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Abstract: Image caption generation is a fundamental task to build a bridge between image and its
description in text, which is drawing increasing interest in artificial intelligence. Images and textual
sentences are viewed as two different carriers of information, which are symmetric and unified in
the same content of visual scene. The existing image captioning methods rarely consider generating
a final description sentence in a coarse-grained to fine-grained way, which is how humans understand
the surrounding scenes; and the generated sentence sometimes only describes coarse-grained image
content. Therefore, we propose a coarse-to-fine-grained hierarchical generation method for image
captioning, named SDA-CFGHG, to address the two problems above. The core of our SDA-CFGHG
method is a sequential dual attention that is used to fuse different grained visual information
with sequential means. The advantage of our SDA-CFGHG method is that it can achieve image
captioning in a coarse-to-fine-grained way and the generated textual sentence can capture details of
the raw image to some degree. Moreover, we validate the impressive performance of our method on
benchmark datasets—MS COCO, Flickr—with several popular evaluation metrics—CIDEr, SPICE,
METEOR, ROUGE-L, and BLEU.

Keywords: image caption generation; sequential dual attention; coarse-to-fine-grained; SDA-CFGHG

1. Introduction

Automatic generation of image captions is drawing increasing interest in artificial intelligence. It is
a fundamental task to build a bridge between image and its description in text. The main aim of image
caption generation is to make machines generate a textual sentence to accurately depict the content of
a given image. Therefore, it is related to two major artificial intelligence fields: computer visual (CV)
and natural language processing (NLP). Image caption generation can be applied to different aspects
which simultaneously involve visual systems and language systems, such as semantic visual search,
visual intelligence in chatting robots, and assisting visual impaired people to perceive the content of
surrounding scenes. Generally, it plays a significant role in scene understanding.

The methods used for image captioning can be roughly grouped into three categories: (1) template
based methods; (2) retrieval based methods; and (3) artificial neural network (ANN) based methods.
The template based methods and retrieval based methods are the early methods that have some
unnecessary restrictions. The template based methods, which use a predefined sentence structure
to generate final image caption sentence, are more rigid and lack diversity; and the retrieval based
methods, which re-use description sentences available from the searched tagged images, cannot
generate novel captions. Differently, the ANN based methods try to generate image captions based
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on an encoder–decoder framework, which is commonly used in machine translation. The image is
first encoded into a fixed-length embedding vector by an encoder; then, this vector is injected into
a decoder to generate final textual description that can depict the image content.

Furthermore, the commonly used encoders are based on convolutional neural networks
(CNNs) [1], which are effective for object detection and recognition in area of image processing,
including VGG [2], ResNet [3], Adaptive Artificial Neural Network (AANN) [4], Spiking Deep Neural
Network (SDNN) [5], Probabilistic Neural Network (PNN) [6], and so on [7–9]. For example, CNN
and specific image pre-processing steps are combined for facial expression recognition in [7], and CNN
is also incorporated as a final classifier to assist the object detection of 2D images [8].

On the other hand, since the decoders used in image captioning are applied to generate textural
information, the most classical models used in NLP can be transferred for image captioning, such as
recurrent neural networks (RNNs) [10], bi-directional recurrent neural network (Bi-RNN) [11], long
short term memory (LSTM) cell [12], gated recurrent unit (GRU) [13], etc. The advantage of ANN based
methods is that it can generate novel image captions without a pre-defined rigid sentence template.

Nonetheless, there is still a great distance between machine intelligence and human-being
intelligence in image captioning research. For example, humans usually try to get a rough
understanding of a given image. After that, the details of the image are perceptive by searching a series
of sub-regions of the image. It is how humans understand the surrounding scenes: a coarse-grained to
fine-grained way. However, the coarse-grained to fined-grained generation for image captioning is
rarely involved in existing ANN-based methods. On the one hand, most existing ANN-based methods
focus on a main gist contained in the image and depict it with a similar sentence. On the other hand,
the generated sentence sometimes only describes coarse-grained image content.

Therefore, we propose a coarse-to-fine-grained hierarchical generation (SDA-CFGHG) method for
image captioning, which can be used to generate a final image description sentence in a coarse-grained
to fine-grained way. As opposed to previous ANN-based methods, the SDA-CFGHG method tries to
fuse different grained visual information of a given image based on sequential dual attention.

The method we propose has three key parts: (1) image information extraction; (2) sequential
dual attention; and (3) language generation model. The image information extraction part focuses
on extracting different grained visual information from the raw image, including the global image
feature, a set of sub-spatial feature maps, the object features and attribute labels. The sequential dual
attention part is applied to fuse different grained visual information above sequentially. The language
generation model is used to generate a final fine-grained image description in text.

In the first part of our research, we respectively used the ResNet-152 model and the faster-RCNN
model [14] to extract the global image feature, the object features and attribute labels, since the two
models used are more accurate and robust than other optional models. It is worth noting that the set of
sub-spatial feature maps is also generated by the ResNet-152 model. In the second part, we use “soft”
attention as the basic attention mechanism of our proposed sequential dual attention, since it can be
embedded into the language model for training directly. In the last part, a stacked two-layer RNN
with an LSTM cell is applied to generate final fine-grained image caption sentence, since the LSTM cell
can accumulate long-term sequence information to some degree.

Concretely, the contributions of this paper are as follows:

• We propose a new SDA-CFGHG method for image captioning.
• We extracted different grained visual information from the raw image, including the global image

feature, a set of sub-spatial feature maps, the object features and attribute labels, all of which are
sequentially used to generate final image descriptions in text.

• We propose sequential dual attention to fuse different grained visual information above, which
can ensure the generation of an image caption sentence in a coarse-grained to fine-grained way,
and the final generated description can describe details of an image.
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• Evaluation results show that our approach can achieve impressive performance with several
well-known evaluation metrics, including CIDEr [15], SPICE [16], METEOR [17], ROUGE-L [18],
and BLEU [19].

Remainder The remainder of this paper is organized as follows: In Section 2, we review the
related work of image captioning. Then, the details of our proposed approach are introduced in
Section 3. Next, the results and discussion are given in Section 4. Finally, we conclude our work with
future research in Section 5.

2. Related Work

In this section, we review the related work of image captioning. They can be broadly divided into
three categories: template based methods [20–22], retrieval based methods [23–25], and ANN based
methods [26–41].

2.1. Template Based Methods

Template based methods are traditional image captioning methods, which need to predefine
a rigid sentence structure. Then, the predicted nouns, verbs, and scenes are applied to fill in the
syntactic structure to compose a description sentence.

Due to the previous template based methods trying to interpret what happened in an image
by a direct representation, which cannot explore the relationship between images and sentences.
Authors in [20] proposed a method to compute a score to link an image to its description sentence.
The scoring procedure in [20] was built around an intermediate representation between images and
sentences, called “meaning” space. The “meaning” space was represented by triplets: <object, action,
scene>. The strength of this approach is that it is symmetric: a best description (resp. image) can be
searched from a large set for a given image (resp. description).

Furthermore, with the goal of solving the main linguistic constrains of templates:
the grammatically correct sentences cannot be generated by language models along. A new approach,
proposed by [21], tried to make a tight connection between the sentence generation process and the
particular image content. The statistics learning was used to parse large quantities of text data, and
the recognition algorithms from CV were applied to detect objects in an image. The strength of this
method is that it can produce more relevant sentences for images than previous attempts.

Furthermore, image caption generation is a complex process, which involves three parts:
perceiving the visual space; grounding to world knowledge in the language space; and the generation
of textual sentence. Hence, authors in [22] proposed a computationally feasible framework to integrate
these components together, of which the semantic grounding was obtained from a large textural corpus.
The hidden Markov model (HMM) was used to model the generation process of captions. Although
the sentences generated by this method are both readable and relevant for given images, there are
some fails of the predicted nouns or verbs, since the detected objects may be mistaken.

2.2. Retrieval Based Methods

Due to the produced descriptions of most retrieval based image captioning methods lacking
creativity. A holistic data-driven approach was presented by authors in [23], which exploited both the
image data and the language descriptions. Given a raw image, it first retrieved existing human-written
phrases from a caption database by measuring the visual similarity. In addition, it then tried to generate
a relevant sentence by using Integer Linear Programming (ILP). The main contribution of this method
is that it systematically incorporated several CV approaches to retrieve visually relevant phrases, but
the captions generated by using ILP may result in some mistakes, i.e., the “bike” was mistaken for
a “flower”.

In addition, a problem of data-driven matching methods is that the final generated captions
could be hampered in some cases, such as the pool alignment between images and human-composed
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captions. Therefore, authors in [24] proposed a nonparametric density estimation technique to address
the problem mentioned. A word frequency model was used to search a smoothed estimate of visual
content across multiple captions, rather than depending on a single noisy estimate of visual similarity.
The drawback of this method is that objects may be missed due to some generated caption sentences
only describing the background of an image.

Furthermore, in order to make clear what is the relationship between images and language
sentences. Two variations on text retrieval were presented by authors in [25], including retrieving
the entire existing image description, and retrieving bits of phrases based on visual and geometric
similarity of objects and scenes. The main strength of these two methods is that it is the first attempt to
search the internet for general captioned images.

Although the template based methods and retrieval based methods can generate relevant
descriptions of images, they need a predefined rigid language template or cannot generate novel
captions for a given image.

2.3. ANN Based Methods

There are various ANN based methods that have been proposed for image caption generation,
which rely on the attention mechanism to decide which part of the visual information is important.

In terms of the problem that the language sentence generated by the encoder–decoder framework
being common and only weakly coupled to the raw image, authors in [26] proposed an extension of
the LSTM, named gLSTM, which can ensure that the generated words are more tightly coupled to the
image content. Concretely, the semantic information of target image or retrieved texts was extracted
as extra information at each time step to guide the language model generating the related word.
Nonetheless, its generated image caption sometimes may be overly guided. In [27], a discriminability
loss was incorporated for training, which could allow an image described as being better identified
by both machines and humans. The main contribution of this method is that a retrieval model and
a caption generator were combined into a collaborative framework.

Authors in [28] proposed two different attention algorithms, named “soft” and “hard” attention,
which were respectively applied to two different image captioning frameworks to better comprehend
the visual content of an image. “Soft” attention is a parameterized method, which can be used to
generate an encoded feature vector by calculating the weights of all input feature vectors. On the other
hand, due to the fact that “hard” attention does not rely on all hidden states of the language model, the
gradient in it needs to be estimated by using Monte Carlo-based sampling. Therefore, most existing
attention-based methods utilize “soft” attention as the basic mechanism, since it can be embedded into
a language model for training directly.

In addition, an SCA-CNN model, is proposed by [29] to solve the problem that attention is only
applied in the last conv-layer in existing methods. In SCA-CNN, the channel-wise features were
intergrated, which can help the language model gain a better understanding of how CNN features
evolved in the process of image caption generation. The limitation of this method is that its performance
cannot outperform the ensemble models, due to SCA-CNN being a single model. To address problems
related to object missing and object misjudgment, authors in [30] proposed a global-local attention
(GLA) model, in which the image-level and object-level features were integrated by an attention
mechanism. Furthermore, the attentive linear transformation (ALT) method was proposed in [31]
to address the limitation that the extracted each region of image contains relevant and irrelevant
information. A constant transformation weight and an attention matrix were learned in ALT to help
caption models and explore more useful concepts of raw images. In [32], there is the problem that
traditional attention models use the image visual information first, which may lead to the loss increased
direction with time progressing. The authors in [32] proposed a parallel-stack LSTM (PS-LSTM)
model for image captioning, which can ensemble more parameters on a single model. It achieved
comparable performance.
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Moreover, authors in [33] proposed a novel text-conditional attention based on the gLSTM model,
which can interpret image features based on textual content. “Areas of attention” were proposed
by [34] to solve the problem that previous attention-based works associated image regions only to the
RNN state. It is a trainable system. In addition, in [35], authors proposed a sequence-to-sequence RNN
method to make the input image a sequence of detected objects to generate final corresponding captions.
A bottom-up and top-down method was proposed by [36] for image captioning and visual question
answering (VQA). It combined “soft” and “hard” attention to achieve image caption generation.

All ANN-based methods existing above attempt to depict the main gist of an image with a similar
textual sentence, while the fine-grained visual information may not be reflected, due to generated
description sometimes only describing coarse-grained image content. Therefore, we propose an
SDA-CFGHG method for image captioning that can generate a final image caption sentence in
a coarse-grained to fine-grained way, and the generated final description can describe details of
an image.

3. Materials and Methods

In this section, we focus on introducing the contributions of this paper, including the image
information extraction, the sequential dual attention, and the language generation model. The main
purpose of our research is to make the machine perceive an image in a coarse-grained to fine-grained
way, which is how humans understand the surrounding scenes. The framework of our sequential dual
attention: coarse-to-fine-grained hierarchical generation (SDA-CFGHG) method is given in Figure 1.

 

Attribute features

LSTM

Faster-RCNN

ResNet-152

Image caption
Input image

(1) Image features extraction (2) Image caption genration

Object features

Sub-spatial maps

Global image 

feature

Object 

attention

Spatial

Attention

LSTM

Sequential dual attention

Figure 1. The framework of our proposed method.

The main idea of our method is to integrate different grained visual information in sequential
means by using sequential dual attention, which can solve the problem discussed before.

3.1. Image Information Extraction

The visual information of a raw image we used in our research is the global image feature, a set of
sub-spatial feature maps, the object features and the attribute features.

Since the global image feature encoded by an encoder is a fixed-length embedding vector, which
cannot contain more details of a raw image, we use it as the coarse-grained visual information, which
can provide the language generation model, a general perception of the raw image. In our approach,
we utilize the ResNet-152 model to extract the global image feature, since the ResNet-152 model
can generate accurate semantic features compared with VGG. The ResNet-152 is pre-trained on the
large-scale ImageNet classification dataset [42]. In addition, the dimension of the global image feature
is equal to 2048, since the size of the last full connection layer of ResNet-152 model is set to 2048
(see Table 1). Therefore, the global image feature of each image is a 2048-dimension vector, denoted as
G (see Equation (1)).

G ∈ R2048. (1)
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Furthermore, it is worth noting that the set of sub-spatial feature is also generated by the
ResNet-152 model. Due to the last convolutional map of the ResNet-152 model being directly mapped
into a 2048-dimension vector through the last convolutional layer in the previous global feature
extraction process, some information from the raw image may be missed.

Table 1. Coarse-grained visual information generated by ResNet-152.

Categories of Information Optional Values

global feature fixed-length feature vector: 2048 × 1
sub-spatial map size of each random selected map: 14 × 14

To address this problem, we try to extract more detailed visual information from the last
convolutional map of the ResNet-152 model. Concretely, the last convolutional map generated by
ResNet-152 model is multi-channel. Thus, we can randomly extract a series of regional feature maps
from the last multi-channel feature map through average pool, and generate a set of sub-spatial maps.
The size of average pool is set to 14× 14 in our research. Finally, since every regional sub-spatial feature
map generated is multi-channel as well, we utilize a convolutional layer to map each sub-spatial feature
map into a fixed-length 2048-dimension vector for easy calculation. The extracted set of sub-spatial
features is denoted as S (see Equation (2)):

S = {s1, s2, ..., sC}, sj ∈ R2048, j ∈ (1, C). (2)

Moreover, we use a faster-RCNN model to obtain the fine-grained visual information of a raw
image, including the object features and the attribute labels. A faster-RCNN model is an end-to-end
framework designed to localize instances of objects with bounding boxes and identify what certain
classes they belong to. Thus, it can be used to simultaneously generate a series of bounding boxes and
the corresponding class labels.

Concretely, the size of each image is equal to 224 × 224 after the resizing and cropping
preprocessing operations. Then, each image is injected into the faster-RCNN model to generate
a series of bounding boxes and class labels. After that, the feature vectors of the generated bounding
boxes of a raw image are used as our object features, since each bounding box contains details of a
specific target. On the other hand, the generated class labels are seen as attributes (see Table 2). It is
worth noting that the generated textual attribute labels are not composed for the content directly.
We utilize only the feature vector of each attribute label rather than the textual attribute labels. For
each attribute label, it will be mapped into a fixed-length vector through an embedding layer, just like
the words of reference sentence. The size of the embedding layer is set to 1024.

Table 2. Fine-grained visual information generated by faster-RCNN.

Categories of Information Optional Values

Object features vector from bounding-box region: (Px, Py, Pw, Ph)
attribute labels man, woman, child, chair, train, dog, bag, cat...

The obtained object features and the attribute features are respectively denoted as set O

(see Equation (3)) and set A (see Equation (4)):

O = {o1, o2, ..., oQ}, oj ∈ R2048, j ∈ (1, Q), (3)

A = {a1, a2, ..., aZ}, aj ∈ R2048, j ∈ (1, Z). (4)
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Finally, the object features are combined with the attribute features to generate final fine-grained
information set, denoted as V (see Equation (5)):

V = {v1, v2, ..., vQ+Z}, vj ∈ R2048, j ∈ (1, Q + Z). (5)

3.2. Sequential Dual Attention

The core of our proposed SDA-CFGHG method is sequential dual attention, which is applied to
integrate different grained visual information of an image sequentially. The sequential dual attention
consists of two parts: spatial attention and object attention (see Figure 2).

Spatial

Attention

Object

Attention

Sub-spatial 

feature maps

Object 

features

Attribute 

features

Figure 2. Sequential Dual Attention; the dotted line indicates the input information at each time step t.

The input information of the sequential dual attention including a hidden state h(1)t , a set of

sub-spatial features maps, the object features and attribute features. The hidden state h(1)t comes from
our language generation model, which can be seen in Section 3.3. They are injected into our dual
attention by using sequential means. Here, we try to use sequential means to integrate the above
information, since it can allow our language model to understand a given image in a coarse grained to
fine grained way, just like humans.

Furthermore, the “soft” attention is the basic attention mechanism of our sequential attention
because it can be embedded into our language generation model for training directly. Concretely,
for given feature vectors ξ j and ξbase, the similarity between these two vectors can be measured by
using the cosine function, as shown in Equation (6):

Ft(ξ j, ξbase) = cos
(
ξ j, ξbase

)
=

ξ j · ξbase

‖ξ j‖‖ξbase‖
, j ∈ [1, N]. (6)

In addition, the attention weight of each input feature ξ j at time step t is denoted as αt, which can
be calculated as Equation (6):

αt(ξ j
∣∣ξbase) =

Ft(ξ j, ξbase)

∑
j

Ft(ξ j, ξbase)
, j ∈ [1, N], (7)

where the attention weights satisfies the constraint ∑N
j=1 αt(ξ j

∣∣ξbase) = 1.
Therefore, in spatial attention, the similarity and attention weight between each sub-spatial map

sj and the hidden state h(1)t at time step t can be calculated through Equations (6) and (7), respectively.

Furthermore, the computational details of the fused feature vector v̂(SA)
t at time step t can be referred

to as Equation (8).

v̂(SA)
t =

C

∑
j=1

αt(sj
∣∣h(1)t )sj, sj ∈ S . (8)
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On the other hand, in object attention, the attention weight of each feature vector vj at time

step t can be calculated according to the previously generated fused feature vector v̂(SA)
t , denoted as

αt(vj
∣∣v̂(SA)

t ). In addition, the fused vector v̂(OA)
t in object attention is calculated as Equation (9):

v̂(OA)
t =

Q+Z

∑
j=1

αt(vj
∣∣v̂(SA)

t )vj, vj ∈ V . (9)

Finally, the generated v̂(OA)
t is used in our language generation model for image captioning.

From above sequential means, our language generation model can understand a given image
sequentially, which avoids the loss of partial fine-grained visual information.

3.3. Language Generation Model

In this subsection, we mainly focus on introducing the details of our language generation model.
It is worth noting that the previous sequential dual attention is embedded into our language model for
training directly.

A stacked two-layer RNN with LSTM cell is used as our language generation model to achieve
image captioning in a coarse-grained to fine-grained way (see Figure 3). The reason why we chose
LSTM cell as the basic node of our language model is that it can accumulate long-term sequence
information to some degree.

LSTM

LSTM

Sequential

Dual Attention

Global 

feature

Partial visual 

information

Figure 3. Language Generation Model. The dotted line indicates the input information at each time
step t.

As shown in Figure 4, each LSTM cell consists of four significant gates: input gate, forget gate,
output gate, and memory gate; and they are respectively denoted as it, ft, ot, and gt at time step t.
The detailed calculations of these gates are given in Equation (10):

it = σ (Wixxt + Wihht−1 + bi) ,

ft = σ
(

W f xxt + W f hht−1 + b f

)
,

ot = σ (Woxxt + Wohht−1 + bo) ,

gt = tanh
(

Wgxxt + Wghht−1 + bg

)
,

(10)
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where xt indicates the input information of the LSTM cell at time step t, and ht−1 is the generated
hidden state of the LSTM cell at time step t− 1. W∗ and b∗ are the shared parameter, respectively,
which should be learned in all time steps. In addition, σ is the sigmoid activation function.

Sigma Sigma Tanh Sigma

  

  Tanh

   

  

Forget 

gate

Input 

gate
Memory 

gate

Ourput 

gate

Figure 4. The architecture of long short term memotry (LSTM) cell. “Sigma” and “tanh” represent the
sigmoid function and the tanh function, respectively.

Then, the cumulative information of the LSTM cell, denoted as ct, can be calculated according to
the previous generated ct−1 and the output of these four gates. The detailed operation is shown as
Equation (11), where � denotes element-wise multiplication:

ct = ft � ct−1 + it � gt. (11)

Finally, the hidden state of the LSTM cell at time step t can be calculated through Equation (12):

ht = ot � tanh (ct) . (12)

For easy expression, we use Equation (13) to represent the above operations of Equations (10)–(12),

ht = LSTM(xt, ht−1). (13)

Furthermore, in the first layer of our language generation model, the input information x(1)t can
be calculated through the global image feature G and the previously generated word wt−1, and the
detailed calculation is referred to as Equation (14)

x(1)t = WϕG + Wwwt−1, (14)

where wt−1 belongs to the generated textual sentences S, which can be represented as a set of words
(see Equation (15)):

S = {w0, w1, ..., wL}. (15)

Therefore, the generated hidden state of the first layer of our language model can be calculated as
the following Equation (16):

h(1)t = LSTM(x(1)t , h(1)t−1). (16)

After that, since the input information of the second layer of our language model consists of the
hidden state h(1)t and the fused feature v̂(OA)

t , it can be obtained through Equation (17):
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x(2)t = Wφv̂(OA)
t + Whh(1)t . (17)

In addition, the output of the second layer is a fused vector, which can be calculated by using
Equation (18):

h(2)t = LSTM(x(2)t , h(2)t−1). (18)

Moreover, at time step t, the word wt is generated based on previously generated words
w0, ..., wt−1 and the sequential visual information, which have been integrated sequentially into the
fused vector h(2)t . Thus, the generated probability of word wt can be calculated according to the hidden

state h(2)t , as shown in Equation (19):

p (wt|w0, ..., wt−1, G , O , A ) = so f tmax
(

Wph(2)t + bp

)
. (19)

Then, since the probability of final image description is a product of probability of each generated
word wi, the detailed calculation can be represented as Equation (20):

p (w0, w1, ..., wL) =
L

∏
t=1

p
(
wt

∣∣w0, ..., wt−1, G , O , A
)

. (20)

The objective function used in this research is the negative cross entropy loss, which is referred to
as the following Equation (21):

L (θ) = −
L

∑
t=1

log p
(
wt

∣∣w0, ..., wt−1, G , O , A
)

, (21)

where θ represents the parameters of our language generation model, including W∗ and b∗.
Finally, since the CIDEr score is a commonly used evaluation metric to measure the similarity

between generated image caption and the human-written textual sentence, we adopted the Self-Critical
Sequence Training (SCST) [43] method to optimize the CIDEr score, which can make final image
description closer to human expression. The concrete negative expected reward score is shown as
Equation (22):

R (θ) = −ES∼pθ
[r(S)] , (22)

where r represents the CIDEr score function.
It is worth noting that we first used the negative cross entropy (see Equation (21)) to pre-train

our language model, and then the SCST method (see Equation (22)) is applied to achieve CIDEr
optimization based on the pre-trained language model.

4. Results and Discussion

4.1. Datasets

The datasets we used to evaluate the performance of our methods are the MS COCO [44],
Flickr8K [45], and Flickr30K [46]. They are the most popular datasets for evaluating the
generated descriptions.

Table 3 shows the detailed comparisons of reference captions on the three datasets above. The MS
COCO dataset is a large-scale object detection, segmentation, and captioning dataset. The official
version of MS COCO dataset includes 82,783 training images, 40,504 validation images, and 40,775
test images. Since the “Karpathy” split is the commonly used split method for reporting results, as
in previous works, we use it to split the official MS COCO dataset to obtain 113,287 training images,
5000 validation images, and 5000 test images. In addition, the Flickr8K dataset is officially split into
6000 images for training, 1000 images for validation images, and 1000 images for testing. Furthermore,
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the Flickr30K dataset consists of 31,783 images without an official split, and we split it into 28,000
training images, 1000 validation images, and 1000 images for testing, as in previous works.

Table 3. Comparisons of reference captions on datasets MS COCO, Flickr8K, and Flickr30K.

Datasets Vocab Size Max Length Total Words Top-10 Words with Higher Occurrences

MS COCO 9486 49 6,421,733 a, on, of, the, in, with, and, is, man, to
Flickr8K 2629 37 422,800 a, in, the, on, is, and, dog, with, man, of

Flickr30K 7648 78 1,892,755 a, in, the, on, and, man, is, of, with, woman

Furthermore, Figure 5 displays the percentage of words in the length of each caption sentence.
Since the lengths of the caption sentence are mostly between 7 and 18, only the statistical results in this
range are displayed.

For the above datasets, there are five corresponding textual sentences written by humans for each
image, which are used as reference captions for training.

length 7 8 9 10 11 12 13 14 15 16 17 18
MSCOCO 0.79% 16.44% 21.81% 21.49% 15.44% 9.82% 5.71% 3.25% 1.86% 1.12% 0.70% 0.45%

0.79%
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15.44%
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5.71%
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1.86% 1.12% 0.70% 0.45%
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MSCOCO

length 7 8 9 10 11 12 13 14 15 16 17 18
flickr8k 8.33% 9.60% 10.96% 11.27% 10.38% 9.20% 7.69% 6.27% 4.45% 3.40% 2.32% 1.77%
flickr30k 6.90% 8.30% 9.54% 9.93% 9.31% 8.28% 7.35% 6.45% 5.16% 4.24% 3.37% 2.75%

8.33%
9.60%

10.96%11.27%
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9.20%
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flickr8k flickr30k

(a) statistical results of MS COCO captions. (b) statistical results of Flickr captions.

Figure 5. Percentage of words in the length of each caption sentence. (a) displays the statistical results
of reference captions on MS COCO dataset; (b) displays the statistical results of reference captions on
Flickr8K and Flickr30K datasets. The x-axis represents the length of each caption sentence.

4.2. Evaluation Metrics

We evaluate the performance of our method with several well-known metrics that are commonly
used for image captioning, including CIDEr, CIDEr [15], SPICE [16], METEOR [17], ROUGE-L [18],
and BLEU[19].

CIDEr and SPICE are all human consensus metrics. CIDEr can be used to measure the similarity
between generated captions and a set of human-written descriptions. In addition, SPICE is a principled
metric, which is applied to evaluate how effectively the generated image sentence recover objects,
attributes and the relations between them. METEOR calculates the sentence-level similarity scores
based on the harmonic mean of uni-gram recall and precision. ROUGE-L can be used for gisting
evaluation. Its score is calculated by measuring the number of overlapping units, such as n-gram,
word sequences, and word pairs between generated captions and the human-writing sentences. BLEU
is a commonly used metric in machine translation tasks. It is only based on the co-occurrences of
n-grams precision.

4.3. Experiment Setting and Results

Just like the traditional method of model parameter acquisition, the experiment of our research
was separated into two parts: the training part and the test part. Since our sequential dual attention
was based on “soft” attention, it could be embedded into our language model for training directly.
In the training part, the ResNet-152 model and the faster-RCNN model were respectively trained to
extract the image visual information, including the global image feature, a set of sub-spatial maps,
the object features and attribute features. After that, the language model was trained based on the
previous generated visual information and the human-written reference sentences. In the test part,
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the ResNet-152 model, the faster-RCNN, and our language generation model are used by sequential
means to generate final fine-grained description sentences.

In our language model, the cost function is optimized by the RMSProp algorithm, which is the
popular method for finding local convergence points. The learning rate is set to 0.0001. In addition, the
value of gradient clipping is equal to 0.1, which can be used to avoid gradient explosion. Furthermore,
the size of embedding layer in our research is equal to 1024, which is used to reduce the dimension
of the input word. In addition, the number of hidden cells (LSTM) in our language model is set to
1024. Furthermore, in our sequential dual attention, the number of attention hidden cells (LSTM) is
set to 512. In addition, the Nividia TITAN X (PASCAL) (Santa Clara, CA, USA) is the main graphic
processing unit (GPU) we used to accelerate the training process in our search.

Finally, in order to ensure the quality of the final generated textual sentence, we used the beam
search method as our description generation strategy in this work. The advantage of the beam search
method is that it can automatically select top-K best sentences with higher probabilities at each time
step. It is worth noting that the new top-K best sentences are selected based on the old top-K sentences
at the previous moment of each time step. In our research, the value of K was set to 3.

4.3.1. Results of Evaluation on Benchmark Datasets

In this part, we display the evaluation results of our proposed SDA-CFGHG method for image
captioning on the benchmark datasets, including MS COCO, Flickr8K, and Flickr30K datasets. Since
the results of the previous methods for image caption generation have been published publicly in
the literature, we can compare our method with these state-of-the-art works directly. The methods
used for comparison in this research consist of gLSTM [26], soft attention [28], hard attention [28],
Log Bilinear [47], ATT [48], F-G Attention [49], GLA [30], and Topdown [36]. In addition, the evaluation
scores were generated by the commonly used coco-caption code.

Table 4 shows the detailed results of our method on MS COCO dataset, in which the
“SDA-CFGHG” indicates the evaluation scores of our method. From the comparison results of our
SDA-CFGHG method with previous approaches, we can observe that our method has state-of-the-art
performance when using the global image feature, a set of sub-spatial maps, the object features and
attribute labels by sequential means. Our method can achieve the impressive performance in that the
above features can provide different grained visual information of a raw image to our language model
and make it understand a raw image in a coarse-grained to fine-grained way.

Table 4. Evaluation results of our method on the MS COCO dataset.

Method BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE

gLSTM [26] 35.8 26.4 22.7 — 81.25 —
soft attention [28] 34.4 24.3 23.9 — — —
hard attention [28] 35.7 25.0 23.0 — — —
Log Bilinear [47] 34.4 24.3 20.0 — — —

ATT [48] 40.2 30.4 24.3 — — —
F-G Attention [49] 36.2 25.9 24.5 — — —

GLA [30] 41.7 31.2 24.9 53.3 96.4 —
Topdown [36] — 33.4 26.1 54.4 105.4 19.2
SDA-CFGHG 47.7 36.6 28.0 57.2 115.8 21.0

Concretely, although the global image feature is a fixed-length embedding vector, it is enough
to provide a coarse-grained understanding for our language generation model. Furthermore, the
sub-spatial maps help the language model to decide which parts of the raw image are significant during
image captioning. Moreover, while generating each word of final description sentences, the object
features and the attribute labels can help our language model perceive the fine-grained information of
a raw image.

Furthermore, Tables 5 and 6 display the evaluation scores of our method on Flickr8K and Flickr30K
dataset, respectively. Compared to other method, our approach differs in that our language model
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uses the proposed sequential dual attention to fuse the extracted image features, sequentially. On the
one hand, the spatial attention of the sequential dual attention is first used to fuse the set of sub-spatial
maps according to the hidden state h(1)t that contains partial global feature G , and then to generate a

intermediate feature vector v̂(SP)
t . On the other hand, the next object attention is applied to integrate

the object features and attribute features with the previously generated v̂(SP)
t and then to generate

a fused feature vector v̂(OA)
t . Therefore, our language generation model can generate final textual

sentences in a coarse-grained to fine-grained way, which is how humans perceive the surrounding
visual world.

Table 5. Evaluation results of our method on the Flickr8K dataset.

Method BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr

gLSTM [26] 31.8 21.6 20.2 — —
soft attention [28] 29.9 19.5 18.9 — —
hard attention [28] 31.4 21.3 20.3 — —
Log-Bilinear [47] 27.7 17.7 17.3 —

F-G Attention [49] 33.7 23.8 22.6 — —
GLA [30] 23.9 14.8 16.9 36.2 41.9

SDA-CFGHG 34.2 24.3 23.1 38.6 46.0

Table 6. Evaluation results of our method on the Flickr30K dataset.

Method BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr

gLSTM [26] 30.5 20.6 18.0 — —
soft attention [28] 28.8 19.9 18.5 — —
hard attention [28] 29.9 19.9 18.5 — —
Log-Bilinear [47] 25.4 17.1 16.9 — —

F-G Attention [49] 31.3 21.4 20.0 — —
GLA [30] 23.2 14.6 16.6 36.2 41.9

SDA-CFGHG 33.4 22.1 20.5 38.4 45.9

4.3.2. Results of Quantitative Analysis

Besides the evaluation scores of our method, we also display some concrete description caption
generated by our SDA-CFGHG approach.

Figure 6 displays the sampled MS COCO images and the corresponding generated textual
sentences. For each image, there are three different descriptions that are generated by using different
visual information. Concretely, the “only G” indicates that only the global image feature is used while
generating this sentence. “G+SP” means that the global image feature and the sub-spatial maps are
applied to generated image caption, and the object attention is not activated in this situation. Finally,
“G+SP+OA” represents that our proposed sequential dual attention is applied for image captioning.

On the other hand, Figure 7 shows the sampled Flickr images and their corresponding image
descriptions. There are some failed image textual sentences generated in our experiment. Figure 7d
shows the failed image caption. We can observe that whether using the sequential dual attention or
not, the language model can not correctly identify the object obtained in the images. For example,
the “woman” in Figure 7d is indirectly detected as "man". The reason is that our method may be
confused about such content, that is, gender information cannot be correctly perceived. In future work,
we will try to improve the ability of our image captioning model to identify certain significant attribute
information, such as age, gender, shape, texture, etc.

It is worth noting that the image description sentence is generated based on the extracted different
categories of visual feature vectors, including the global image feature, a series of sub-spatial features,
the object features and attribute features. The concrete classes in final textual sentences, such as
animals, cars, buildings, etc., are generated directly through our language generation model.
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Finally, we can conclude that our approach can make the machine finally generate image captions
in a coarse-grained to fine-grained way, which is how humans understand the surrounding visual
scene. In addition, the generated sentence may describe details of a given image.

Only G: a car is driving
down a street.

Only G: a black dog
sitting on the floor.

Only G: a passenger jet
sitting on the ground.

Only G: a fire hydrant
sitting on a sidewalk.

G+SA: a car is driving
down a street with a
traffic light.

G+SA: a black dog sitting
on the floor with a plate
of food.

G+SA: a large passenger
jet sitting on top of an
airport tarmac.

G+SA: a fire hydrant
sitting in the middle of a
sidewalk.

G+SA+OA: a car is
driving down a street
with a group of people in
the background.

G+SA+OA: a black dog
sitting on a wooden floor
next to a plate of food.

G+SA+OA: a large
passenger jet sitting on
top of an airport tarmac
next to a man.

G+SA+OA: a yellow fire
hydrant sitting on the
side of a road.

(a) (b) (c) (d)

Figure 6. Results of image caption generation on the MS COCO dataset. The red color represents the
positive example. “G”: global image feature; “SA”: spatial attention; “OA”: object attention. (a) Street
with cars; (b) Black dog; (c) Passenger jet; (d) Fire hydrant.

(a) (b)
Only G: a baseball player holding a
bat on a field.

Only G: a dog is running in a field.

G+S: a baseball player swinging a bat
at a ball in a court.

G+S: a dog running with frisbee in its
mouth.

G+S+O: a base ball player in a white
uniform swinging a bat at a ball in a
court.

G+S+O: a black dog jumping with a
frisbee in its mouth while a dog is
catching.

(c) (d)
Only G: a group of people going up a
mountain.

Only G: a man and a woman are
standing on a sidewalk.

G+S: a group of people climbing on a
snowy slope.

G+S: a man and woman are walking
down the street.

G+S+O: a group of skiers climbing on
a snowy slope.

G+S+O: a man and woman are
standing on a sidewalk.

Figure 7. Results of image captioning on Flickr30K and Flickr8K. (a,b) display the results of some
Flickr30K images; (c,d) display the results of some Flickr8K images. The red color represents the
positive example, and blue color represents the negative example. “G”: global image feature; “SA”:
spatial attention; “OA”: object attention. (a) Baseball players; (b) Dogs; (c) Skiers; (d) Pedestrians.
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5. Conclusions

In this research, we tried to address a problem in existing ANN-based methods, i.e., that the
coarse-grained to fined-grained generation for image caption generation is rarely involved, which is
the way humans understand the surrounding scenes.

We propose an SDA-CFGHG method for image caption generation, which can generate the final
image caption sentence in a coarse-grained to fine-grained way. The core of our method is sequential
dual attention that is used to fuse different grained visual information sequentially. The sequential
dual attention consists of spatial-attention and object-attention. In addition, the different grained visual
information includes the global image feature, a set of sub-spatial feature maps, the object features and
attribute features.

We evaluate the performance of our SDA-CFGHG method with several popular metrics—CIDEr,
SPICE, METEOR, ROUGE-L, and BLEU. The experiment results indicate that the method we proposed
can understand an image in a coarse-to-fine-grained manner by simulating the way humans perceive
visual scenes. In addition, the generated image captions can avoid losing the fine-grained content of
the raw image to a certain extent.

However, the object features and attribute features are integrated by an attention mechanism in
our research, which may result in the role of the attributes being weakened. Therefore, we will try
to separate the middle-level attributes from the raw image and use them to retouch the final image
caption in future work.
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