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Abstract: Recent Transformer-based works can generate high-quality captions for remote sensing
images (RSIs). However, these methods generally feed global or grid visual features to a Transformer-
based captioning model for associating cross-modal information, which limits performance. In this
work, we investigate unexplored ideas for remote sensing image captioning task, using a novel
patch-level region-aware module with a multi-label framework. Due to an overhead perspective
and a significantly larger scale in RSIs, a patch-level region-aware module is designed to filter the
redundant information in the RSI scene, which benefits the Transformer-based decoder by attaining
improved image perception. Technically, the trainable multi-label classifier capitalizes on semantic
features as supplementary to the region-aware features. Moreover, modeling the inner relations of
inputs is essential for understanding the RSI. Thus, we introduce region-oriented attention, which
associates region features and semantic labels, omits the irrelevant regions to highlight relevant
regions, and learns related semantic information. Extensive qualitative and quantitative experimental
results show the superiority of our approach on the RSICD, UCM-Captions, and Sydney-Captions.
The code for our method will be publicly available.

Keywords: remote sensing image captioning; salient regions; multi-label classification; multi-head
attention

1. Introduction

Generating a sentence about a remote sensing image (RSI), referred to as remote sens-
ing image captioning (RSIC), requires a comprehensive cross-modality understanding and
visual-semantic reasoning between RSIs and human-annotated captions. Thus, the RSIC
task is connected with vision and natural language communities, which plays an important
role in understanding RSIs and has a wide range of potential applications. Therefore, it
has aroused extensive interesting. With the explosive progress of deep neural networks [1],
a large amount of encoder–decoder networks have achieved notable successes in RSIC.

For an encoder–decoder structure in RSIC, Convolutional Neural Networks (CNNs)
generally play the role of encoder and Long Short-Term Memory (LSTM) [2] is built as a
decoder. Zhang et al. [3] employed a powerful CNN as an encoder and LSTM performed
sequence modeling. The emergence of the attention mechanism promotes the develop-
ment of attention-based RSIC methods. Lu et al. [4] firstly integrated the CNN-LSTM
paradigm with an attention mechanism, realizing dynamic weighted visual regions via
the queries of LSTM. Due to the outstanding effects of the attention mechanism, the di-
verse attention mechanisms have been widely adopted in RSIC models. A novel attribute
attention mechanism [5] aimed to extract semantic features as guidance information, and
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the attribute-driven regional features have efficiently improved the performance of ex-
isting algorithms. Semantic features are also focused by multi-level attention [6], which
was proposed with three attention layers, namely, visual attention, semantic attention,
and cross-modal attention.

1.1. Challenges in RSIC Tasks

In contrast to natural images, RSIs are taken from a high altitude and capture a signif-
icantly larger scale scene [7]. Traditional RSI tasks, such as scene classification [8,9], scene
segmentation [10–12], object detection [13,14], and change detection [15,16], are primarily
used for pixel-level and object-level visual interpretation. However, RSIC is devoted to a
comprehensive understanding of multi-scale, multi-directional semantic content [17,18] in
RSI. There are still some difficulties faced in RSIC tasks originating from (1) the complex
objects and background information in an RSI, (2) the semantic prior knowledge, and (3) the
overlooked inner relationships and cross-modal interaction.

Regarding the first difficulty, a CNN [19] is an effective feature mapping block that
learns diversity information in RSIs. It may not perform well on such images. This is
because the CNN is migrated from the natural image classification task on the ImageNet
dataset. To remedy this defect, Shen et al. [20] proposed a Two-stage Multi-task Learning
Model (VRTMM), which consists of a CNN encoder and a Transformer-based decoder
(see Figure 1a). Note that their CNN encoder is finetuned on an RSI classification dataset.
For expressing the multi-scale information [21,22], Li et al. [23] leveraged an efficient spatial
pyramid with different dilated convolutions to model the subtle multi-scale information.
Zhang et al. [24] expected higher vision quality; the improved global visual feature-guided
attention can remove out the redundant information in RSI. Zhao et al. [25] considered the
superiority of local region features compared with pixel-level features, combining obtained
segmentation proposals with CNN features for object-level structured features. Due to
numerous objects in the image, the structured features are still inefficient for association
with the language model. Thus, how to further derive the core regional features in RSIs is
still under-explored.

Transformer Decoder

Transformer Encoder

Transformer Decoder

Transformer Encoder

Transformer Decoder

Region Label

Many green trees are
around a playground.

Many green trees are
around a baseball field.

Some green trees and
several tennis courts are
around a baseball field.

CNN Encoder

(a) CNN-Transformer

(b) full Transformer

(c) our Transformer

Figure 1. Comparison of different RSIC models. (a) The CNN-Transformer pipeline. (b) The full
Transformer pipeline. (c) Our proposed Transformer model.

Regarding the second difficulty, although some attribute-assisted methods achieve
remarkable progress, they heavily depend on a pre-trained scene or a multi-label classi-
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fication task for the semantic embedding vectors, while the image visual features may
be interrelated with labels from the unknown classes. For example, Zhang et al. [26] di-
rectly predicted a specific scene label by a single-label classification branch, and the label
attention mechanism (LAM) reduced the difficulty of learning semantic information in
the RSI. Inspired by the LAM model, some researchers were not satisfied with one label,
containing less semantic information. Wang et al. [27] introduced multi-label classification
into two-stage RSIC and further entangled a multi-label semantic feature with pixel-level
or patch-level features. Considering that the detected labels are not the only element in the
vocabulary, Huang et al. [28] proposed a word classification network to generate semantic
words in ground-truth sentences. The sequence-level words serve as a more reasonable
signal for the caption inference stage. However, these works transfer visual features to
high-level semantic information with an individual network, and the phenomenon of
semantic ambiguity appeared with unseen RSI content. In this study, the “attribute” and
“label” represent an object’s class.

Regarding the third difficulty, existing CNN-LSTM methods often directly integrate
visual features (or fused features) with simple attention mechanisms, and the LSTM-
based decoder cannot well capture the long-range temporal correlations for all words in
a sentence. More recently, Transformer-based architecture, excellent in various tasks, has
been introduced into RSIC tasks. It attempts to explore more meaningful prior knowledge,
e.g., inner relation about visual features and generated words, and cross-modal interaction.
For example, a novel MEmory-guided Transformer was adopted by Gaurav et al. [29];
an improved memory-guided block was contained in a multi-layer decoder, which could
correlate any distinct visual and linguistic information. Similarly, Zia et al. [30] employed
a CNN-Transformer framework for RSIC, namely CNN-T. Furthermore, Gou et al. [31]
applied a full Transformer network; patch-level features had content information in RSIs,
and a mask-guided decoder improved the language generation steps. A showcase is shown
in Figure 1b. Although these models could capture the long-range correlations with the
inherent advantages of the Transformer structure, they only consider the correlation of
query and key modalities, and ignore the interaction with other modalities.

1.2. Possible Solution Based on a Full Transformer

To deal with the above-mentioned limitations and further explore a full Transformer
RSIC framework, we propose a novel patch-level region-aware module with a multi-label
network. In specific, the proposed work is a full Transformer-based encoder–decoder
architecture for RSIC tasks, which comprises many stacked identical layers in contrast
to the CNN-LSTM structure. Figure 1c represents a broad overview of our approach.
In the encoder, the raw RSI is firstly converted into a sequence of patches. Then the
patches are processed through the Transformer-based encoder to generate feature repre-
sentation along with class tokens. The Transformer-based features derive the interaction
with all of the patches, which can afford some simple and useful prior information. Due to
the large variation of objects in RSI, redundant information will be incurred in encoded
features. The designed patch-level region-aware module selects effective regions with
position information for each patch-level features. It is worth mentioning that salient
areas also retain the information of other abandoned patches. To solve the second issue,
the class tokens are passed through a multi-label classifier to infer core objects with labels
(e.g., noun forms), in which every label is certain. Moreover, it is more conducive to provide
prior knowledge with high semantic relevance for our one-stage RSIC method. In addition,
the Transformer-based decoder associates patch-level region-aware features and predicted
label embeddings with region-oriented attention. For replacing the tucker-fused features,
the salient features and label embedding are fed into the region-oriented attention module
separately. The experiments, validating using popular RSICD, UCM-Captions, and Sydney-
Captions datasets, shows competitive performance compared with related state-of-the-art
(SOTA) methods.
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1.3. Novel Contributions

Our novel contributions on the literature for RSIC are four-fold:

• We propose a novel patch-level region-aware module with a multi-label framework
for RSIC by unifying both the detected object’s class and patch-level salient features.
Furthermore, the expanded Transformer-based decoder with a region-oriented atten-
tion block enhances the cross-modal association learning and affords supplementary
hints for query-to-key correlation.

• To extract visual features for multi-scale RSIs, RSI patches are encoded by a Transformer-
based encoder for patch-level features and class tokens. Meanwhile, a patch-level
region-aware module is designed to seek the core object features guided by the rela-
tionships between patch-level features and class tokens, which decides to replace the
image’s global or redundant representation.

• Rejecting pre-trained algorithm migration for multi-label classification, we directly
apply a multi-label classifier on the class token features from the Transformer-based
encoder. It can alleviate the negative effects of the potentially noisy labels during the
whole model training phase compared with pre-trained algorithms.

• The integration of regional features and semantic features into a novel region-oriented
attention block aims to capture more cross-modal interactional information, which is
crucial for accurately characterizing the complex content of RSIs and thus for achieving
accurate sentence predictions.

2. Related Work

RSIC is an immature sequence-generation task, which has attracted increasing research
attention, and researchers have also proposed many methods with promising performance.
Recent advances in RSIC focus on the problems of feature extraction, multimodal informa-
tion interaction, and reasoning ability. According to whether the LSTM structure is utilized
in the language model, current methods for RSIC can be generally divided into two types:
(1) LSTM-based methods and (2) Transformer-based paradigms. Representative methods
are introduced in Sections 2.1 and 2.2, respectively.

2.1. LSTM-Based RSIC Methods

Nowadays, the CNN-LSTM pipeline is still a popular framework in RSIC tasks.
The RSI is represented by the fixed-size grid features extracted from a CNN model, such as
VGG16 or ResNet101 [19]. However, not all features of the image are related to the query of
the LSTM-based decoder, while some of them should be filtered out before generating the
embedding vector. Therefore, the attention mechanism is introduced to tackle this problem.
The early attempt made by Lu et al. [4] was to firstly detect the most relevant image regions
via attention mechanism and then utilized an LSTM to form a sentence. Furthermore,
Li et al. [6] constructed visual-level attention on spatial features, semantic-level attention on
the generated sentence fragment, and cross-modal attention on two obtained attentive vec-
tors. Another novel approach [32] attempted the role of sound information and validated
the performance of the audio features combined with visual features at each decoding
stage. This method aims at fixing the class-dependent label in the audio data. For directly
extracting highly abstract semantic features from the RSI, Zhang et al. [5] extracted the
classification vectors in the CNN as attribute vectors and then used attribute attention
to process the CNN-based spatial features, yielding a set of attribute-refined features.
Subsequently, the LAM [26] employed a pre-trained scene classifier for scene class prior
probabilities, which were sent to the attention mechanisms. When the RSI is annotated with
a single label, there is only one regional type associated with the scene label assignment.
Thus, Wang et al. [27] proposed MLSFF with a teacher model for multi-label classification,
which casts on learning major specific labels for objects and constructs importance-aware
fusion features. Due to the large scale for RSIs, a multi-scale feature extractor was created
in [33] to alleviate the scale-diversity problem, and recurrent attention was employed with
a semantic gate [23] for balancing different contributions between multi-modal features
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while predicting different words. Yang et al. [34] concentrated on hierarchical features
and proposed effective cross-modal feature alignment, which outperformed the inefficient
utilization of visual texture and semantic features. Additionally, regional features were
used by Zhao et al. [25] via a segmentation proposal generation module, in which the
structured attention calculates weights on provided regional information. Zhang et al. [24]
made contributions on filtering out redundant information with global feature guidance,
and the global information generally learned the essence of content in RSIs. The linguistic
guidance in LSTM-based decoder modeled the visual–textual attention process. To over-
come RSIC data insufficiency, Yang et al. [35] introduced meta learning into the RSIC task,
and the improved performance depended on a superior feature extractor with multi-stage
training. It can alleviate the issue of insufficient datasets (e.g., Sydney-Captions), so that
the feature extractor benefits from meta learning and reducing the number of required
resources. Theoretically, the attention mechanism allows the model to automatically select
the areas that are most relevant to the output words.

2.2. Transformer-Based RSIC Methods

Inspired by the achievements of the Transformer structure in computer vision (CV) and
natural language processing (NLP), several Transformer-based networks have been utilized
in the RSIC task. The VRTMM [20] was a CNN-Transformer architecture, which encodes
image content with the pre-trained CNN, producing convincing results on RSICD by adopt-
ing a Transformer-based decoder. Following the technical route of the Transformer [36]
in neural machine translation, a word-driven Transformer (WDT) [28] firstly learned a
series of semantic words through a word generator, and the Transformer-based encoder
then concurrently read input words and outputted semantic features, which serves as an
encoded information source to the Transformer-based decoder. Thereafter, CapFormer [37]
was designed with a pure Transformer architecture, including a vision Transformer and a
Transformer-based decoder. However, those tasks are focused on obtaining superior dis-
criminative visual features. A global–local captioning model (GLCM) [38] introduced both
global and local features into the RSIC model, and their attention-based decoding network
was a Transformer block including self-attention and co-attention. A pixel-based analysis
does not model the spatial relationships of objects in the input image and their arrange-
ments and do not highlight the semantic meaning. In the Mask-Guided Transformer (MGT)
network [31], global semantic information from the topic token highly abstracted semantic
features, which shows a great potential in Transformer-based decoder. And, the plane to
hierarchy (P-to-H) [39] used selective search to detect visual and semantic maps and two
features were established connection via deformable Transformer, modeling multi-scale fea-
tures and performing intraclass interactive learning. With the popularity of the CNN-based
feature extractor, Zhuang et al. [40] proposed the Transformer-based encoder–decoder
combined with grid features to improve RSIC performance. Gajbhiye et al. [29] proposed a
memory-guided Transformer as a linguistic decoder to decode multi-attentive features [41],
and the input of the Transformer decoder was spatial and channel attentive features from
CNN features. Considering the multi-scale features by Zia et al. [30] for the RSI, topic-
sensitive word embedding was also auxiliary information to capture the polysemous nature
of words in training captions.

Therefore, we took advantage of the full Transformer framework and designed new
modules to solve focused problems in RSIC tasks. For instance, there is a large gap among
different types of objects in RSIs. The overall structure of the proposed network is shown
in Figure 2. In our model, the patch-level region-aware module is proposed to aggregate
more valuable features about objects in different positions for expected regional features.
In addition, the class token from the Transformer-based encoder is fed into the co-training
multi-label classifier for achieving accurate land-cover classes, which can infer seen object
classes and provide the semantic expression of RSIs. Furthermore, the Transformer-based
decoder uses a region-oriented attention module to aggregate cross-modal attention cues.
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Through the integration between different modalities, the network can be guided to learn
the high-level cross-modal relations to reasoning the sentence in a more plausible way.
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Figure 2. Overall flowchart of our proposed method.

3. Proposed Method

We firstly describe the pure Transformer framework for RSIC in Section 3.1, and then
elaborate on our proposed methodology in Sections 3.2–3.4.

3.1. Pure Transformer Framework

Given an image I with its corresponding ground truth caption y1:T , which is repre-
sented as a series of words {y1, y2, . . . , yt−1}, using the pre-trained Vit [42] to encode the
RSI and a Transformer as the decoder, the output from Vit can be written as:

VT = Vit(I) (1)

it should be noted that VT contains two different features: the patch-level visual feature
and the class-level semantic feature. Let VT = [C, v1, v2, . . . , vm], where C is the class token,
vi is the features for patch Ii , and m denotes the total number of patches.

As for the decoder, the positional embedding firstly is added for word embedding.
Then, it will be six stacked identical layers in the Transformer’s decoder. Each layer is com-
posed of masked multi-head attention (m-MHA), multi-head cross attention (MCA), and a
feed-forward network (FFN) sequentially. There is an AddNorm between every sublayer.
The m-MHA and MCA rely on a multi-head attention (MHA) module by calibrating input
features as query (Q), key (K), and value (V), which is defined as follows:

Headi = softmax

(
QiKT

i√
d

)
Vi (2)

MHA(Q, K, V) = Concat(Head1, . . . , HeadH)Ws (3)

where Qi, Ki, and Vi represent query, key, and value vectors in headi, and Ws is a learnable
matrix for projecting the concatenation outputs of all heads. At the t time step, the predicted
word’s probability distribution yt can be obtained using linear projection and the softmax
function. The equation is as follows:

yt = softmax
(
WoOt) (4)

where Wo is a trainable linear layer. Finally, the pure Transformer model maximizes the
cross entropy loss (XE) of each time step t, which is obtained using the chain rule:

LXE =
1
T

T

∑
t=1

− log
(

pθ
t (yt|y1:t−1, I )

)
(5)
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where θ denotes the parameters of the model.

3.2. Patch-Level Region-Aware Extractor

How to derive regional features in RSIs is still under-explored. To capture regional
features, the current method [25] primarily employs segmentation proposal features with
an attention mechanism. However, the structured attention does not take the visual rela-
tionships into account, and segmentation proposals are not always robust with ambiguous
semantic optimization. We also hope to distill an effective target area for further seman-
tic matching and inferring. Considering that the series of image patches can effectively
represent the object information contained in the RSI.

Generally, the pixel-level visual features would be coarse and not with position in-
formation. How to use location to accurately locate object area is a interesting problem.
In our work, a simple method is to interact the class token with all patch-level features for
most object-level irrelevant information, preserving the information of the different scale
areas as much as possible. Specifically, the patch-level region-aware module consists of the
single Transformer sub-layer and region positioning, as shown in Figure 3. The input is
the product VT and embedded into three different sets of vectors (Qv , Kv, and Vv ), which
are fed through the MHA layer. The similarity scores between queries Qvi and keys Kvi in
headi are calculated as follows:

si = softmax

(
QviKT

vi√
d

)
(6)

S = Concat(s1, . . . , sH) (7)

where S denotes the similarity of queries Qv and keys Kv , and d is the scaling factor.
The output of the Transformer block in patch-level region-aware module is defined as:

Vs = AddNorm(FFN(AddNorm(SVT))) (8)

where Vs = [Cs, vs1, vs2, . . . , vsm]. Let VI = [vs1, vs2, . . . , vsm]. AddNorm(·) denotes the
composition of the residual connection and normalization. After that, S and VI are input to
the region positioning operation. Firstly, the si is composed of m + 1 feature vectors, which
could be expressed as:

si =
[
si(0), si(1), . . . , si(m)

]
(9)

where the number of vectors m + 1 is based on the number of elements in VT . However,
the first element in si(0) denotes similarity scores of ⟨class, class⟩. The similarity scores s′i of
⟨class, region⟩ is expressed as:

s′i =
[
si(1), . . . , si(m)

]
(10)

S′ =
1
H

H

∑
i=1

s′ i (11)

where S′ represents the averaged similarity scores of ⟨class, region⟩ for all heads. Then, we
sort the weight values of S′ for Top-K weights along with regional indexes and apply K
indexes with VI to obtain the salient regional map VR.

3.3. Co-Training Multi-Label Classifier

When extracting specific semantic representation, a pre-trained multi-label classifica-
tion network is exploited to capture the word-level representations. However, multi-label
noise can distort the learning process of the visual–semantic relationship, which can be
associated with wrong or non-existent labels. To solve this issue, an extra multi-label
classifier layer projects the class token to semantic labels and utilizes the ground-truth
labels to train the extra multi-label classifier in an end-to-end system.
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Figure 3. The architecture for the patch-level salient region module, which is leveraged to select
patch-level regions to form effective object-level features. It consists of the single Transformer-based
sub-layer and region positioning. “M” represents mean operation.

As we know, semantic labels are the keywords in the generated sentence. Therefore,
taking the ground-truth labels as guidance, the multi-label classifier can be capable of
generating correct semantic classes presented in RSIs. However, tagging RSIs with multi-
labels is time-consuming, complex, and costly in operational scenarios. In details, we filter
the visual words (“river”, “airplane”, etc.) as ground-truth labels, which are extracted
from ground-truth captions. Then we select the top-ranked words to form the label set.
The selected labels and other words with frequencies jointly construct the whole vocabulary.
Inspired by [5], the class features C are passed through the multi-label classifier for class
prediction. The output of multi-label classifier is associated with the label probability
distribution p over ground-truth labels, which is defined as:

p = σ
(
(Wa Al)

T ⊗ WcC
)

(12)

where Wa and Wc are trainable parameters, Al denotes the predicted label feature, ⊗
denotes the matrix multiplication, and σ(·) is the sigmoid function. In general, a given RSI
can be associated with multiple semantic labels. Thus, several labels with top-D probability
in p are considered as semantic classes. Thus, the top-D words L = {l1, l2, . . . , lD} can
be directly used by the Transformer-based decoder. The focal loss (FL) [43] is adopted
for optimizing multi-label classifier throughout our network training, which is defined
as follows:

LFL =
1
D

D

∑
d=1

[
δ(1 − pd)

γ log(pd) + (1 − δ)pγ
d log(1 − pd)

]
(13)

where pd is the probability for the d-th label, and δ and γ are the focusing parameters for
the positive labels.

3.4. Region-Oriented Attention

After generating the patch-level salient features and the meaningful labels, it may be
careless to fuse the visual and label features directly, as in previous works [27]. Such fused
features have a serious impact on subsequent processing and analysis in the decoder due
to the degraded transcription performance. To tackle this issue, a region-oriented attention
layer is designed, which balances the different contributions on region-aware features and
semantic embeddings while predicting different words.

Our caption generator consists of a stack of N identical Transformer-based layers.
The initial layer receives the sequence of embedded target caption with positional encoding.
Each layer has a masked MHA over the sentence words and the region-oriented attention
module between label embeddings and salient visual features in this order, followed by the
FFN layer. The masked MHA layer at the l-th layer receives an input sequence embedding
Yt at time step t , yielding Mt

l . Moreover, the region-oriented attention module performs
on the cross-modal embeddings in parallel. As shown in Figure 4, it consists of two parts:
label attention and regional ones, where the former aims to find the associated label by
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using inter-semantic information, and the latter captures the task-relevant parts based on
obtaining salient regional features. Herein, their details are as follows.

Label Multi-Head Attention

QueryKey Value

Region Multi-Head Attention

Query KeyValue

E Ll
t
lM VR

t
lF

Fusion

Figure 4. An illustration of the region-oriented attention module.

Label multi-head attention (LMHA) is capable of supplying semantic guidance to
carry out reasonable cross-modality inference, therefore correcting misclassification and
inconsistently parsing results. According to the fact that some objects may have a stronger
connection, while others may not. Therefore, a different treatment for each label embedding
is necessary for exploring the object’s relationships. In this block, LMHA is computed with
Mt

l as Qt
l,L and the label embeddings El L as Kt

l,L and Vt
l,L, yielding attended features Lt

l ,
which is defined as:

Lt
l = LMHA

(
Qt

l,L, Kt
l,L, Vt

l,L

)
(14)

where El is a matrix for embedding labels into semantic features.
Region multi-head attention (RMHA) allows the model to consider which patch-level

region to omit or focus on by inter-visual relation information. Not all salient regions
are equally important for multi-level information transmission in the Transformer-based
decoder. Based on this finding, the RMHA module is utilized to find the task-relevant
regional features by using inter-regional information. In this block, RMHA is computed
with Mt

l as Qt
l,R and with the regional features VR as Kt

l,R and Vt
l,R , yielding attended

features Vt
l , which is defined as:

Vt
l = RMHA

(
Qt

l,R, Kt
l,R, Vt

l,R

)
(15)

Next, an adaptive fusing operation “add” Lt
l and Vt

l , which is defined as:

µ = sigmoid

(
Wµ

(
Lt

l + Vt
l

2

))
(16)

Ft
l = µLt

l + (1 − µ)Vt
l (17)

where µ is a tuning parameter controlling the fusion ratio on Lt
l and Vt

l , and Wµ are learnable
parameters. The Ft

l denotes the fused cross-modal features. Finally, Ft
l is fed to the FFN

layer, obtaining the resultant vectors Ot
l as follows:

Ot
l = AddNorm

(
FFN

(
AddNorm

(
Ft

l
)))

(18)

For improved training and optimizing the designed model, total loss is defined
as follows:

L = LXE + λLFL (19)

where the hyper-parameters λ are set with a value of 0.2.
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4. Experiments
4.1. Datasets

The three RSIC datasets were randomly split into 80% for training, 10% for validating,
and 10% for testing. RSICD [4] contains 10,921 images with a size of 224 × 224 pixels. In
addition, each image is marked with one of 30 categories. UCM-Captions [44] contains
21 categories with 2100 images. The size of each image is 256 × 256 pixels. Sydney-
Captions [44] is the smallest RSIC dataset and comprises 613 images with a size of 500 × 500
pixels, segregating into 7 categories. Noted that each image in these datasets includes
five image description sentences artificially annotated. For UCM-Captions and Sydney-
Captions, we chose to resize them to 224 × 224 in our experiments.

4.2. Model Implementations

In the experiments, we used a full Transformer framework as a backbone for the
proposed network. Among different versions of Transformer, each of which includes
different numbers of layers, 6 layers were stacked in our model as the Transformer-based
encoder and decoder. For the MAH module, eight different attention heads are set up.
Moreover, we used a pre-trained Vit with RSI classification on RSICD, which can enhance
the patch-level feature generalization performance. The word embedding size was 768 for
the masked MAH module. We used the Adam [45] optimizer with an initial learning rate
of 3 × 10−5. The learning rate decays with 0.8 every 5 epochs. The batch sizes were set to
32. We report the results of training obtained after 25 epochs. Beam search was adopted in
our model and was set to 3. The model training and further experiments are conducted on
the single Nvidia GeForce GTX 1080Ti GPU.

Additionally, the RSICD vocabulary contains 1806 words, in which the total number of
class labels is 250. Limited to the scale of the dataset, we exploited 110 words and 90 words
as class labels occurring in the UCM vocabulary and the Sydney vocabulary, respectively.
The UCM vocabulary is constructed with 342 words. The Sydney vocabulary contains
238 words.

4.3. Evaluation Metrics

In order to make a fair comparison with other methods, we made verifications on eight
automatic evaluation metrics: BLEU-n [46], METEOR [47], ROUGE-L [48], SPICE [49], and
CIDEr [50]. For all metrics, a higher score indicates improved performance. Specifically,
BLEU-n is an n-gram precision score widely adopted for corpus level comparisons. The n-
gram is used to assess the correctness of the generated sentence to the ground truth sentence,
where n is from 1 to 4. ROUGE-L is similar with the concept of BLEU-n, which calculates
the recall of the Longest Common Sub-sequence (LCS) shared by candidate and reference
sentences. METEOR is capable of generating an alignment on all references based on
WordNet synonyms and stemmed tokens for judging the word correlation. However,
SPICE focuses on the graphic-based semantic representation for predicted descriptions.
Out of other metrics, CIDEr is the one especially designed for vision-to-language tasks,
such as video captioning, NIC, and RSIC. To capture a human judgment of consensus,
CIDEr considers the word frequency as the weight and measures the weighted cosine
similarity of words between generated n-grams and annotated captions.

4.4. Evaluation Results and Analysis
(1) Quantitative Comparison

In Tables 1–3, we report the performance of our proposed method in comparison
with other SOTA methods on three publicly available datasets. Generally, the CIDEr is an
excellent evaluation metric, which can better represent the quality of generated sentences.
Thus, the CIDEr scores are listed in the last column for mastering performance trends
on different models, and the best scores for all metrics are marked in bold. It is easy to
see that the shown competitive performances belong to our model. To be specific, these
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compared methods are categorized into two kinds: LSTM-based methods and Transformer-
based methods.

Table 1. Comparison of our method and other state-of-the-art methods on the RSICD dataset.

Methods BLEU1 BLEU2 BLEU3 BLEU4 METEOR ROUGE-L SPICE CIDEr

SAT 0.6707 0.5438 0.4550 0.3870 0.3203 0.5724 0.4539 2.4686
FC-ATT 0.6671 0.5511 0.4691 0.4059 0.3225 0.5781 0.4673 2.5763

LAM(SAT) 0.6753 0.5537 0.4686 0.4026 0.3254 0.5823 0.4636 2.5850
Sound-a-a 0.6196 0.4819 0.3902 0.3195 0.2733 0.5143 0.3598 1.6386

GA 0.6779 0.5600 0.4781 0.4165 0.3258 0.5929 - 2.6012
Struc-ATT 0.7016 0.5614 0.4648 0.3934 0.3291 0.5706 - 1.7031
VRTMM 0.7813 0.6721 0.5645 0.5123 0.3737 0.6713 - 2.715

WDT 0.7240 0.5861 0.4933 0.4250 0.3197 0.6260 - 2.0629
SCAMET 0.7681 0.6309 0.5352 0.4611 0.4572 0.6979 - 2.4681

CNN-T 0.7980 0.6470 0.5690 0.4890 0.2850 - - 2.4040
GLCM 0.7767 0.6492 0.5642 0.4937 0.3627 0.6769 - 2.5491
HCNet 0.7863 0.6754 0.5863 0.5122 0.3837 0.6877 - 2.8916
P-to-H 0.7581 0.6416 0.5585 0.4923 0.3550 0.6523 0.4579 2.5814
MGT 0.7931 0.6874 0.5960 0.5131 0.3878 0.6900 - 2.9231
Ours 0.8022 0.6924 0.6018 0.5257 0.3815 0.6919 0.4966 2.9471

The “-” represents that the score are not reported in some compared methods.

Table 2. Comparison of our method and other state-of-the-art methods on the UCM-Captions dataset.

Methods BLEU1 BLEU2 BLEU3 BLEU4 METEOR ROUGE-L SPICE CIDEr

SAT 0.7995 0.7365 0.6792 0.6244 0.4171 0.7441 0.4951 3.1044
FC-ATT 0.8102 0.7330 0.6727 0.6188 0.4280 0.7667 0.4867 3.3700

LAM(SAT) 0.8195 0.7764 0.7485 0.7161 0.4837 0.7908 0.5024 3.6171
Sound-a-a 0.7093 0.6228 0.5393 0.4602 0.3121 0.5974 0.3837 1.7477

GA 0.8319 0.7657 0.7103 0.6596 0.4436 0.7845 0.4853 3.327
Struc-ATT 0.8538 0.8035 0.7572 0.7149 0.4632 0.8141 - 3.3489
VRTMM 0.8394 0.7785 0.7283 0.6828 0.4527 0.8026 - 3.4948

WDT 0.7931 0.7237 0.6671 0.6202 0.4395 0.7132 - 2.7871
SCAMET 0.8460 0.7772 0.7262 0.6812 0.5257 0.8166 - 3.3773

CNN-T 0.8390 0.7690 0.7150 0.6750 0.4460 - - 3.2310
GLCM 0.8182 0.7540 0.6986 0.6468 0.4619 0.7524 - 3.0279
HCNet 0.7686 0.7109 0.6573 0.6102 0.3980 0.7172 - 2.4714
P-to-H 0.8230 0.7700 0.7228 0.6792 0.4439 0.7839 0.4852 3.4629
MGT 0.8839 0.8359 0.7909 0.7482 0.4872 0.8369 - 3.6566
Ours 0.8557 0.8013 0.7567 0.7163 0.4754 0.8153 0.5134 3.6965

The “-” represents that the score are not reported in some compared methods.

For LSTM-based methods, such as SAT [4], FC-ATT [5], LAM(SAT) [26], Sound-a-a [32],
GA [24], Struc-ATT [25], and HCNet [34], the modified CNN-LSTM architecture is used
as the backbone. The core difference among LSTM-based methods lies in their explored
attention mechanisms. As shown in Tables 1–3, FC-ATT outperforms the SAT and sound-a-a
on all metrics. This demonstrates that using image-guided attributes can build connections
between vision and language to better exploit textual information. Therefore, the LAM
uses a pre-trained scene classifier to tag input images with a specific word. The results
in Tables 1–3 show that the LAM obtains 0.87%, 24.71%, and 11.04% on the CIDEr metric,
respectively. However, the GA adopts a GVFGA module, which filters out the redundant
feature in the encoder stage for providing more effective visual features. By analyzing
the results in Tables 1–3, one can see that the GA surpasses the FC-ATT and LAM in
most evaluation metrics. The reason is that the salient visual features is sufficient for the
networks. Moreover, Struc-ATT builds structure features in the encoder for seeking the
pixel-level segmented object regions. Struc-ATT obtains comparative or improved results
on Sydney-Captions compared with the results of RSICD. For HCNet, all obtained metric
scores are the highest (around 3.52 on CIDEr). However, for the RSICD and UCM-Captions,
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the image content is more complex than Sydney-Captions. It is difficult to match visual
features with semantic vectors, and the improvement is quite limited. Such experimental
results completely prove the effectiveness and superiority of embedding multiple labels
and focusing on object-level regions.

Table 3. Comparison of our method and other state-of-the-art methods on the Sydney-Captions dataset.

Methods BLEU1 BLEU2 BLEU3 BLEU4 METEOR ROUGE-L SPICE CIDEr

SAT 0.7391 0.6402 0.5623 0.5248 0.3493 0.6721 0.3945 2.2015
FC-ATT 0.7383 0.6440 0.5701 0.5085 0.3638 0.6689 0.3951 2.2415

LAM(SAT) 0.7405 0.6550 0.5904 0.5304 0.3689 0.6814 0.4038 2.3519
Sound-a-a 0.7484 0.6837 0.6310 0.5896 0.3623 0.6579 0.3907 2.7281

GA 0.7681 0.6846 0.6145 0.5504 0.3866 0.7030 0.4532 2.4522
Struc-ATT 0.7795 0.7019 0.6392 0.5861 0.3954 0.7299 - 2.3791
VRTMM 0.7443 0.6723 0.6172 0.5699 0.3748 0.6698 - 2.5285

WDT 0.7891 0.7094 0.6317 0.5625 0.4181 0.6922 - 2.0411
SCAMET 0.8072 0.7136 0.6431 0.5846 0.4614 0.7258 - 2.3570

CNN-T 0.8220 0.7410 0.6620 0.5940 0.3970 - - 2.7050
GLCM 0.8041 0.7305 0.6745 0.6259 0.4421 0.6965 - 2.4337
HCNet 0.8826 0.8335 0.7885 0.7449 0.4865 0.8391 - 3.5183
P-to-H 0.8373 0.7771 0.7198 0.6659 0.4548 0.7860 0.4839 3.0369
MGT 0.8155 0.7315 0.6517 0.5796 0.4195 0.7442 - 2.6160
Ours 0.7816 0.6980 0.6268 0.5628 0.4044 0.7231 0.4637 2.5920

The “-” represents that the score are not reported in some compared methods.

In our model, an extra multi-label classifier is added to extract specific semantic
features. The multi-label classifier is trainable with the whole model. Compared with
the pre-trained multi-label classification network, the trainable multi-label classifier can
capture the semantic information more appropriately and accurately. To extract object-level
features and cater to characteristics for RSI, the patch-level region-aware module following
the transformer-based encoder is applied in our model, in which the position about core
patch-level features locates salient objects. Moreover, our model refers to a region-oriented
attention layer for the matching between salient regions and semantic label embeddings
with MHA for the cross-modal linguistic-aware representation. It is not hard to find that the
adopted Transformer structure in our method outperforms LSTM-based methods, and our
model can obtain the best results on all metrics.

Note that VRTMM [20], SCAMET [29], CNN-T [30], GLCM [38], and P-to-H [39] are
based on the CNN-Transformer architecture, while WDT [28] and MGT [31] are a full
Transformer architecture. As can be seen from Tables 1–3, VRTMM is superior to other
relevant methods, including GLCM, SCAMET (multi-attention encoder with a Transformer-
based decoder), CNN-T (multi-scale features with a Transformer-based decoder), and
P-to-H (multi-scale features from the foreground and background), except for Sydney-
Captions, whose results were slightly below the published results of the CNN-T but
superior to those of the SCAMET. This is because the encoder of the VRTMM is pretrained
with a multi-task model for encoding RSIs, which can better deal with complex scenes
in RSIs compared with conventional algorithms. Due to the detected noisy words by the
word classifiers, the WDT with a Transformer-based generator has the worst results of
all compared methods. Different from the WDT, the Transformer-based encoder utilized
in MGT learns the relationship between image patches and improves the richness of
captions by better exploring multi-modality relationships. This model has achieved a great
performance improvement compared with the Transformer-based methods on the three
datasets. Furthermore, our model individually outperforms the MGT by about 1.6% and
6.26% in terms of BLEU4 and CIDEr on RSICD, respectively. Our model trained with UCM-
Captions and Sydney-Captions brings little performance improvements. As we know, few
words are included in the UCM vocabulary and Sydney vocabulary; semantic richness is
lacking. However, Sydney-Captions has the smallest image–caption pairs with different
sentence lengths. Thus, a small improvement on Sydney-Captions is shown compared
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with the other two datasets. Above all, the experimental results confirm the effectiveness
of our model, which focuses on not only the specific labels but also the objects that are
most relevant to the caption. This phenomenon also suggests that using a full Transformer
architecture can better capture the abundant relationships among objects compared with
CNN-LSTM methods.

(2) Qualitative Comparison

Some examples of multi-scale scenes from UCM-Captions are shown in Figure 5.
The larger objects in Figure 5a,c can be correctly predicted by the baseline and our model.
However, the “cars” in the sentence from the baseline in Figure 5b is wrong. In Figure 5d,
there is a small house, which could be learned by our model. Therefore, it can be seen that
our model is not sensitive to multi-scale targets.

(1)There are many airplanes at the airport.
(2)Many different kinds of airplanes are
stopped at the airport.
(3)Four airplanes are stopped dispersedly
at the airport.
(4)Four airplanes scattered at the airport.
(5)Four different airplanes are stopped
dispersedly at the airport.
Baseline:There are some airplanes in the
airport.
Ours:There are many airplanes stopped at
the airport.

(1):Many white airplanes are stopped
neatly at the airport.
(2):Eight airplanes are stopped at the
airport.
(3):Many airplanes arranged neatly at the
airport.
(4):Many airplanes arranged neatly at the
airport.
(5):Many different airplanes are stopped
neatly at the airport.
Baseline: There are some cars parked on
the road.
Ours: There are some airplanes parked at
the airport.

(1):A house is surrounded by bushes and
sands in the sands in the sparse residential
area.
(2):This is a sparse residential area with a
house surrounded by bushes and sands.
(3):A house with orange roofs has a
swimming pool in the middle sparse
residential area.
(4):A house with bushes is in the sparse
residential area.
(5):A house with bushes and sands has a
swimming pool in the middle.
Baseline:A villa with plants is in the sparse
residential area.
Ours:This is a sparse residential area with
a villa surrounded by some trees.

(1):A small house is surrounded by lots of
plants in the sparse residential area.
(2): This is a sparse residential area with a
house surrounded by lush plants.
(3): A small house with plants in the sparse
residential area.
(4): A house with lush plants is in the
sparse residential area.
(5): A small house with lush plants
surrounded.
Baseline: This is a dense forest with a lots
of dark green trees.
Ours: A small house with green trees
surrounded.

(a)
(b)

(c) (d)

Figure 5. Some examples (a–d) of captions from baseline and our model on UCM-Captions.

In order to visually demonstrate the superiority of our multi-label classifier on three
standard datasets, some label predictions are shown in Figure 6. It is worth noting that the
predicted labels are arranged in descending order according to prediction probabilities. We
predict three labels for each image to analyze the performance of our proposed method.

GT-labels:ground, grass, storage tanks, road,
plants
Predictions: storage tanks, buildings, road
Caption: Several white storage tanks are near
several buildings and a road.

(b)

GT-labels:buildings, trees, medium residential
area
Predictions: medium residential area,
buildings, trees
Caption: Some buildings and green trees are
in a medium residential area.

(d)

(c)

GT-labels:storage tanks, ground, road, plants
Predictions: storage tanks, ground, buildings
Caption: Two storage tanks are on the
ground with some buildings beside.

GT-labels: river, dense forest, banks, boats,
plants
Predictions: river, trees, bank
Caption: Lots of green trees flourish on both
bank of the river.

(a)

(f)

(e)

GT-labels: meadow, bushes, highway, houses
Predictions: meadow, bushes, roads
Caption: There are some green bushes on the
meadow some roads go through this area.

GT-labels: runway, marking lines, water, river
Predictions: runway, marking lines, river
Caption: A straight runway with many
marking lines on it while a river beside.

Figure 6. Examples for (a–f) with the ground truth (GT) labels, the predicted three labels and the gener-
ated caption with detected labels. The red words indicate mismatching or errors in label predictions.
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The RSICD contains 21 land-cover categories. The increased variability and complexity
within ground objects make the multi-label classifier more difficult to keep well-performed.
Two examples are shown in Figure 6a,b. The dispersed minor object in Figure 6a has the
wrong predictions, which shares a similar appearance to “buildings”. However, the key
object (i.e., “storage tanks”) in the image is correctly depicted in the final description.
In addition, the multiple labels generated from Figure 6b can provide a specific label, such
as “medium residential area”, “buildings”, and “trees”, which can guide the inference
direction at the decoding stage.

In UCM-Captions, some noisy labels occur that misguide the decoder module, as
shown in Figure 6c,d in the second column. However, the prediction for the salient object
(i.e., “storage tanks”) is robust. The other label prediction also has some problems that
are distributed at the edges and corners in the given image. While noticing the labels in
the caption (i.e., “buildings”), the message displaying the noisy image labels is associated
with the high-frequency label words. The phenomenon in Figure 6d can also be considered
a noisy label. However, when we understand the content of the image, we find that the
generated caption is positive with respect to what the image wants to express.

The images selected from Sydney-Captions are shown in the third column. As we
can see, the trainable multi-label classifier can accurately predict the labels contained in
Figure 6e,f. Taking Figure 6f as an example, the main content in the image is “a runway
with marking lines”, and the caption also generates key information with available la-
bels. The performance depends on our multi-label classifier, which can correctly identify
associated multi-labels from the given RSI.

4.5. Ablation Experiments

To analyze the influence of each module, we compared the models with a transformer-
based baseline (T1). Three different configurations of our model were added on the baseline
to quantitatively analyze their effectiveness: the patch-level salient region module (T2), the
multi-label classifier module (T3), and the region-oriented attention layer (T4).

(1) Quantitative Comparison

We show the the results by validating the Transformer-based baseline (T1), T1 with the
patch-level salient region module (T2), T2 with the multi-label classifier (T3), and our full
model (T4), respectively. Table 4 shows the results of the ablation study in terms of eight
metric scores for the RSICD. From Table 4, one can see that that the highest metric scores
are obtained when all modules of the model were included. It can be seen that simply
stacking the patch-level region-aware module has a significant influence on most metrics
(0.87% and 3.71% on BLEU4 and CIDEr metrics, respectively) compared with the T1 model.
However, the multilayer Transformer-based encoder might gain visual information related
to the global representation with exchanging patch-level context information. In contrast,
the patch-level region-aware module in T2 can extract object-level features from mixed
patch-level features. To pursue a plausible semantic layout, the reasonable category labels
are transferred from the seen categories in an RSI. Such multiple words can appear with
grammatically correctness in the caption. In particular, T3 is established to evaluate the
usefulness of the trainable multi-label classifier module, where the multi-label classifier
module is added based on the T2 model. By comparing T2, we see that the introduction of
the T3 can considerably improve the CIDEr score from about 2.92 to 2.94. In order to verify
the effectiveness of the region-oriented attention layer, we construct T4 models, whereas
T1–T3 use one MHA module, respectively. The adopted MHA module in T3 fuses the
representations of the two modalities by concatenation for learning. Unlike T3, the two
modalities divided into parallel MHA branches are independent. Obviously, a region-
oriented attention layer with parallel attention branches can learn superior complementary
cross-modal information than one MHA, resulting in advanced model performance.

From Table 5, the training time and inference speed between T1 and T4 model are
tested on UCM-Captions. The lower amount of training time shows an improved designed
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RSIC model, while a greater inference speed is due to the increased parameters in T4
compared with the T1 model.

Table 4. Ablation study of our model on the RSICD dataset.

Methods BLEU1 BLEU2 BLEU3 BLEU4 METEOR ROUGE-L SPICE CIDEr

T1 0.7913 0.6786 0.5882 0.5126 0.3832 0.6872 0.4963 2.8826
T2 0.797 0.6869 0.5963 0.5213 0.3822 0.6866 0.4943 2.9197
T3 0.7931 0.6835 0.5952 0.5218 0.3853 0.6909 0.4970 2.9399
T4 0.8022 0.6924 0.6018 0.5257 0.3815 0.6919 0.4966 2.9471

Table 5. Comparison between our model and the baseline on training time and inference speed.

Methods Training Time (min) Inference Speed (Images/s)

T1 24.3 min 2.58
T4 20.5 min 2.72

(2) Qualitative Comparison

In Figure 7, the ablation models are able to generate captions with higher quality,
in which the images are selected from RSICD. However, in some case, the baseline model
fails to understand minor objects with correct or informative words. As shown in Figure 7a,
T1 correctly expresses the description “Some planes are parked in an airport”, while “a
building” in the GT caption also should be identified and inferred. T2, T3, and T4 could
learn the entities of “terminal”, which indicates that the patch-level region-aware module
plays a supporting role. A similar case can also be found in Figure 7e. T1 does not know
the edge’s information, and it is difficult to distinguish the features of the “road” from the
ground. The results obtained by T2, T3, and T4 contain object-level (“cars”) and scene-level
(“parking lot”) features, especially along the peripheral road. Meanwhile, in Figure 7c, T2
and T3 can avoid describing the wrong color, such as “green sea” generated by T1, while T4
could give more detailed descriptions than other ablation models. Further improvements
will be achieved when the labels and salient regions are contained. As shown in Figure 7d,
T2 and T3 could achieve more complex grammar structures in sentence generation than
the T1 model. Furthermore, T4 with the region-oriented attention layer contains abundant
cross-modal information, which was essential for the prediction of the small-scale object
“cars” on the bridge. By comparing the descriptions shown in Figure 7b, it is apparent that
T2, T3, and T4 could also describe an important amount of information in the scene (like
“Two baseball fields”). In other cases, our ablation models achieved the same or slightly
improved results than the T1 model, as shown in Figure 7f, which focuses on different
relationships between objects in an image. Collectively, the qualitative results agree with
the previous observations from the quantitative results.

In order to better explain the effect of the patch-level region-aware module, the higher
attention weight on the original RSI is visualized in Figure 8. It can be seen that the selected
weights are various in different scenes. However, the weights for significant objects are
comprehensive enough. Note that the proposed model can focus on multi-scale objects
(i.e., cars in Figure 8a, airplanes in Figure 8c, and houses in Figure 8e) while abandoning
redundant closely related parts between objects when the salient analysis is performed
(i.e., shown in Figure 8b,d,f). Therefore, the patch-level region-aware module can obtain
the specific patch-level salient features, which is effective for RSIC tasks.
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GT:Some planes are parked near a
building in an airport.
T1:Some planes are parked in an airport.
T2:Some planes are parked near a terminal
in an airport.
T3:Some planes are parked near a terminal
in an airport.
T4:Some planes are parked near a terminal
in an airport.

GT:White waves in ocean are near a beach.
T1:Yellow beach is near a piece of green
ocean.
T2:White waves are in a piece of blue
ocean.
T3:Yellow beach is near a piece of blue
ocean.
T4:The sea beats the white spary on the
beach.

GT:Some green trees are around two
baseball fields.
T1:A baseball field is surrounded by many
green trees.
T2:Two baseball fields are surrounded by
green trees.
T3:Two baseball fields are surrounded by
green trees.
T4:Two baseball fields are surrounded by
many green trees.
GT:A bridge is on a river with green water.
T1:A bridge is on a river with a bridge
over it.
T2:A bridge is on a river with some green
trees in two sides of it.
T3:A bridge is on a river with some green
trees in two sides of it.
T4:A bridge is on a river with many cars.

GT:A parking lot with many cars is near a
road.
T1:Many cars are parked in a parking lot.
T2:Many cars are parked in a parking lot
near a road.
T3:Many cars are parked in a parking lot
near a road.
T4:Many cars are parked in a parking lot
near a road.

GT:Many buildings are around a square
with many green plants.
T1:Some buildings and green trees are
around a square.
T2:Some buildings are around a square
with green trees.
T3:Some buildings are around a square
with many green trees.
T4:Some buildings are around a square
with many green trees.

(a)

(d)(c)

(b)

(e) (f)

Figure 7. Visualization of the ablated models (T1, T2, T3, and T4) for (a–f). GT is one caption in the
annotated sentences. The wrong words are indicated in red; green words are more accurate and
rich semantics.

(a) (b)

(c) (d)

(e) (f)

Figure 8. Patch-level region visualization. (a–f) denote some typical scenes of visible results.
(Left) Original RSIs. (Right) Superimposed RSIs.

4.6. Parameter Analysis

The effect of different values for the parameter D can be found in Figure 9a. The figure
shows that, when D is too few or too more, the value of this parameter affects the perfor-
mance of the proposed network negatively. Choosing a value of D = 2 outperforms the
case with one label. This is because too few labels would cause a lack of semantic diversity.
Furthermore, choosing a value of D = 3 outperforms the case with a higher value of D.
The CIDEr scores will decrease once the value of D increases. As an example, when the
value of D is set to 5, the CIDEr score drops by 3.4%. For D = 5, the multi-label classifier
will generate five plausible categories, which may contain unseen categories in other RSIs.
The superfluous semantic information is very difficult to imagine and causes unsatisfactory
performance. Thus, we opted for multiple labels and set D = 3 by default on three different
benchmark RSIC datasets.
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Figure 9b shows the experiment results of the number K for the selected salient
regions. K is an important factor that delivers improved object-level representations to
characterize different objects in RSIs. To explore the impact of parameter K, we varied
K as follows: [10, 15, 20, 25, 30]. The CIDEr score increases following the increase in K
(from 10 to 20), which means that more effective region-level region features are selected.
K = 20 is a turning point. For K > 20, some background patches overwhelm most real
category patches in the RSIs, which account for a large proportion. The region-oriented
attention will be torn between mixed patch-level features and label features. In this case,
inter-patch relationship across different objects is seldom considered. When K is too small,
the performance also will decrease due to the lack of patch variety. Based on the experiment
results, the optimal choice is K = 20. We also applied this choice on other RSIC datasets.

Results on RSICD Datasets Results on RSICD Datasets
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Figure 9. The visualizations of captioning performance (CIDEr) that are affected by parameters
on RSICD.

5. Conclusions

This study demonstrates an RSIC technique, which explores the utility of patch-level
salient regions and image-labels along with a Transformer-based decoder to generate mean-
ingful captions of still RSIs. The proposed architecture generates salient regional features
by matching intrinsic relationships between patch-level features and class tokens from the
Transformer encoder. To further enrich the RSI representation with semantic features, we
devise a multi-label classifier to map class tokens to explicit object classes. Different from
the previous label-driven RSIC approaches, the multi-label classifier module is injected into
the RSIC model in an end-to-end manner. Further, our network binds regional features
and associated labels using region-oriented attention to explore semantically coherence.
Specifically, region attention endows an ability to figure out which patch-level region to
omit or focus on. Label attention improves the sentence generation with semantic relation
information. The extensive experiments on the three popular benchmark caption datasets
validate the effectiveness and generalization ability of our proposed framework. Especially,
for the patch-level region-aware block cascaded with the baseline model, we obtained a
reported CIDEr performance of about 2.95 on the RSICD test.
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Abbreviations
The following abbreviations are used in this manuscript:

RSIC Remote sensing image captioning.
CNN Convolutional neural networks.
LSTM Long short-term memory.
VGG Visual geometry group.
ResNet Residual network.
LAM Label attention mechanism.
BLEU Biingual evaluation understudy.
ROUGE-L Recall-oriented understudy for gisting evaluation—Longest.
METEOR Metric for Evaluation of translation with explicit ordering.
CIDEr Consensus-based image description evaluation.
GLCM Global–local captioning model.
VRTMM Variational autoencoder and reinforcement learning

based two-stage multitask learning model.
MGT Mask-guided Transformer.
MHA Multi-head attention.
FFN Feed-forward network.
I The input remote sensing image.
VT The visual features from Vit encoder.
S The similarity of queries Qv and keys Kv.
si The similarity score in headi.
s′i The similarity score of ⟨class, region⟩ in headi.
S′ The averaged similarity scores of ⟨class, region⟩ for all heads.
VR The salient regional map .
p The label probability distribution over ground-truth labels.
Lt

l The attended features from label mlti-head attention.
Vt

l The attended features from region mlti-head attention.
Ft

l The fused cross-modal features.
Ot

l The resultant vectors from Ft
l .

pθ
t The probability of generating specific word.

T The max length in ground-truth sentence.
yt The generated word at t time.
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