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Prior Knowledge-Guided Transformer for Remote
Sensing Image Captioning
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Abstract— Remote sensing image (RSI) captioning aims to
generate meaningful and grammatically accurate sentences for
RSIs. However, in comparison to natural image captioning, RSI
captioning encounters additional challenges due to the unique
characteristics of RSIs. The first challenge arises from the abun-
dance of objects present in these images. As the number of objects
increases, it becomes increasingly difficult to determine the main
focus of the description. Moreover, the objects in RSIs often share
similar appearances, which further complicates the generation of
accurate descriptions. To overcome these challenges, we propose
a prior knowledge-guided transformer (PKG-Transformer) for
RSI captioning. First, scene-level and object-level features are
extracted in a multilevel feature extraction (MFE) module. To
further refine and enhance the extracted multilevel features,
we introduce a feature enhancement (FE) module. This module
utilizes a combination of graph neural networks and attention
mechanisms to capture the correlation and difference between
different objects or scene regions. Moreover, we propose a prior
knowledge augmented attention (PKA) mechanism to select the
objects that are more relevant to the scene regions by establishing
the relationships between them. This attention mechanism is
seamlessly integrated into the transformer structure, providing
valuable prior knowledge that promotes the caption genera-
tion process. Extensive experiments on three RSI captioning
datasets verify the superiority of the proposed method. Compared
with the baseline methods, the proposed method achieves more
impressive performance. The code will be publicly available at
https://github.com/One-paper-luck/PKG-Transformer.

Index Terms— Image captioning, prior knowledge, remote
sensing, transformer.

I. INTRODUCTION

IMAGE captioning is the task of generating a meaningful
and syntactically correct sentence to describe an image in

natural language [1], [2], [3], [4]. Although great improvement
has been witnessed in recent years, the research mainly focuses
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Fig. 1. Examples of (a) similar regions and (b) “port” scenes in RSIs.
(a) Similar region pairs are listed on the right and the regions are highlighted
in the image. (b) Objects that are closely or less related to the “port” scene
are listed on the right. GT is the ground truth caption.

on images in the real world, leaving the description of remote
sensing images (RSIs) still largely unexplored. In this article,
we take one step further to study the RSI captioning (RSIC)
task, which plays a critical role in the accurate and quick
understanding of RSIs.

Compared to natural images, RSIs exhibit distinctive charac-
teristics. First, a significant portion of the objects within RSIs
possess a similar visual appearance. For instance, in Fig. 1(a),
regions 2⃝ and 4⃝ represent “basketball fields” and “tennis
courts,” respectively, despite their visual similarities. Second,
RSIs typically contain a larger number of objects, which are
more challenging to understand and describe.

These characteristics present great challenges for the cap-
tioning task in RSIs. 1) The first challenge stems from visually
similar objects within RSIs. This similarity in appearance can
result in potential misidentification by the model, leading to
inaccuracies and inconsistencies in the generated descriptions.
2) The complexity of the captioning task is amplified by
the presence of numerous objects, making it challenging to
accurately capture and describe objects that are closely related
to the scene. As shown in Fig. 1(b), objects such as “boat,”
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Fig. 2. Framework of the proposed method in this article. It consists of an MFE module, an FE module, and a transformer with PKA. The MFE module
employs Faster R-CNN and ResNet-152 to extract object-level features Vo and scene-level features Vs from an input image, respectively. The FE module
obtains enhanced object-level features V̂o and scene-level features V̂s by leveraging the object–object and scene–scene relationships. Then, we obtain a prior
scene–object knowledge matrix C by calculating the dot product of the enhanced scene-level features V̂s and object-level features V̂o. Finally, a transformer
with PKA is devised to generate descriptions based on the enhanced object-level features V̂o and text input (the sum of word embedding and positional
encoding), guided by the prior knowledge. AAP, ⊕, and ⊗ represent adaptive average pooling, addition operator, and matrix multiplication, respectively.

“dock,” and “ocean” are highly correlated with the concept
of a “port” scene. Conversely, objects like “houses” and
“meadows” are less related. When given such an RSI, existing
methods [5], [6], [7], [8], [9], [10], [11], [12], [13], [14]
may create generations like “some boats are sailing on the
ocean” or “the water is dark green,” overlooking relevant
objects or focusing on irrelevant content in the RSI. However,
it is crucial to identify and describe the pertinent objects
that contribute to the overall scene. To address the above
challenges, some methods [15], [16], [17], [18] have attempted
to extract multiscale or multilevel features from RSIs to obtain
more detailed information. They employed various convolu-
tional layers or neural network models to extract the features.
However, these structures are not specifically designed to
highlight the differences between objects, thereby limiting
their effectiveness in comprehending RSIs.

In this article, we propose a solution to address these
challenges by exploring two types of relationships in RSIs:
intramodality (object–object/scene–scene) relationships and
intermodality (scene–object) relationships. First, we study
the object–object and scene–scene relationships within a
feature enhancement (FE) module. This module refines the
object-level and scene-level features based on the learned
relationships using graph attention networks [19]. By incorpo-
rating the FE module, the correlation and difference between
different objects or scene regions are injected into the
object-level or scene-level features. This enables the model to
distinguish between visually similar objects, resulting in more
accurate descriptions for RSIs. Furthermore, we investigate
the relationships between objects and scene regions in RSIs.
The relationships are further integrated into the scene–object
relationship into the transformer [5], [6], [7] structure as
prior knowledge. By doing so, the model becomes aware
of the degree of relevance between an object and a scene,
which encourages the generation of more contextually relevant
descriptions of the RSIs.

By consolidating the above ideas, we present a prior
knowledge-guided transformer (PKG-Transformer) for RSIC,
as shown in Fig. 2. The overall framework comprises a
multilevel feature extraction (MFE) module, an FE module,

and a transformer with prior knowledge augmented atten-
tion (PKA). In the MFE module, object-level features and
scene-level features are first extracted using faster R-CNN
[20] and ResNet-152 [21], respectively. Then, the FE module
combines graph attention networks and the multihead attention
mechanism to enrich the features with more detailed infor-
mation. Subsequently, the prior scene–object knowledge is
acquired by establishing relationships between the enhanced
object-level features and scene-level features. This acquired
knowledge is then integrated into the transformer to facilitate
the caption generation process.

The main contributions of this work can be summarized as
follows.

1) We propose to enrich the object-level and scene-
level features by leveraging the object–object and
scene–scene relationship within the FE module. This
effectively incorporates correlation and difference infor-
mation between different objects or scene regions into
their feature embeddings, resulting in a more precise
understanding of RSIs.

2) We introduce a PKA mechanism and explore the rela-
tionships between the objects and scene regions in RSIs,
which promotes the generation of contextually relevant
descriptions of the images.

3) Extensive experiments are conducted on three RSIC
datasets, demonstrating the superior performance of the
proposed method.

II. RELATED WORK

In this section, we will review the related works from two
aspects: natural image captioning and RSI captioning.

A. Natural Image Captioning
In the early stages, many template-based methods [22],

[23], [24] and retrieval-based methods [25], [26], [27] were
proposed for the image captioning task. However, these meth-
ods face challenges such as limited flexibility and reliance
on hand-designed features, making it difficult to obtain high-
quality captions. With the success of neural networks for
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various computer vision and natural language processing tasks,
deep-learning-based image captioning methods [4], [5], [7],
[15], [18], [28] have made significant progress in recent years.
Vinyals et al. [15] first introduced the encoder–decoder frame-
work, where the encoder utilized a convolutional neural net-
work (CNN) [16] to extract high-level visual features, and the
decoder employed a recurrent neural network (RNN) [17] to
generate captions. Furthermore, Xu et al. [18] incorporated the
attention mechanism into the framework in order to enhance
the focus on distinct regions of the feature maps within
the image. Later, Rennie et al. [29] proposed a self-critical
sequence training method, which adopted a better reward
signal normalization method to achieve a more stable training
process. Unlike the above methods that extract region-level
features with pretrained CNNs [30], [31], [32]. Anderson
et al. [5] extracted object-level features with the faster R-CNN
and presented a new bottom–up-top–down combined attention.
Since then, object-level features have been widely adopted in
the NIC task. Nowadays, transformer-based methods [4], [6],
[7], [28] have achieved state-of-the-art performance in the NIC
task. Cornia et al. [28] incorporated prior information about
the relationships between objects into self-attention to generate
more precise captions. Later, Yan et al. [33] embedded a
learnable memory vector inside the self-attention to obtain
prior language knowledge.

B. RSI Captioning

Inspired by the NIC methods, most RSIC methods adopt
the CNN-RNN framework. Qu et al. [8] first proposed a deep
multimodal neural network to select the best combination
of CNN and RNN for RSIC. Later, Lu et al. [9] explored
the performance of multimodal and attention-based methods,
showcasing that attention-based methods can achieve the best
performance. To accurately describe the semantic content of
RSIs, Zhang et al. [34] proposed attribute attention to combine
high-level features extracted from the relatively deep fully
connected (FC) layer with low-level features extracted from
the relatively shallow convolution layers or softmax layer.
Furthermore, Zhang et al. [35] proposed a label-attention
mechanism to utilize label information to guide the compu-
tation of attention masks. However, these methods ignore the
relationship between objects and scene regions. To describe
the regions related to the scene, Ma et al. [36] extracted
scene-level semantic features from ResNet-50 and extracted
target-level semantic features by using the convolution layers
of VGG-16. Then, they fed the multilevel features and the
previously hidden state ht−1 of the decoder output into the
multihead self-attention mechanism [6] to obtain the context
vectors at time step t . Later, Zhang et al. [37] proposed
a global visual feature-guided attention mechanism to filter
out redundant feature components in the fused local features
and global features through an attention gate. To take full
advantage of multiscale features, Wang et al. [38] collected
features from conv4 and conv5 of ResNet. These features
were concatenated as the image feature representation after
self-attention and gated cross-attention. Soon after, Li et al.
[39] adopted the efficient spatial pyramid [40] to extract multi-
scale features from the spatial features obtained by a pretrained

CNN and fed them into an adaptive average pooling operation
for a global representation. Then, the global representation
is concatenated with the original CNN features. Finally, they
designed a recurrent attention and semantic gate framework to
facilitate the RSIC task.

Recently, the advanced transformer framework has been
investigated for the RSIC task. Chen et al. [41] adopted a
multiscale vision transformer for image representation and
introduced a transformer decoder to generate sentences. In the
same year, Liu et al. [42] proposed a multilayer aggregated
transformer by combining transformer and LSTM [43]. First,
they fused multiscale features extracted from different layers
of ResNet-50. Then, the fused multiscale features were fed into
the transformer encoder, and LSTM was used to aggregate the
features from different encoding layers. Finally, the aggregated
features were input into the transformer decoder to generate
captions. Liu et al. [44] utilized pretrained large language mod-
els based on the vision transformer to describe the differences
between bitemporal images by natural language.

While the aforementioned approaches may generate gram-
matically correct captions, they often fail to accurately capture
the focus or subject of the image content. In this article,
we propose a novel approach to address this issue by lever-
aging scene–object relationships. By incorporating this prior
knowledge into the transformer structure, we guide the model
to describe objects that are closely related to the scene,
resulting in a more contextually appropriate description.

III. APPROACH

A. Overall Framework
The overall framework of the proposed method, PKG-

Transformer, is shown in Fig. 2. It consists of an MFE
module, an FE module, and a transformer with PKA. In the
MFE module, a set of scene-level features Vs and a set of
object-level features Vo are first extracted from an RSI I. The
FE module then enriches these obtained features by leveraging
the object–object and scene–scene relationships, resulting in
enhanced object-level features V̂o and scene-level features V̂s .
Subsequently, the prior scene–object knowledge C is acquired
by establishing the relationships between the enhanced fea-
tures. Finally, a transformer with PKA is devised to generate
descriptions based on the enhanced features, guided by prior
knowledge. Specifically, each encoding layer of the trans-
former employs a PKA that incorporates the prior knowledge
C into the self-attention mechanism. The transformer decoder
then predicts new words based on the outputs from the encoder
and the previously generated words.

B. Multilevel Feature Representation
Multilevel Feature Extraction: To obtain a more detailed and

comprehensive semantic representation for RSIs, scene-level
features and object-level features are extracted, respectively.
The scene-level feature captures the overall scene information
of the entire image, while the object-level features correspond
to specific objects within RSIs.

To extract the object-level features, faster R-CNN is used
to produce a set of object regions, and the features for the M
objects are denoted as Vo

= {vo
1, . . . , vo

M} ∈ RM×D1 .
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Following [36], we adopt a preptrained CNN (ResNet-
152 in this article) to extract the scene-level features. The
last FC layer is removed and the scene-level features Vs

=

{vs
1, . . . , vs

N } are extracted after the adaptive average pooling
operation, with the shape of RN×D2 .

Finally, the object-level features Vo and scene-level features
Vs are projected into a d-dimensional space.

Feature Enhancement: Inspired by the concept of leverag-
ing adjacent nodes to strengthen the current node in graph
structures, we propose a fusion of graph attention networks
[19] and the multihead attention mechanism [6] to refine the
object and scene features.

Object-Level FE: Given the object-level features Vo,
we build a fully-connected graph Go

= (Vo, Eo), where
Vo

= {vo
1, . . . , vo

M} is the node set and Eo is the edge set.
The edge eo

i j between vo
i and vo

j is defined as the attention
weight, which is obtained through dot-product attention

ei j = vo
i Wo

q

(
vo

j W
o
k

)T/√
d

eo
i j = softmax

(
ei j

)
=

exp(ei j )∑
k∈Ni

exp(eik)
(1)

where Wo
q ∈ Rd×d and Wo

k ∈ Rd×d are the learnable parameter
matrices; d is the scaling factor; and Ni is the neighborhood
of node i in the graph.

The refined object-level feature v̂o
i is then computed based

on the other nodes and the edges connecting them

v̂o
i =

∑
j∈Ni

eo
i j

(
vo

j W
o
v

)
(2)

where Wo
v ∈ Rd×d is the learnable parameter matrix.

Given the proven effectiveness of the multihead attention
mechanism in various domains [6], [19], [45], we extend this
concept to our refinement module. Consequently, the final
object-level features, denoted as V̂o

∈ RM×d , can be expressed
as follows:

V̂o
= Concat

(
V̂o

head1
, . . . , V̂o

headp

)
Wr (3)

where Wr
∈ Rd×d is the learnable parameter matrix, each

head i refers to a round of feature refinement, and produces
the refined V̂o

headi
.

Scene-Level FE: In a similar manner, we build a
fully-connected graph Gs

= (Vs, Es) to refine the scene-level
features, which produces the enhanced scene-level features
V̂s

∈ RN×d .

C. Prior Scene–Object Knowledge

The prior scene–object knowledge refers to the relationship
between each object and the scene. Specifically, we compute
the relationship between objects and all scene regions, rather
than considering the entire scene as a whole. Given M objects
and N scene regions, we begin by performing a dot-product
operation between the refined object-level and scene-level
features. Subsequently, we apply the softmax operation to each
column, resulting in the knowledge matrix C ∈ RM×N

C = softmax
(

V̂oV̂sT/√
d
)
. (4)

Fig. 3. Encoder for our transformer. The encoder is built with a stack of
B identical encoding layers. Each encoding layer is mainly composed of the
PKA. For the sake of clarity, the MHA module is not shown. ⊙ represents
Hadamard product.

Each element in column j of C represents the degree of
relevance between the j th scene region and the objects, while
the row i of C denotes the relationship between the i th object
and all scene regions. The acquired prior knowledge will
be utilized to guide the process of generating captions in
Section III-D.

D. Transformer With PKA

Our transformer is composed of an encoder and a decoder
module, both of which consist of stacked attention layers.
The encoder module enriches the object-level features by
incorporating the prior scene–object knowledge into the self-
attention mechanism. The decoder module utilizes the output
of each encoding layer to generate captions word by word.
The specific details are explained below.

Encoder: The encoder of our transformer is based on the
standard transformer architecture [6]. As shown in Fig. 3,
the encoder is composed of a stack of B identical encoding
layers. Each encoding layer consists of a PKA and a position-
wise FC feed-forward network (FFN). A residual connection
is employed around PKA or FFN, followed by layer nor-
malization. The inputs to each encoding layer include the
output of the previous encoding layer (object-level feature
V̂o for the first layer) and the prior scene–object knowledge
matrix C.

Let’s consider the first encoding layer as an example.
The PKA takes the object-level features V̂o and the prior
scene–object knowledge matrix C as inputs. The queries Q
corresponds to the object-level features V̂o, while the keys
K and values V are the object-level features V̂o filtered by
the prior scene–object knowledge matrix C. PKA can be
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Fig. 4. Decoder for our transformer. The decoder is built with a stack
of B identical decoding layers. Each decoding layer is mainly composed of
MCA. For the sake of clarity, the MHA module, the final FC layer, and the
softmax layer are not shown. c⃝, ⊙, and σ⃝ represent concatenation operation,
Hadamard product, and sigmoid activation function, respectively.

represented mathematically as

PKA(X, C) = softmax
(

QKT /
√

d
)

V

and Q = V̂oWq

K = (V̂oWk) ⊙ (sum(C)Wc)

V = (V̂oWv) ⊙ (sum(C)Wc) (5)

where Wq ∈ Rd×d , Wk ∈ Rd×d , Wv ∈ Rd×d , and Wc ∈

R1×d are learnable matrices; sum(·) is utilized to calculate
the row-wise sum of a matrix; the symbol ⊙ denotes the
Hadamard product.

The key difference between PKA and self-attention is
its ability to filter the keys and values based on the prior
scene–object knowledge. This enables the model to incor-
porate scene–object knowledge into the self-attention mecha-
nism, leading to improved inference of objects that are closely
related to scenes.

The obtained features are then passed through a FFN
layer to acquire the output Venc

1 of the first encoding layer.
Similarly, we can obtain the outputs of the encoder as Venc

=

{Venc
1 , . . . , Venc

B }, where Venc
i ∈ RM×d is from the i th layer.

Decoder: To fully utilize the output information from all
the encoding layers, we adopt the decoder architecture from
the M2 transformer [28]. As shown in Fig. 4, the decoder is
composed of a series of B identical decoding layers. Each
decoding layer consists of a meshed cross-attention (MCA)
[28] and an FFN. We also adopt a residual connection around
MCA or FFN, followed by layer normalization.

In the initial layer, we first apply the masked self-attention
operation to the text sequence Y to obtain Ymask. Then,

we apply cross-attention to each encoder layer output and the
masked text sequence for B iterations. Given the i th encoder
layer output Venc

i and the masked text sequence Ymask, the joint
representation Si is calculated as follows:

Si
= softmax

((
YmaskWi

q

)(
Venc

i Wi
k

)T /√
d
)(

Venc
i Wi

v

)
(6)

where Wi
q ∈ Rd×d , Wi

k ∈ Rd×d , and Wi
v ∈ Rd×d are learnable

matrices. Subsequently, we measure the relevance αi between
Si and Ymask as follows:

αi = σ
([

Ymask, Si]Wα
i + bα

i

)
(7)

where σ is the sigmoid activation function; Wα
i ∈ R2d×d

is the learnable parameter matrix; bα
i ∈ Rd is the bias;

and [·, ·] indicates concatenation operation. The preliminary
hybrid feature Z1 ∈ RM×d is obtained by aggregating all
cross-attention results S1, . . ., SB according to their weights:
Z1 =

∑B
i=1 αi ⊙ Si . This feature Z1 is then further processed

through an FFN. After the residual connection and layer
normalization, we acquire the output Vdec

1 of the first decoding
layer.

In the subsequent layers, the cross-attention operation is
applied to the output of the previous decoding layer (rather
than the text sequence Y in the first layer) and the encoder
outputs. The resulting output Vdec

B from the last decoding layer
is considered the final output of the decoder. Subsequently, the
decoder output Vdec

B is sequentially fed into an FC layer and
a softmax layer to calculate the probability distribution over a
vocabulary of possible words.

E. Training and Objectives

Training With Cross Entropy Loss: Following a widely
adopted approach in image captioning [5], [28], we start by
training our model using the cross-entropy loss (XE):

LXE(θ) = −

T∑
t=1

log
(

pθ

(
y∗

t |y∗

1:t−1

))
(8)

where y∗

1:t−1 = [y∗

1 , . . . , y∗

t−1] represents a portion of the
ground truth (GT) sequence, specifically the sequence of words
from the start till the (t − 1)th time step; T is the maximum
time step; θ denotes the variable parameter of the model.

CIDEr-D Score Optimization: Then, we employ a modified
version of the self-critical sequence training method [29].
During training, at each time step, we sample the top-k
words based on the decoder probability distribution and keep
track of the top-k sentences with the highest probability.
Then, we compute the CIDEr scores for these k sentences,
which serve as the rewards. To update the model parameters,
we define the gradient expression based on the average reward
of the sentences

∇θ L RL(θ) = −
1
k

k∑
i=1

((r(wi ) − b)∇θ log pθ (w
i )) (9)

where k is the number of samples; wi denotes the i th sentence
sampled in the beam; r(·) represents the reward function; b =

1/k
∑k

i=1 r(w j ) is the baseline reward, which is introduced to
ensure training stability.
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IV. EXPERIMENT RESULTS

A. Datasets

This article evaluates the proposed PKG-Transformer on
three RSIC datasets: Sydney-Captions [8], UCM-Captions [9],
and RSICD [9].

Sydney-Captions: It consists of 613 RSIs selected from the
Sydney Dataset [46]. This dataset contains seven land cover
categories, the size of each image is 500 × 500 pixels, and
each image is associated with five human-annotated captions.

UCM-Captions: It consists of 2100 RSIs selected from
UC Merced Land Use [47], and the target is distributed in
21 classes. Each class contains 100 images with a size of
256 × 256 pixels. Each image is associated with five human-
annotated captions.

RSICD: RSICD is the largest RSIC dataset among three
datasets, which consists of 10 921 RSIs selected from the
AID dataset [48] and other platforms, such as Baidu Map and
MapABC. This dataset contains 30 land cover categories and
the image size is 224 × 224 pixels. Unlike the above two
datasets, each image in this dataset is associated with no more
than five human-annotated captions.

B. Evaluation Metrics

To evaluate the quality of the generated captions, we illus-
trate the RSIC performance by ten metrics: BLEU-n [49],
METEOR [50], ROUGEL [51], CIDEr [52], SPICE [53], S∗

m
[37], and Sm [37]. BLEU-n, METEOR, ROUGEL, CIDEr,
and SPICE. They can be calculated by the COCO caption
evaluation tool1. BLEU-n, METEOR, and ROUGEL are pro-
posed for machine translation, which are more concerned with
the accuracy of captions. CIDEr and SPICE are proposed
for image captioning, focusing on whether captions are more
human-like. S∗

m and Sm are overall metrics, which evaluate the
two aspects in balance.

BLEU-n: BLEU-n is first applied to the machine transla-
tion task and later to the image captioning task. Generally,
it divides candidate sentences and reference sentences into
phrases (from 1- to 4-gram). Then, it calculates the proportion
of phrase overlap between the candidate sentence and refer-
ence sentence to measure quality. The value of this evaluation
metric is between 0 and 1. The closer the score is to 1, the
higher the quality of the translation.

METEOR: This evaluation metric is also proposed for
machine translation tasks. It refers to both precision and
recall (harmonic average), where recall is more important than
precision. It is designed to correct certain shortcomings of
BLEU, which is closer to human translation.

ROUGEL: ROUGE is a set of metrics which is another
metric to evaluate the quality of machine translation/abstracts.
ROUGEL is commonly employed as an evaluation metric
for image captioning. It measures the similarity of candidate
sentences and reference sentences by calculating the longest
common subsequence among them. Different from BLEU, it is
more concerned with recalls.

CIDEr: It is specially designed for image captioning. It
treats each sentence as a document and then computes a

1https://github.com/tylin/coco-caption

term frequency-inverse document frequency (TF-IDF) vector.
By calculating the weight of each n-gram, cosine similarity
between the reference caption and the candidate one is further
used to measure the consistency of captions.

SPICE: It is also specially designed for image captioning.
It encodes the objects, attributes, and relations for the given
sentence based on the graph-method. First, it parses the candi-
date caption and references caption into syntactic dependency
trees through a probabilistic context-free grammar dependency
parser. Then, a rule-based method is employed to map the
dependency trees into a scene graph. Finally, it calculates the
F-score of the objects, attributes, and relations by leveraging
the parsed tree.

S∗
m and Sm : They are averages of part of the above metrics.

Their detailed definitions are as follows:

S∗

m =
1
4
(B4 + M + R + C) (10)

Sm =
1
5
(B4 + M + R + C + S). (11)

C. Experimental Settings and Training Details
Dataset Splitting: To ensure a fair comparison with the

compared methods [8], [9], [28], [37], [42], [56], [57], [58],
[59], each dataset is randomly shuffled and divided into three
parts for training, validation, and testing by the ratio of
80%, 10%, and 10%, respectively. To reduce the impact of
randomness, we conducted five experiments on each of the
three RSIC datasets. The best and worst results are excluded,
and the remaining outcomes are averaged to obtain solid
results.

Multilevel Feature Extraction: For object-level features,
we fine-tune the Faster R-CNN model with a ResNet-50
backbone pretrained on the ImageNet dataset [54] on each
RSIC dataset. During the fine-tuning process, we freeze the
batch normalization layers for the first 200 epochs and then
unfreeze them for the remaining 1000 epochs. The initial
learning rate is set to 1e − 5, and the IoU threshold is set
to 0.3. For an RSI, we select the top 50 object proposals as
object-level features (i.e., M = 50), with each object having a
dimension of 1024 (i.e., D1 = 1024). For scene-level features,
we remove the FC layer of ResNet-152 pretrained on the
ImageNet dataset. The scene-level features are extracted after
the adaptive average pooling operation. This process results
in a feature map with dimensions of 14 × 14 × 2048. We
then flatten this feature map into a matrix of size 196 ×

2048 (i.e., N = 196 and D2 = 2048). The projection space
dimensionality is set to d = 512 for both the object-level and
scene-level features.

Model Setting and Training: Following [28], we use B =

3 identical layers in a sequential transformer framework and
employ h = 8 parallel attention layers in multihead attention.
The word embedding dimension is set to 512. The positional
encoding is applied to sequences with a maximum length of
128, and the output word sequence has a maximum length
constraint of 20. For model training, we set the batch size
to 50 and patience to 5. Dropout keeps a probability of
0.9 after each attention and FFN layer. We employ the
Adam optimizer with β1 = 0.9, β2 = 0.98 to optimize
the model parameters. And the learning rate is set to 1.
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TABLE I
COMPARISON RESULTS ON SYDNEY-CAPTIONS. ALL RESULTS ARE REPORTED AS PERCENTAGE (%). BLEU-1, BLEU-2, BLEU-3, BLEU-4,

METEOR, ROUGEL , CIDER, AND SPICE ARE DENOTED AS B1, B2, B3, B4, M, R, C, AND S, RESPECTIVELY.
THE SYMBOL “−” INDICATES THAT THE RESULT IS NOT REPORTED BY THE ARTICLE

All experiments are conducted on an NVIDIA GeForce RTX
3090 with PyTorch version 1.10.0.

We employ a two-stage training approach to improve the
performance of the model. In the first stage, we optimize
the model using the cross entropy loss and follow the learn-
ing rate scheduling strategy from [6], which incorporates a
warm-up operation comprising 10 000 iterations. After com-
pleting the first stage of training, we assess the model’s
performance on the validation set at each epoch and select
the model with the highest CIDEr score as the basis for
the subsequent training phase. The second stage of training
focuses on CIDEr optimization with a fixed learning rate
of 5e − 6. During the optimization and decoding process,
a beam size of 5 is employed to generate multiple candidate
sequences.

Compared Methods: To evaluate the effectiveness of the
proposed PKG-Transformer, we compare our method with
several state-of-the-art methods as below.

a) mRNN [8] and mLSTM [8] use VGG-16 as their
encoders but employ different RNNs (naive RNN, LSTM, and
GRU [55]) as their decoders.

b) Soft-attention [9] and Hard-attention [9] are based on soft
attention [5] and hard attention [5], respectively. They utilize
VGG-16 as the encoders and LSTM as the decoders.

c) RTRMN (semantic) [56] and RTRMN (statistical) [56]
select semantic topics and statistical topics from RSIC
datasets. Then, they incorporate the retrieved topic words into
a recurrent memory network to guide the sentence generation
process. The input image is represented by ResNet-101.

d) SD-RSIC [57] summarizes the GT captions into a single
caption for an RSI. Then, it integrates the summarized captions
with standard captions using an adaptive weighting strategy. It
employs ResNet-152 as the encoder and LSTM as the decoder.

e) Word–Sentence Framework [58] is a two-stage method,
consisting of a word extractor and a sentence generator. It
employs ResNet-18 as the word extractor and the transformer
as the sentence generator.

f) AoANet [59] designs an attention-on-attention (AoA)
mechanism to establish the relationship between the image
features. The decoder contains an LSTM and an AoA module.
The results are from [37].

g) GVFGA + LSGA [37] introduces a global visual
feature-guided attention based on the AoA mechanism to filter

out redundant information in the image features. It designs a
linguistic state-guided attention to further refine the fusion of
visual features and textual features. It also adopts the CNN-
RNN framework.

h) MLAT [42] is a multiscale RSIC method. It takes
fused multiscale features as input to the transformer encoder.
Then, it aggregates the encoding layers with LSTMs. Finally,
it inputs the aggregated representation to the decoder to gen-
erate sentences. The encoder and decoder are both composed
of 3 identical layers.

i) M2 transformer [28] embeds the prior knowledge of rela-
tionships between objects into self-attention in the transformer
encoder. This model adopts three identical layers in both the
encoder and decoder modules.

j) To evaluate the individual contributions of each com-
ponent and facilitate comparison with the M2 transformer,
we establish our baseline as a combination of the encoder
from the standard Transformer and the decoder from the
M2 transformer. This baseline architecture also utilizes three
identical layers in both the encoder and decoder.

D. Comparison With Other Methods

We present the comparison results with the other methods
in Tables I–III, which correspond to Sydney-Captions, UCM-
Captions, and RSICD datasets, respectively. All the results are
reported as percentages (%).

Table I shows the comparison results of our method with
other methods on Sydney-Captions. Overall, our method
achieves the best performance, outperforming the current state-
of-the-art method MLAT in terms of METEOR, ROUGEL,
CIDEr, and S∗

m by 2.35%, 1.56%, 2.08%, and 1.76% (rela-
tive improvements, same below), respectively. The methods
mRNN and mLSTM, which are solely based on the CNN-
RNN framework exhibit the least favorable performance,
with CIDEr scores of 32.20% and 37.20%, respectively. This
is because they do not consider the spatial relationships
between regions. Subsequently, the incorporation of attention
mechanisms results in substantial performance gains. Notably,
Soft-attention significantly surpasses mLSTM, particularly on
CIDEr with an impressive gain of 249.93%. Moreover, the
employment of the transformer architecture in our designed
baseline further enhances the CIDEr score by 12.26% com-
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TABLE II
COMPARISON RESULTS ON UCM-CAPTIONS. ALL RESULTS ARE REPORTED AS PERCENTAGE (%). BLEU-1, BLEU-2, BLEU-3, BLEU-4,

METEOR, ROUGEL , CIDER, AND SPICE ARE DENOTED AS B1, B2, B3, B4, M, R, C, AND S, RESPECTIVELY.
THE SYMBOL “−” INDICATES THAT THE RESULT IS NOT REPORTED BY THE ARTICLE

TABLE III
COMPARISON RESULTS ON RSICD. ALL RESULTS ARE REPORTED AS PERCENTAGE (%). BLEU-1, BLEU-2, BLEU-3, BLEU-4, METEOR,

ROUGEL , CIDER, AND SPICE ARE DENOTED AS B1, B2, B3, B4, M, R, C, AND S, RESPECTIVELY.
THE SYMBOL “−” INDICATES THAT THE RESULT IS NOT REPORTED BY THE ARTICLE

pared to GVFGA + LSGA. Finally, by exploring two types of
relationships, namely, object–object/scene–scene relationship
and scene–object relationship in RSIs, our method achieves a
3.44% higher CIDEr score compared to the baseline.

The comparative results on UCM-Captions and RSICD
are shown in Tables II and III, respectively. Consistent with
the findings from Sydney-Captions, the experimental results
indicate that transformer-based methods outperform both the
CNN-RNN-based methods and attention-based methods. In
Table II, our method demonstrates improvements across all
metrics when compared to the best performing M2 transformer
for UCM-Captions, with the CIDEr score showing the most
significant increase (+2.17%). Furthermore, in Table III, our
method surpasses the best-performing MLAT on most metrics,
especially the CIDEr score (+3.17%). Only metrics BLEU-1
and ROUGEL are slightly lower than Word–Sentence Frame-
work. Experimental results across the three RSIC datasets
confirm the generality of our method.

E. Ablation Study

To verify the effectiveness of each component, we con-
ducted ablation experiments by removing the FE module, the

PKA, and both components individually on the three RSIC
datasets. The experimental results are shown in Tables IV–VI.

The experimental results for the three datasets have sim-
ilar trends. Taking Table V as an example, it presents the
experimental results on UCM-Captions. The FE module alone
leads to improvements of 14.24% on CIDEr and 11.77% on
Sm , affirming its efficacy. This improvement is a result of
the FE module facilitating the generation of stronger image
representations. Specifically, the FE module establishes a
fully-connected graph to enhance the relationships between
each feature node and its neighbors, thereby producing more
effective scene-level features and object-level features.

Similarly, the PKA alone yields notable improvements in
CIDEr and Sm by 15.79% and 12.77%, which highlights the
effectiveness of the PKA. This improvement can be attributed
to the encoding of prior knowledge regarding the relationships
between objects and scene regions in PKA, thereby enhancing
the model’s ability to generate scene-related captions.

When both the PKA and FE modules are employed, the
CIDEr and Sm achieve superior performance. Compared to
using the FE module alone, the joint utilization of the PKA
and FE module leads to further enhancements on CIDEr
(+2.86%) and Sm (+2.69%). Similarly, compared to solely
utilizing the PKA, incorporating both the PKA and FE
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TABLE IV
ABLATION STUDIES ON SYDNEY-CAPTIONS. ALL RESULTS ARE REPORTED AS PERCENTAGE (%). BLEU-1, BLEU-2, BLEU-3, BLEU-4, METEOR,

ROUGEL , CIDER, AND SPICE ARE DENOTED AS B1, B2, B3, B4, M, R, C, AND S, RESPECTIVELY

TABLE V
ABLATION STUDIES ON UCM-CAPTIONS. ALL RESULTS ARE REPORTED AS PERCENTAGE (%). BLEU-1, BLEU-2, BLEU-3, BLEU-4, METEOR,

ROUGEL , CIDER, AND SPICE ARE DENOTED AS B1, B2, B3, B4, M, R, C, AND S, RESPECTIVELY

TABLE VI
ABLATION STUDIES ON RSICD. ALL RESULTS ARE REPORTED AS PERCENTAGE (%). BLEU-1, BLEU-2, BLEU-3, BLEU-4, METEOR, ROUGEL ,

CIDER, AND SPICE ARE DENOTED AS B1, B2, B3, B4, M, R, C, AND S, RESPECTIVELY

TABLE VII
EXPERIMENTAL RESULTS OF IMAGE DEGRADATION ON SYDNEY-CAPTIONS. ALL RESULTS ARE REPORTED AS PERCENTAGE (%). BLEU-1,

BLEU-2, BLEU-3, BLEU-4, METEOR, ROUGEL , CIDER, AND SPICE ARE DENOTED AS B1, B2, B3, B4, M, R, C,
AND S, RESPECTIVELY. THE SYMBOL “W/O” MEANS NO NOISE ADDED

module results in notable improvements on CIDEr (+1.48%)
and Sm (+1.78%). This observation indicates that the PKA
and the FE module exhibit complementary effects. The FE
module enhances the internal relationships among features,
thereby improving the quality of prior scene–object knowl-
edge. Subsequently, the PKA assimilates this prior knowledge,
aiding the model in selecting objects closely related to
scenes.

In conclusion, both the FE module and PKA contribute to
improved metric accuracy, with the best performance achieved
when both modules are utilized in combination rather than
independently.

Noise Analysis: In order to evaluate the robustness of the
proposed method, we also analyze the effects of Gaussian
noise and Gaussian blur on RSIs. To accomplish this,
we assess the algorithm’s performance under six distinct

Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on September 28,2024 at 15:39:27 UTC from IEEE Xplore.  Restrictions apply. 



4706213 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 61, 2023

Fig. 5. Examples of captions generated by the baseline, M2 transformer, and the proposed PKG-transformer, as well as the corresponding GT captions.
Some detailed and accurate words are highlighted in blue. The words that are inconsistent with the image content are highlighted in red.

degradation cases. This analysis allows us to understand how
the proposed method performs under various levels of noise
and blur. The six cases are described as follows:

a) Case1: Gaussian noise is added to each image with a
mean of 0 and a variance of 0.01.

b) Case2: Gaussian noise is added to each image with a
mean of 0 and a variance of 0.1.

c) Case3: Gaussian noise is added to each image with a
mean of 3 and a variance of 0.01.

d) Case4: Gaussian blur is added to each image with a
kernel size of 3 and a standard deviation of 0.5.

e) Case5: Gaussian blur is added to each image with a
kernel size of 5 and a standard deviation of 0.5.

f) Case6: Gaussian blur is added to each image with a kernel
size of 5 and a standard deviation of 1.5.

Following the above feature extraction process, we acquire
object-level features and scene-level features with different
noises. We report the experimental results of the proposed
PKG-Transformer and the baseline on Sydney-Captions in
Table VII. First, the PKG-Transformer outperforms the base-
line in different cases. Second, upon comparing the results of
each metric, it is evident that most metrics exhibit only minor
variations. Compared with Gaussian blur, Gaussian noise has

a greater impact on both the proposed PKG-Transformer and
baseline.

Sm represents the average of BLEU-4, METEOR, ROUGEL,
CIDEr, and SPICE. Therefore, to assess the robustness of the
algorithm, we can measure the maximum difference between
the mean values of Sm before and after degradation. The
maximum difference for PKG-Transformer is 7.51%, whereas
for baseline, it is 7.76%. This indicates that the proposed
PKG-Transformer exhibits better robustness compared to the
baseline.

F. Qualitative Analysis

To visually illustrate the effectiveness of the proposed
method, qualitative results comparing the baseline, M2 trans-
former, with the proposed PKG-Transformer are presented in
Fig. 5. These results are accompanied by human-annotated
GT captions, providing an intuitive demonstration of the
performance of the proposed method. Obviously, the captions
generated by the proposed PKG-Transformer are more accu-
rate and comprehensive compared to the baseline.

For instance, considering the first image in Fig. 5, the
baseline not only inaccurately depicts “four tennis courts” but
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Fig. 6. Example of captions generated by baseline with/without the FE
module, as well as the GT, closely/weakly related objects, similar objects.
Some detailed and accurate words are highlighted in blue. The words that are
inconsistent with the image content are highlighted in red.

also misses an important object “a basketball court”. Although
the M2 transformer portrays the important object “basketball
court,” it inaccurately describes “two tennis courts.” In con-
trast, our method accurately describes “a tennis court“ and
“a basketball court.” This demonstrates that our approach
is capable of generating captions that better align with the
context of the scene.

Furthermore, to evaluate the effectiveness of each compo-
nent, we visualize the results of the baseline with/without the
FE module and with/without the PKA separately, as shown in
Figs. 6 and 7, respectively. Taking the first image in Fig. 6
as an example, the baseline describes “four tennis courts,”
while the baseline with the FE module accurately describes
“six tennis courts.” This demonstrates that the graph structure
facilitates the differentiation of similar objects, thus aiding the
model in generating accurate descriptions.

Similarly, considering the first image in Fig. 7, the baseline
describes “a dense residential area” and “houses” but misses
the closely related object “swimming pool.” On the contrary,
the baseline with the PKA describes “houses,” “swimming
pool,” and “plants” in a way consistent with GT captions. This
demonstrates that incorporating prior scene–object knowledge
enables the model to describe objects that are closely related
to the scene accurately.

Overall, the above qualitative results provide strong evi-
dence of the effectiveness and improved performance of the
proposed PKG-Transformer in generating more accurate and
contextually aligned captions compared to the baseline.

Fig. 7. Example of captions generated by baseline with/without the PKA,
as well as the GT, closely/weakly related objects, similar objects. Some
detailed and accurate words are highlighted in blue.

TABLE VIII

COMPARISON BETWEEN THE BASELINE, M2 TRANSFORMER, AND THE
PROPOSED PKG-TRANSFORMER ON THE NUMBER OF

PARAMETERS AND FLOPS

G. Complexity Analysis
This section provides a brief analysis of the computational

complexity of the proposed PKG-Transformer. We can see
that the PKA incurs the majority of the computational cost.
First, computing the new prior scene–object knowledge matrix
C according to (4) requires O(M Nd + M N + Md) cost.
Then, computing PKA(X, C) via (5) costs O(2M2d +3Md2

+

6Md + 2M N ). Therefore, the computational cost of the PKA
is O(2M2d + 3Md2

+ 7Md + 3M N + M Nd). The com-
putational cost of the proposed PKG-Transformer is O(M2),
which is identical to that of the M2 transformer and baseline.
Table VIII shows the number of parameters and the number of
floating-point operations (FLOPs) of baseline, M2 transformer
and the proposed PKG-Transformer. While they consume com-
parable resources, the proposed PKG-Transformer achieved
the best results.

V. CONCLUSION

In this article, we propose a novel PKG-Transformer
that generates contextually accurate and grammatically cor-
rect descriptions for RSIs. Our approach explores the
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object–object/scene–scene relationships and scene–object rela-
tionships in RSIs through an FE module and a PKA,
respectively. This addresses the limitations of previous meth-
ods and generates more accurate captions. The FE module,
which is a fusion of graph attention networks and the multi-
head attention mechanism, is designed to refine and enhance
the object-level and scene-level features. In addition, we pro-
pose a PKA to select the objects that are more relevant to
the scene regions by establishing the relationships between
them. This attention mechanism is seamlessly integrated into
the Transformer structure, providing valuable prior knowledge
that promotes the caption generation process. Our extensive
experimental results and analysis demonstrate the effectiveness
of these proposed components. Compared with the state-
of-the-art methods, the proposed PKG-Transformer achieves
competitive performance in the RSIC task and generates more
accurate and descriptive captions for RSIs.
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