meadow”) can be gained by connecting them through their interactive
relation (“next to”).
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(a)

(b)

Figure 10. Visualization results on RSSGD. (a) is the visualization result of object detection. (b) is the
visualization result of scene understanding.

In summary, this work pushes toward a more comprehensive understanding of remote
sensing images by constructing a scene graph dataset, from which we can capture not just
the low-level category annotations but valuable high-level semantic representations, such
as attributes and relationships.
4. Results and Discussion
4.1. Experiment Setting
•

•

•

Datasets. To verify the generalization and adaptability of the proposed method fully,
we conduct experiments on RSSGD and VG [49] dataset. VG [49] is a popular benchmark for scene graph generation in the field of natural images. It includes 108,077
images with thousands of unique nodes and relation categories, yet most of these
categories have very limited instances. Therefore, previous works [40,75,76] proposed
various VG [49] splits to remove rare categories. We adopt the most popular one from
IMP [40], which selects top-150 object categories and top-50 relation categories by
frequency. The entire dataset is divided into the training set and testing set by 70%,
30% respectively.
Tasks. Given an image, the scene graph generation task is to locate a set of nodes,
classify their category labels, and predict relationship between each pair of nodes. We
evaluate our model in three sub-tasks.
The predicate classification (PredCls) sub-task is to predict the predicates of all pairwise relationships. This sub-task just verifies the model’s performance on predicate
classification in isolation from other factors.
The scene graph classification (SGCls) sub-task is to predict the predicate as well as
the node categories of the subject and object in every pairwise relationship given a set
of localized nodes.
The scene graph generation (SGGen) sub-task is to simultaneously detect a set of
nodes and predict the predicate between each pair of the detected nodes.
Evaluation Metric. Previous models like IMP [40], VTransE [39] and Motifs [42]
adopt the traditional Recall ( X ) (R@X) as evaluation metric, which computes the
fraction of times that the relationships are reasoned correctly in the top X confident
relation predictions. However, due to incomplete annotation and subjective deviation,
the scene graph dataset usually has a problem of long tails [75], which leads the
model to cater for high-frequency relationships, but is insensitive to low-frequency
relationships. In order to address this problem, we adopt mean Recall@X (mR@X) as
the evaluation metric of this paper rather than R@X. By traversing each relationship
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separately and averaging R@X of all relationships, mR@X is more effective for mining
the semantic relations of specific scenes and can be calculated as:
Recall =

TP
.
TP + FN

(14)

where TP, FN are the numbers of true positive and false negative, respectively.
mR@X =

1
X

X

∑x=1 Recall (x).

(15)

where Recall ( x ) is the recall rate of the xth confident relation.
4.2. Implementation Details
Following the classical works [40,42] of scene graph generation, we adopt Faster
R-CNN [35] as the baseline based on Pytorch platform to detect region bounding boxes
and extract initial features. We train the detector on the target dataset using stochastic
gradient descent (SGD) optimizer with a batch size of 20, momentum of 0.9, and weight
decay of 0.0001. The learning rate is initialized as 0.001 and divided by 10 every epoch
until the validation performance converges. After that, we freeze the weights of all the
convolution layers in object detection network and train relation reasoning module using
Adam optimizer with a batch size of 10. In this process, we initialize the learning rate to
0.0001. During training, we first sample 256 region proposal boxes generated by RPN,
and then perform non-maximum suppression (NMS) for every class with an intersection
over union (IoU) threshold of 0.4. When testing, we sample 128 proposal regions and
set IoU threshold as 0.7. The maximum dilated rate K is 3. ω1 = 0.2, ω2 = 0.3, ω3 = 0.5.
Furthermore, the max number of t in context iterations is 4.
4.3. Comparing Models
We compare our model with several visual relation detection methods:
•

•

•

•

•

•

IMP [40]: this method iterates messages between the original and dual subgraphs
along the topology of scene graph. Furthermore, it improves prediction performance
by incorporating contextual cues.
VTransE [39]: this model extends TransE [29] network to infer visual relations.
In VTransE [39], the detected subject and target are mapped into a common representation space, and their relationship is transformed as a translation vector to
generate scene graph.
Motifs [42]: a three-stage model including the predictions about boundary regions,
region categories and semantic relationships. The global context in each phase is
calculated through a bidirectional long short-term memory (LSTM) [77] and then used
for the subsequent stages.
Graph R-CNN [66]: based on graph convolutional network, this model effectively
leverages relational regularities to intelligently reason over candidate scene graphs
for scene graph generation.
Knowledge-embedded [78]: in order to deal with the problem of unbalanced distribution of relationships, this model uses the statistical correlations between node pairs as
the introduced priors for scene graph generation.
VCTree [75]: this model proposes a dynamic tree structure to capture the visual
context of a particular task. In addition, because the construction of VCTree [75] can
be independently performed and the fraction matrix is not differentiable, a hybrid
learning strategy is also proposed.

4.4. Experimental Results and Discussion
The quantitative results are listed in Tables 2 and 3. Because of the introduction of relational pruning module and graph convolutional network, Graph R-CNN [66] can generate
higher recall rates than Motifs [42]. In the Knowledge-embedded model [78], a particular
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graph network is used to propagate the features of nodes to meet the challenge from
uneven annotations, so this model has a certain improvement in mR@K compared with
Graph R-CNN [66]. Based on the unique tree structure, VCTree [75] is more discriminative
for the hierarchical relations and can respond well to the change of scene theme. As a result,
this method has obvious advantages in scene graph generation.
Table 2. Experimental results on VG [49] dataset.
PredCls
Model

SGCls

SGGen

mR@20 mR@50 mR@100 mR@20 mR@50 mR@100 mR@20 mR@50 mR@100

IMP [40]
VTransE [39]
Motifs [42]
Graph R-CNN [66]
Knowledge-embedded [78]
VCTree [75]

7.6%
11.3%
13.1%
15.4%
18.3%

10.1%
12.4%
14.2%
18.8%
20.7%
25.2%

10.8%
14.3%
15.4%
22.6%
24.2%
28.3%

4.9%
6.2%
7.9%
9.2%
12.3%

6.0%
6.8%
8.0%
9.7%
11.3%
13.1%

6.1%
7.2%
8.3%
11.1%
12.0%
14.2%

3.2%
4.4%
4.9%
6.2%
6.6%

3.7%
5.3%
6.0%
6.8%
8.1%
9.3%

4.9%
5.8%
7.2%
8.6%
9.8%
11.1%

12.2%
14.4%
17.8%

17.5%
19.6%
24.0%

22.4%
24.3%
29.1%

6.5%
8.1%
11.9%

7.6%
9.2%
13.6%

10.3%
11.8%
15.4%

3.8%
4.6%
6.3%

5.2%
6.4%
10.2%

7.4%
9.2%
12.3%

SREN AGCN MS-GCN
Ours

×
X
X

X
X
×

×
×
X

Table 3. Experimental results on RSSGD.
PredCls
Model

SGCls

SGGen

mR@20 mR@50 mR@100 mR@20 mR@50 mR@100 mR@20 mR@50 mR@100

IMP [40]
VTransE [39]
Motifs [42]
Graph R-CNN [66]
Knowledge-embedded [78]
VCTree [75]

10.2%
13.1%
18.3%
20.4%
21.6%

12.1%
16.8%
19.3%
23.2%
25.1%
27.4%

13.3%
18.6%
21.6%
28.1%
30.7%
31.6%

8.3%
10.1%
15.8%
17.3%
18.8%

7.4%
13.2%
15.7%
20.9%
22.6%
23.3%

8.2%
16.1%
19.1%
23.4%
25.6%
27.2%

5.8%
6.3%
13.6%
15.2%
16.1%

5.6%
6.9%
7.6%
18.1%
19.4%
20.7%

6.5%
8.3%
9.8%
22.6%
24.4%
25.2%

17.2%
19.4%
23.7%

22.4%
24.6%
28.9%

27.0%
29.3%
34.2%

14.3%
16.2%
20.1%

20.3%
22.1%
26.3%

22.6%
24.9%
29.1%

11.8%
14.6%
18.3%

17.2%
19.4%
23.6%

21.3%
23.1%
27.4%

SREN AGCN MS-GCN
Ours

×
X
X

X
X
×

×
×
X

In the VG [49] dataset, although our model is lower than VCTree [75] at mR@20, our
model achieves the best performance at mR@100. It indicates that the method proposed in
this paper can detect low-frequency relationships more acutely than other models, which is
essential for further understanding the semantic scenes with diverse and specific relations.
In RSSGD, the advantages of our model are even more prominent. As shown in Table 3,
our method has outstanding performance in reasoning the semantic relationships of remote
sensing images.
In addition, the results of ablation studies indicate that all sub-modules in MSFN
can work well. Among them, the introduction of sparse relationship extraction network
improves each metric by an average of 2%. It is mainly because this structure can effectively
cut out the meaningless edges between nodes, and avoid interfering with the recognition
about valuable semantic context due to the transmission of invalid information. It is
commendable that the multi-scale graph convolutional network improves the overall
performance by 4% on average, which fully shows that expanding cognitive view plays an
extraordinary role in promoting remote sensing scene graph generation.
Futhermore, by comparing Figure 11 with Figure 12, we can find that:
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•

•

•

RSSGD contains abundant ground-truth annotations corresponding to the remote
sensing images as displayed in Figure 12, such as hbareland − along − river i, hbridge −
across − river i, hroad − through − f oresti and so on, which play an irreplaceable role in
improving the comprehensive and in-depth understanding on remote sensing scenes.
From Figure 11 we can readily find that our model can accurately predict the relationships that are more appropriate for a particular scene. For example, in Figure 11e,
the house is close to the meadow tightly, and our model precisely applies “next to” to
represent the interactive relation among them. In contrast, the house is just near the
car but not adjacent to it, so our model selects “near” to show the difference instead of
still using “next to”. Likewise, in Figure 11c, the bridge and road are thin and long, so
“cross” can correctly reflect the interaction between them. Furthermore, because the
river is much wider than the road, so our method resourcefully employs “across” to
emphasize the relationship between the bridge and the river from one side to the
other. All the examples show a clear trend that our model is much more sensitive to
those semantically informative relationships instead of the trivially biased ones.
Similar to the previous works in scene graph parsing [39,42], Faster R-CNN [35] is
used as the object detector in all experiments. However, this model cannot effectively
extract deep visual features [66], which will inevitably interfere with the prediction
on node categories. For instance, in Figure 11a, the tree is improperly identified as
“meadow”, as a result, all of these detected relationships related to it are considered
as negative.

ISPRS Int. J. Geo-Inf. 2021, 10, 488

18 of 23

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 11. The qualitative examples based on RSSGD. From (a–h) are the experimental results
of object detection (left) and scene graph generation (right). In object detection, green boxes are
the predicted nodes that matching with ground-truth labels, and red boxes denote the incorrect
predictions. In relation reasoning, green ellipse is true positive predicted by our model, grey ellipse
is false negative, and red ellipse is false positive. In order to keep the visualization interpretable, we
only show the relationship predictions for the pairs of nodes that have ground-truth annotations.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 12. The ground-truth visualization on RSSGD. From (a–h) are the annotations of object
detection (left) and scene graph generation (right) corresponding to Figure 11, which not only covers
artificial scenes such as baseballfield and residential area, but also includes natural scenes such as
river and pond.

5. Conclusions
In this paper, we propose a novel approach—MSFN—for remote sensing scene graph
generation. In this framework, we adopt SREN, which is based on the mapping between
visual features and semantic embeddings, to prevent invalid information from tainting
valuable semantic context and improve the efficiency of scene graph construction. Besides,
for effectively coping with the varied structure and size of ground objects, we introduce
dilated convolution into graph convolutional network and propose MS-GCN to extend the
cognitive horizon of our model. To further promote the research of remote sensing scene

ISPRS Int. J. Geo-Inf. 2021, 10, 488

20 of 23

understanding, a novel relationship dataset—RSSGD—is proposed in this paper, which
is used for establishing the connections from low-level feature perception to high-level
semantic cognition. This dataset covers almost all common entities and relationships in
remote sensing field. Furthermore, in order to avoid unbalanced bias of the model’s performance, there is no significant quantity difference between relation categories. Massive
experiments are carried out on VG [49] dataset and RSSGD, and the results demonstrate
that our approach achieves overwhelming advantages in predicting the semantic relations
of remote sensing.
In addition, from Figure 9a we can find that the relationships contained in RSSGD are
relatively simple. In order to further improve model’s cognitive ability to remote sensing
scene, we will combine the property information of entities (e.g., size, shape, colour) and
introduce multi-modal fusion technology in the future to mine more valuable semantic
content, which is crucial to strengthen the understanding about remote sensing images.
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