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Abstract—Describing the semantic content of an image via
natural language, known as image captioning, has recently
attracted substantial interest in computer vision and language
processing communities. Current image captioning approaches
are mainly based on an encoder-decoder framework in which
visual information is extracted by an image encoder and captions
are generated by a text decoder, using convolution neural net-
works (CNN) and recurrent neural networks (RNN), respectively.
Although this framework is promising for image captioning,
it has limitations in utilizing the encoded visual information
for generating grammatically and semantically correct captions
in the RNN decoder. More specifically, the RNN decoder is
ineffective in using the contextual information from the encoded
data due to its limited ability in capturing long-term complex
dependencies. Inspired by the advantage of gated recurrent unit
(GRU), in this paper, we propose an extension of conventional
RNN by introducing a multi-layer GRU that modulates the most
relevant information inside the unit to enhance the semantic
coherence of captions. Experimental results on the MSCOCO
dataset show the superiority of our proposed approach over the
state-of-the-art approaches in several performance metrics.

Index Terms—convolutional neural network, gated recurrent
unit, image captioning, recurrent neural network

I. INTRODUCTION

Automated generation of grammatically correct and mean-
ingful descriptions of images using computer vision and
natural language processing is known as image captioning,
which has recently received much attention due to its potential
applications, such as visual search, virtual reality, augmented
reality, image retrieval and indexing [1]–[5].

Earlier studies on image captioning mainly use template-
based, retrieval-based and encoder-decoder framework based
approaches [6]. In template-based approaches, the visual in-
formation of an image is extracted via the detection of objects,
scenes and attributes, which is then used to generate a fixed-
length sentence from the predefined templates [7]. However,
the quality of the generated sentences depends on the object
detectors and templates. This limitation is addressed in the
retrieval-based methods, where reference captions of similar
images are retrieved from the retrieval library using the vi-
sual information of the image, for generating variable-length
and semantic captions [8]. The generated caption using this
method, however, is limited by the similarities between the
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input image and the images from the retrieval library, as a
result, the descriptions generated for the input image may still
be far from being consistent with its contents.

Mao et al. [9] proposed an effective encoder-decoder
method where CNN and RNN are combined to address
the limitations of the template-based and retrieval-based ap-
proaches. In this method, two sub-networks (i.e. encoder and
decoder networks) are used, where feature representation of
an image is extracted in the encoder using a CNN, while an
RNN is used in the decoder to generate captions from this
representation. The CNN architectures have a high capacity of
learning from a large number of images, and are currently the
architecture popularly chosen for the encoder design [10], [11].
ResNet152 v2 [12], Xception [13], NASNet-Large [14] and
Inception-v3 [15], [16] are the popular architectures chosen for
extracting the image features as a vector from the second to
last fully connected layer. In the RNN-based decoders, image
features are utilized as visual information to generate natu-
ral language captions word-by-word. As conventional RNNs
have gradient vanishing and exploding problems, they cannot
capture long-term dependencies. Long short-term memory
(LSTM) and GRU are the RNN architectures that solve these
problems with the gating mechanism. A hierarchical LSTM
architecture has been introduced to describe the salient objects
in an image using phrases [17]. Another work proposed an
extension of the LSTM by adding the extracted semantic
information of the image as extra input to each unit of the
LSTM block [18]. In addition to the RNN-based decoder, a
CNN-based decoder is proposed to integrate a vision module
using VGG16 and an attention module to connect CNNs for
caption generation [19].

In the caption generation process, the visual and linguistic
information can be fed into the RNN-based decoder with
different feature-injection architectures, such as pre-inject, par-
inject, merge, and init-inject [20]. The visual information is
used as the initial hidden state of the RNN for init-inject [21],
[22], while it is fed to the first input of the RNN in the pre-
inject [23]–[25]. The visual information with the linguistic
information is used in parallel as an input to the RNN for
par-inject [26], [27]. Different from these architectures, the
merge architecture takes the visual information after the RNN
processes [9], [28], [29]. It is reported that init-inject offers



Fig. 1. The proposed multi-layer GRU based decoder

better performance compared to the other architectures in
terms of generation and retrieval measures [20].

In [15], the Inception-v3 CNN is used to extract visual
information, and the GRU based RNN decoder is designed
under init-inject architecture, where image captions are gen-
erated with additional annotations in training. To retain more
semantic information of the image without additional annota-
tions, in this paper, we propose a new encoder-decoder image
captioning approach with Inception-v3 and multi-layer GRU
under init-inject architecture. The motivation behind the multi-
layer structure is to modulate the most relevant information
flow within GRU. The increment of layers within the multi-
layer GRU provides representations of increased complexity
in learning sequential data, and thus giving an enhanced
prediction model [30], [31]. We employ different layer-size of
GRU to investigate the optimal number for image captioning.

The remainder of the paper is organized as follows. Section
II introduces the proposed multi-layer GRU for image caption-
ing. Section III presents the dataset, performance metrics and
experimental results. Concluding remarks with future works
are given in Section IV.

II. PROPOSED MULTI-LAYER GRU FOR IMAGE CAPTIONING

The proposed image captioning approach follows the
encoder-decoder architecture by combining an image encoder
with a language decoder. The image encoder employs the
convolutional and pooling layers of the CNN architectures
to extract the feature representation of an input image. CNN
architectures such as Inception-v3, NASNet-Large, Xception,
and ResNet152 v2 are commonly used in the encoder design.
Inception-v3 is a 42-layered deep CNN architecture that uses
the asymmetric approach to decompose a kernel of large-
scale convolution into a small-scale kernel of convolution [16].
The Inception-v3 model is utilized here as an image feature

extractor that returns a 2048-element vector after the average
pooling layer. Then, these features of each input image will
be fed into the decoder to generate a caption word-by-word.

Our proposed multi-layer GRU based decoder has three
main parts as embedding layer, GRUs, and dense layer, illus-
trated in Fig. 1. The init-inject architecture is applied to design
the proposed decoder. Image features and linguistic features
are fed from the dense map and embedding layer, respectively.
The multi-layer GRU combines K GRUs for k = 1, ...,K,
while hk

t is defined as the hidden vector for the kth GRU layer
and the variable-length t = 1, ..., T . The dense map reduces
the 2048-element vector to 512 for feeding the multi-layer
GRU at t = 1 for each initial hidden state. The updated hidden
state feeds the multi-layer GRU from the previous iteration to
the next iteration. The linguistic features are obtained as a
meaningful embedding vector by the embedding layer using
the tokens. At t = 1, the embedding layer utilizes the start
token to lead the input of the first GRU layer. The output vector
of the first GRU layer is fed to the next layer. This process is
repeated K-times. The output of the multi-layer GRU is fed
to the dense layer to compute the prediction probabilities and
generate the following token for the caption. The dense layer
is used to generate the first token to be utilized in the next step,
and the generation process continues T -times to reach the end
token. All generated tokens are matched with corresponding
words from the vocabulary, created in pre-processing steps
before the training.

III. EXPERIMENTS

This section presents the evaluation results of the proposed
captioning approach on the MSCOCO dataset [32], and the
performance comparison with state-of-the-art approaches.

A. Dataset and Performance Metrics

The studies on captioning require large image datasets such
as Flickr [33], VizWiz-Captions [34] and MSCOCO [32], for
the performance evaluation. Flickr8k and Flickr30k contain
8000 and 31783 images, whereas VizWiz-Captions consists
of 39181 images captured by blind people, paired with five
reference captions. The MSCOCO dataset is an extensive
dataset containing 118287 images for training, 41000 images
for testing and 5000 images for validation [32], each having
five reference captions. MSCOCO is employed to evaluate our
proposed image captioning approach due to its high number
of images with diverse contents.

BLEU-n [35], CIDEr [36], METEOR [37], ROUGE-L [38]
and SPICE [39] are the well-known metrics used to analyze the
performance of captioning approaches. BLEU-n (n = 1, ..., 4)
and METEOR are machine translation metrics where BLEU-
n uses n-gram (e.g. BLEU-2 for 2-grams) pairs to compare a
machine-generated caption with the human-generated ground
truth captions [35] while METEOR generalizes unigram
matches between a machine-generated caption and a human-
generated ground truth captions [37]. ROUGE-L uses the
longest common subsequence to measure sentence-to-sentence
similarity between the generated caption and a set of reference



TABLE I
COMPARISON OF INITIAL AND FINE-TUNING PARAMETERS

CNN # of layers BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR SPICE CIDEr

Inception-v3
with the

initial parameters

3 0.687 0.502 0.356 0.252 0.499 0.226 0.156 0.821
6 0.688 0.503 0.357 0.253 0.499 0.227 0.158 0.821
9 0.528 0.314 0.176 0.099 0.412 0.149 0.086 0.426

12 0.532 0.321 0.183 0.107 0.415 0.151 0.087 0.432
15 0.529 0.319 0.182 0.104 0.415 0.149 0.087 0.429

Inception-v3
with the fine-tuning

parameters

3 0.694 0.512 0.364 0.258 0.498 0.226 0.157 0.839
6 0.687 0.506 0.364 0.261 0.497 0.225 0.155 0.824
9 0.700 0.521 0.376 0.271 0.505 0.230 0.160 0.843

12 0.537 0.327 0.186 0.107 0.412 0.153 0.087 0.454
15 0.552 0.337 0.191 0.110 0.419 0.155 0.092 0.458

TABLE II
COMPARISON OF OUR PROPOSED APPROACH WITH SOME STATE-OF-THE-ART APPROACHES ON THE MSCOCO DATASET

BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR SPICE CIDEr

[31] 0.652 0.470 0.330 0.232 0.484 - - 0.775

[18] 0.663 0.485 0.354 0.262 - 0.230 - 0.813

[17] 0.666 0.489 0.355 0.258 0.497 0.231 0.165 0.821

[19] 0.688 0.513 0.370 0.265 0.507 0.234 - 0.839

Proposed 0.700 0.521 0.376 0.271 0.505 0.230 0.160 0.843

captions [38]. CIDEr and SPICE are designed especially for
image captioning tasks. CIDEr ensures the consistency of
a generated caption, calculating the different weights of n-
gram words with term-frequency-inverse document frequency
[36], whereas SPICE measures the semantic correctness of the
caption using scene-graphs that contain objects, attributes, and
relationships between them [39]. In the evaluation of image
captioning, CIDEr is found to be more appropriate to measure
the correlation between generated and reference captions [36].
In this paper, therefore, the results are sorted based on CIDEr
metric.

B. Results & Discussion

The proposed multi-layer GRU based decoder under init-
inject architecture has been first analyzed with the Inception-
v3 encoder in order to find the optimum layer size. The
Inception-v3 with five different layer-sized GRU were eval-
uated in terms of BLEU-n, CIDEr, METEOR, SPICE, and
ROUGE-L metrics for configurations based on the selection
of best embedding vector and vocabulary size.

Our proposed multi-layer based decoder utilizes linguistic
features for image caption generation. The vocabulary and
embedding vector size are two critical parameters related to
linguistic information affecting captioning performance. The
embedding vector is typically set to 50 and 300 dimensions
and the small-dimensional vector does not capture the word
relations completely, whereas the large-dimensional vector
causes the overfitting [40]. The vocabulary size is determined
based on the number of common words in all reference
captions and usually varies from 10000 to 40000 words [41].

First, the embedding vector size and the vocabulary size are
chosen as 100 and 750, respectively. The Inception-v3 with
five different layer-sized GRU is employed for fixed parame-
ters and evaluated under performance metrics given in the first
row of Table I. To fine-tune this performance, our proposed
multi-layer GRU based decoder is tested under ten different
vocabulary sizes, including 250, 500, 750, 1000, 2000, 3000,
5000, 10000, 20000, and 40000, and eight different embedding
vector sizes, namely, 25, 50, 75, 100, 125, 150, 200, and 250.

For optimization, the Inception-v3 with 3-layer GRU based
decoder is used as an initial configuration in the decoder.
First, this initial configuration was evaluated under different
performance metrics with ten different vocabularies and the
embedding vector of fixed-size, as 100. The best CIDEr
metric was observed when the vocabulary size was 20000.
Then, the initial configuration was evaluated under the same
performance metrics with eight different embedding vectors
and the vocabulary of fixed-size, as 20000. The best CIDEr
metric was observed when the embedding vector size was 100.
Applying the same procedure to the 6, 9, 12, and 15 layer
GRU, the optimum parameters were determined as 100, 250,
125, and 50 for the embedding vector size; 2000, 20000, 2000,
and 40000 for the vocabulary size, respectively.

The fine-tuning performance listed in the second row of Ta-
ble I indicates that the CIDEr metric gradually increases up to
the 9-layer GRU, where the maximum level has been reached.
Among all the configurations, 9-layer GRU outperforms the
other layer-sized GRU in terms of all metric scores. However,
the captioning performance is degraded for the number of
layers of 12 and 15, causing the test to stop with more layers,



TABLE III
SAMPLES IMAGES FROM MSCOCO WITH REFERENCE AND GENERATED CAPTIONS

Reference Captions

(1) A horse standing on top of
a lush green field

(1) a herd of zebras crossing a
shallow part of a river

(1) Several colorful kites in the
sky by several persons in the
ground

(1) A couple of snow skiers are
casting a shadow on the snow

(2) a horse grazing in a green
pasture bordered by mountains

(2) A herd of zebra crossing
a river with trees in the back-
ground

(2) Kites flying over a busy
beach area on clear day

(2) Two people in ski gear
standing at the top of a moun-
tain

(3) A horse grazing with moun-
tains behind him

(3) A herd of zebra crossing a
river near a forest

(3) A group of people standing
on top of a sandy beach

(3) Two people wearing skis on
a snowy slope

(4) A horse is grazing in a
grassy field with a view of
mountains

(4) A group of zebras are cross-
ing a stream

(4) a large gathering of people
flying their kites

(4) Two people with skis on at
the top of a mountain

(5) A horse in a grassy field set
against a foggy mountain range

(5) Some black and white ze-
bras crossing a shallow stream

(5) People on a beach beneath
many colorful kites

(5) There are people standing in
the snow on skis

Generated Captions

3-layer a horse grazing on a
lush green field

3-layer a herd of zebra drinking
from a river

3-layer a crowd of people
standing on top of a sandy fly-
ing

3-layer two people on skis
standing on a snowy hill

6-layer a horse is grazing in a
field with mountains in and and
and and and and and and and

6-layer a herd of zebra standing
next to a river

6-layer a group of people
standing on top of a beach
beach

6-layer a man and a woman are
standing on skis

9-layer a horse standing in
a field with mountains in the
background

9-layer a herd of zebra are
crossing a river

9-layer a group of people
standing on a beach with kites

9-layer two skiers posing for a
picture on a mountain

12-layer a horse standing in a
field field a

12-layer a group of zebras
drinking a a river

12-layer a group of people
beach on a beach beach

12-layer a man on skis on on a
a

15-layer a couple grazing in a
a a a

15-layer a herd of zebras stand-
ing a a a

15-layer a people of people fly-
ing kites flying kites kites

15-layer a people of skis skis
skis a a

and 9-layer GRU is selected as the optimal configuration.
Then, the proposed 9-layer image captioning approach is
compared with the state-of-the-art approaches as listed in Table
II. It can be observed that our proposed approach outperforms
the state-of-the-art approaches in terms of four metric scores.
The approaches are sorted based on CIDEr metrics, and the
highest score is indicated with bold fonts in each column.

Table III shows the reference captions and generated cap-
tions by the proposed approach for four images. From those
results, we observe that our proposed approach is capable
of capturing image information with correct and descriptive
captions. For instance, in the first image, the generated caption
can successfully describe the horse and mountains with their
positions in the image. The proposed approach finds the
crossing action in the second image whereas the posing action
in the fourth image. In the third image, the proposed approach
generates the words beach and kite, which accurately describe
the content of the image. Results show that our proposed
approach can generate natural sentences related to the image.

IV. CONCLUSION & FUTURE WORK

In this paper, a novel image captioning approach based on
the Inception-v3 CNN encoder and multi-layer GRU based
decoder has been presented. The empirical results on the
MSCOCO dataset indicate that the proposed approach can
generate semantically coherent captions by integrating a multi-
layer GRU based decoder. Our proposed multi-layer GRU
based decoder achieves competitive captioning performance
compared with state-of-the-art methods on image captioning
tasks. Our future work will focus on generating more accu-
rate captions with higher CIDEr scores integrating the self-
attention mechanism and transformer.
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[10] B. Makav and V. Kılıç, “Smartphone-based image captioning for visually
and hearing impaired,” in 11th International Conference on Electrical
and Electronics Engineering. IEEE, 2019, pp. 950–953.
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