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Remote-Sensing Image Captioning Based on
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Abstract— Remote-sensing image (RSI) captioning aims to
automatically generate sentences describing the content of RSIs.
The multiscale information of RSIs contains attributes and
complex relationships of objects of different sizes. However,
current methods still have some weaknesses in efficiently uti-
lizing multiscale information to generate accurate and detailed
sentences. In this letter, we propose a new model based on the
“encoder–decoder” framework to address the problem. In the
encoder, we fuse the features of different layers in ResNet-
50 to extract multiscale information. In the decoder, we pro-
pose multilayer aggregated transformer (MLAT) to utilize the
extracted information to generate sentences sufficiently. Specially,
as the transformer encoding layer goes deeper, the extracted
features will be more similar. To sufficiently utilize the features
from different transformer encoding layers, compress redundant
information, and extract important information, long short-term
memory (LSTM) in MLAT aggregates the features to obtain
better feature representations. The self-attention mechanism and
the aggregation strategy enable MLAT to utilize the features
sufficiently. The experimental results show that MLAT as the
decoder can help the model address the multiscale problem, sig-
nificantly improve the model performance on sentence accuracy
and diversity, and show that our proposed method performs
better than other current methods. Our code is available at
https://github.com/Chen-Yang-Liu/MLAT.

Index Terms— Remote-sensing image (RSI) captioning, sen-
tence accuracy, sentence diversity, transformer.

I. INTRODUCTION

REMOTE-sensing image (RSI) captioning is an emerging
task in the field of RSI processing. This requires not only

visually observing the images, but also describing the images
in natural language. It is different from other remote-sensing
tasks, such as object detection and image segmentation. It pays
attention to the semantic understanding of RSIs from the
perspective of human beings. It can be widely applied in image
teaching, disaster warning, and image retrieval [1].

At present, there are mainly three kinds of methods in the
field: retrieval-based methods, syntax-template-based methods,
and encoder–decoder-based methods. Regarding the retrieval-
based methods, the models retrieve similar images and use
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corresponding annotated sentences to generate predicted sen-
tences. To consider five annotated sentences of one image
together, Wang et al. [2] used five sentences to obtain topic
words and proposed a retrieval topic recurrent memory net-
work to utilize the topic words. Besides, Wang et al. [3]
proposed the collective semantic metering learning framework
(CSMLF), in which the image representation and collective
sentence representation are embedded into a common semantic
space during training. The sentence closest to the image
representation is used to generate sentences. Regarding syntax-
template-based methods, the models detect the objects in the
images, then determine the candidate words, and fill them into
the syntax templates. Shi and Zou [4] addressed the multiscale
problem by detecting ground elements of three levels with a
fully convolutional network (FCN) and then filled them into
predesigned templates for captioning. However, the sentences
generated by the two kinds of methods are relatively limited
and rigid.

The current deep-network methods are based on the
“encoder–decoder” framework. These methods can learn RSI
representation and grammar and then automatically generate
more flexible sentences. These methods generally use convolu-
tional neural networks (CNNs) as the encoder to extract image
features and recurrent neural networks (RNNs) as the decoder
to generate descriptive sentences. Qu et al. [5] combined
different CNNs with RNNs and published two datasets for
RSI captioning. Lu et al. [6] compared the effects of features
extracted by traditional methods and CNN-based methods
and published a large dataset named RSICD. Ma et al. [7]
proposed multiscale attention (MSA) and multifeats atten-
tion (MFA) to grab multiscale information in RSIs. MSA
used multihead attention, and MFA chose object detection
as an auxiliary task. To exploit structured spatial relations of
semantic contents, Zhao et al. [8] proposed structured atten-
tion and exploited pixel-level regional image segmentation
information. Lu et al. [9] proposed a sound-guided dataset
and a sound active attention framework, in which the gate
recurrent units (GRUs) capture sound information and guide
sentence generation. Wang et al. [10] proposed a two-stage
word-sentence framework, in which the word extractor extracts
the valuable words and the sentence generator forms these
words into a grammatically correct sentence. These methods
promote the development of RSI captioning from different
aspects. However, there are still defects in addressing the
multiscale problem of RSI well.

The multiscale information of RSIs contains attributes and
complex relationships of objects of different sizes [4]. The
multiscale problem refers that it is challenging to sufficiently
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extract and utilize the multiscale information in RSIs for
captioning. There is so much information in RSIs that it
is challenging to describe objects of different sizes. Some
methods have addressed the multiscale problem, such as [4]
and [7] introduced above. However, these methods focus more
on extracting multiscale object information in the RSIs and
focus less on sufficiently utilizing the extracted multiscale fea-
tures and complex object relationships. Recently, transformer-
based architectures represent state of the art in sequence
modeling tasks [11]. In this letter, we introduce transformer
and improve it to address the multiscale problem. Transformer
can establish efficient relationships among the features with the
self-attention, which is helpful to utilize multiscale informa-
tion. To further sufficiently utilize the extracted features from
different transformer encoding layers, we propose multilayer
aggregated transformer (MLAT) as the decoder. Besides, the
feature representation ability of the model is very signifi-
cant [12], [13]. In the encoder, we fuse the features of different
layers in ResNet-50 to extract multiscale features.

On a related line, Cornia et al. [11] presented a meshed
transformer. The model can learn the multilevel representation
of the relationships between image regions. The mesh-like
connectivity enables the model to exploit low-level and high-
level features at the decoding stage. Unlike that, our MLAT
chooses long short-term memory (LSTM) as the connectivity
between the transformer encoder and transformer decoder
to obtain better feature representations containing the valid
information from each transformer encoding layer. It enables
the model to utilize the multiscale information sufficiently. The
experimental results demonstrate that our method performs
better than other methods.

Our contributions are summarized as the following.

1) We address multiscale problems from two perspectives:
the sufficient extraction and utilization of the multiscale
information. We fuse the features of different layers in
ResNet-50 to extract multiscale features. We propose
MLAT to utilize the extracted multiscale features for
captioning sufficiently.

2) LSTM as the connectivity aggregates the features from
each transformer encoding layer. The aggregated fea-
tures are sent to each transformer decoding layer. Com-
pared with the original Transformer, the strategy enables
the model to sufficiently utilize the features from all
transformer encoding layers.

3) We evaluate the sentence accuracy objectively and eval-
uate the sentence diversity from two perspectives.

II. METHODOLOGY

A. Overall Structure

Our model is based on the “encoder–decoder” framework.
The overall structure is shown in Fig. 1. In the encoder, we fuse
the features of different layers in ResNet-50 [14] to extract
multiscale features. In the decoder, MLAT sufficiently utilizes
the extracted multiscale features. MLAT can establish better
relationships among objects in RSIs and accurately describe
images. The features from deep transformer encoding layers

Fig. 1. Structure of our model. In the encoder, we fuse the features of different
layers in ResNet-50 [14] to extract multiscale features (see Fig. 2). In the
decoder, MLAT is proposed to sufficiently utilize the extracted multiscale
information (see Fig. 3). Different transformer encoding layers understand the
input information from different levels. LSTM aggregates the features from
each encoding layer. Then the aggregated features are sent to each transformer
decoding layer for captioning.

Fig. 2. Feature fusion strategy. F1 ∼ F5 are, respectively, the feature maps
of conv1–conv5 in ResNet-50 [14]. CF1, CF2, and CF3 denote different 1 ×
1 convolution kernels, and their output dimensions are, respectively, 512, 512,
and 1024. They are used to resize F3, F4, and F5 for subsequent feature fusion.

are similar, and the features from the shallow layers may con-
tain valid information for captioning. Therefore, to sufficiently
utilize the features from different encoding layers, we propose
LSTM as an aggregator to compress redundant features and
extract important features from different encoding layers.
This enables the model to utilize the extracted multiscale
information in RSIs sufficiently.

B. Feature Fusion Strategy

Different convolutional layers in ResNet-50 can extract fea-
tures of different scales. In this letter, unlike the previous meth-
ods, we focus more on improving the utilization capability
rather than the extraction capability of multiscale information.
Therefore, we choose a simple fusion strategy to extract the
multiscale features in Fig. 2. The lower F1 and F2 contain
too low-level information, while image captioning requires
higher-level semantic information. So, we only perform the
feature fusion on F3, F4, and F5.

C. Multilayer Aggregated Transformer

The original transformer is composed of an encoder and the
decoder, both of which are stacked by multiple sublayers [15].
As the transformer encoding layer goes deeper, the extracted
features will be more similar as each feature will collect
information from each other [16], [17]. If we only utilize the
features from the top encoding layer, it is actually redundant
to send so many similar features to each decoding layer [17].
Besides, the features from the shallow encoding layers contain
some valid information for RSI captioning [18]. Therefore,
it motivates us to aggregate the features from different encod-
ing layers and compress redundant information to obtain better
feature representations. In this letter, we propose a novel
multilayer aggregation strategy.
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Fig. 3. Structure of MLAT. The encoding layer and decoding layer are the
same as in [15]. h, w, and C , respectively, represent the width, height, and
channel number of the feature map from the encoder. The feature map is
flattened and sent into the transformer encoder after positional encoding (PE)
of sine and cosine functions as in [15]. The flattened feature map is
transformed to initialize LSTM. Assume that the outputs of N encoding layers
are L1, L2, . . . , L N , all tokens of Li are sent into different LSTMCells to
obtain the aggregated features. All LSTMCells of different colors are the
same. The aggregated features pass through a linear layer and then are sent to
each decoding layer to obtain the probability of each word in the vocabulary.
The “outputs (shifted right)” denotes the words that have been output before
this moment, and it refers to “〈start〉” at the initial moment.

The features extracted by each transformer encoding layer
are sequence features. Considering that the gate mechanism of
LSTM enables it to learn to forget or remember information
when processing sequence data [19]. We propose LSTM as
an aggregator to compress redundant features and extract
important features from all transformer encoding layers to
obtain better feature representations. The structure of MLAT
is shown in Fig. 3. MLAT as the decoder can establish
relationships among objects with the self-attention mechanism.
The features from all transformer encoding layers are sent
into LSTM to perform aggregation. That enables MLAT to
sufficiently utilize the multiscale features from the encoder
for accurately captioning.

Our total loss function contains two components named
CrossEntropy loss (LCro) and multihead attention loss (LAtt)
in each transformer decoding layer in the training phase. The
total loss (LTotal) function is as follows:

LTotal = LCro + LAtt (1)

LCro = −
L∑

l=1

log

(
K∑

k=1

ỹ(k)
l p(k)

l

)
(2)

where L is the length of the generated sentence. K is the
number of words in the vocabulary. ỹl = [ỹ(1)

l , ỹ(2)
l , . . . , ỹ(K )

l ]
is the one-hot vector representation of the lth word in the ref-
erence sentence. pl = [p(1)

l , p(2)
l , . . . , p(K )

l ] is the probability
vector of the predicted lth word

LAtt = λ

Nlayer × Nhead

Nlayer∑
n1=1

Nhead∑
n2=1

h×w∑
i=1

(
1 −

L∑
l=1

αl,i,n2,n1

)2

(3)

where Nlayer and Nhead are, respectively, the number of decod-
ing layers and the head number of every layer in MLAT. h
and w are as shown in Fig. 3. αl,i,n2 ,n1 is the attention state
for the n2th head of the n1th transformer decoding layer. λ

Fig. 4. Visualization of the cosine similarity between each feature from
each encoding layer and sequence features from two aggregators. Red denotes
higher similarity values, and blue denotes lower values.

is the weight coefficient of LAtt and is set to be 1.0. LAtt is
added to encourage the model to give equal attention to each
token of the aggregated result when decoding.

III. EXPERIMENTS

A. Dataset and Metrics

1) Dataset: There are mainly three datasets in the field
of RSI captioning: UCM, Sydney, and RSICD. The first
two datasets are smaller and contain 2100 and 617 images,
respectively [5]. In the experiments, we used the largest dataset
in this field: RSICD, which was published by Lu et al. [6].
RSICD contains 10 921 RSIs, including 30 common scenes
such as airports, mountains, and farmland. Every image is
224 × 224 pixels and annotated with five sentences. There
are 54 605 sentences in total, including 24 333 nonrepeated
sentences.

2) Metrics: The model performance evaluation is based
on the similarity between candidate sentences and reference
sentences. The current automatic evaluation metrics mainly
include BLEU, METEOR, ROUGE_L, and CIDEr. These met-
rics measure the similarity between candidate sentences and
reference sentences from different perspectives. The higher
the metric scores, the higher the accuracy of the sentences
generated by the model.

B. Experimental Setting

The initial learning rate is 0.0001 and decays as training
steps increase. We set the maximum epoch to 100, the batch
size to 32, and the dimension of the word embedding to
512. Regarding the transformer encoding and decoding layers
in MLAT, the layer number is 3, and the head number of
multihead attention is 8. We choose the Beam Search strategy
instead of the Greedy Search strategy to generate sentences in
the experiments. If the beam size is too large, many candidate
sentences will be generated for an image. It requires a large
amount of computation. If it is too small, the sentence accuracy
will decrease. We set the beam size as 5.

C. Experiments and Results

In Table I, all methods are based on Resent-50 as the
backbone network for feature extraction. In the baseline,
LSTM is chosen as the decoder. Besides, we have tried to
choose CNN as an aggregator instead of LSTM. We rearrange
the sequence features from each encoding layer into feature
maps, concat them together in the channel dimension, and
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TABLE I

RESULTS ON SENTENCE ACCURACY OF DIFFERENT METHODS ON RSICD,
WHERE THE BOLDED RESULTS ARE THE BEST, TR DENOTES TRANS-

FORMER, AND FUS DENOTES FEATURE FUSION STRATEGY, AND

AGGR-CNN DENOTES CNN-BASED AGGREGATOR

TABLE II

COMPARISONS WITH OTHER CURRENT METHODS ON RSICD

Fig. 5. Visualization of the multihead attention states when the transformer
and MLAT are, respectively, chosen as decoders to generate the words
corresponding to the multiscale objects. Red denotes higher similarity values,
and blue denotes lower values. MLAT can focus on the big and small planes
when describing the planes in the first image. Besides, MLAT performs better
than transformer when describing the big playground and the small swimming
pool regarding the second and third images. These examples show that MLAT
can ease the multiscale problem.

send them to a CNN-based aggregator, which is composed
of a one-layer CNN. In Table II, we compare our method
and other methods regarding sentence accuracy. mRNN [5],
mLSTM [5], and mGRU [20] are based on VGG-16 [21] as
the encoder and, respectively, choose RNN, LSTM, and GRU
as the decoders. We implement the Soft-attention method [22]
based on ResNet-50 and LSTM. Furthermore, we objectively
evaluate the sentence diversity from two perspectives.

1) Sentence Accuracy: According to Table I, the feature
fusion strategy, Aggr-CNN, and MLAT can all improve the
model performance because they enable the model to suf-
ficiently extract and utilize multiscale information in RSIs.
MLAT and Aggr-CNN can perform better than LSTM and
transformer, which shows that the aggregation is effective.
Besides, MLAT performs better than Aggr-CNN. We argue
that the gate mechanism of LSTM enables it to learn to
remember or forget information selectively. It is helpful to

TABLE III

SENTENCE DIVERSITY AMONG DIFFERENT IMAGES, WHERE THE HIGHER
THE SCORE, THE BETTER THE DIVERSITY

TABLE IV

SENTENCE DIVERSITY AMONG BEST-K SENTENCES OF THE SAME IMAGE,
WHERE THE LOWER THE SCORE, THE BETTER THE DIVERSITY

compress redundant features and extract important features
from all encoding layers. Our final model chooses feature
fusion strategy and MLAT. According to Table II, our model
performs better than other methods on sentence accuracy.

2) Influence of MLAT: Fig. 4 shows that as the trans-
former encoding layer goes deeper, the similarity between
each feature will increase. Besides, the similarity between the
aggregated features has decreased compared to the similarity
between the features from the top layer. This shows that the
redundant features have been reduced. That is the effect we
expect. According to Fig. 5, MLAT can focus on more accurate
features than the transformer and focus on multiscale objects
and scenes in the RSIs when generating corresponding words.
Besides, according to Fig. 6, our model can accurately describe
many multiscale objects and correct object relationships in the
RSIs. Therefore, MLAT is helpful for the model to address
the multiscale problem so that the model can generate more
accurate and detailed sentences. Besides, we calculate the
number of model parameters and the inference speed (seconds
per image) on an NVIDIA GTX 1080 graphics card. The
transformer and MLAT are, respectively, 105.22 and 149.77 M
regarding the parameters, and 0.36 and 1.34 s regarding the
speed. Although the efficiency of MLAT is lower, we think it
is acceptable considering the accuracy improvement. We will
further improve the model operation efficiency in the future.

3) Sentence Diversity: At present, the evaluation of sen-
tence diversity is not as perfect and objective as the accuracy.
In this letter, we propose that the diversity could be evaluated
objectively from two aspects: the diversity among sentences
of different images and the diversity among k sentences of
the same image. The former can be understood as how many
different sentences a person can express. The latter can be
understood as how many perspectives a person can describe
an image. Regarding the former, each model generates the
best-1 sentence and the best-3 sentences for each image. Then
we calculate the ratio of all unique sentences. Regarding the
latter, each model generates the best-3 sentences for each
image as shown in Fig. 7. Then we combine three sentences
in pairs and calculate BLEU, METEOR, ROUGE_L, CEDIr,
and then average them. It should be noted that the lower the
scores, the greater the difference among sentences and the
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Fig. 6. Captioning results. (a) One of the five ground-truth sentences. (b) and (c) Generated by the baseline and our method, respectively. Red words are
wrong. Blue words are less accurate. Green words are more accurate. Our method can generate more accurate sentences. For example, for the first image,
our model can describe “black rocks” and “ocean” and describe accurate object relationships, such as “between. . . and. . .”

Fig. 7. Sentences generated by our model illustrate the sentence diversity
among three sentences for the same image. For example, our model can
describe the playground and internal things, or describe the playground and
surrounding things for the first image.

better the diversity. Tables III and IV show that our model
performs better than the baseline on sentence diversity.

IV. CONCLUSION

We address the multiscale problem from two perspectives.
We fuse the features of different layers in ResNet-50 to extract
multiscale information in the images. We propose MLAT as
the decoder in which LSTM aggregates the features from
different encoding layers to sufficiently utilize the extracted
multiscale information. The experimental results show that
our strategies are helpful to address the multiscale problem
and can improve model performance on sentence accuracy and
diversity.
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