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Image Caption Generator for Sinhala Using Deep
Learning

Damsara Ranasinghe, Randil Pushpananda, Ruvan Weerasinghe

Abstract—TIn this study, for the image caption generation in the
Sinhala language, we have implemented a Recurrent Neural
Network based model consisting of an InceptionV3 model as an
image feature extraction model and a Long Short Term Memory
network for the language model by referring to the literature. The
different variations of Sinhala versions of the Flickr8K and MS
COCO datasets have been constructed and used to train
experimental models. Evaluation of the generated captions has
been done using both automated and manual approaches. The
model trained on the MS COCO dataset with Google translated
Sinhala captions has achieved the highest BLEU score of 0.592 and
the highest METEOR score of 0.281. After doing the manual
caption analysis, it was observed that there could be generated
captions which could provide a good idea to the reader while
having lower BLEU and METEOR scores.

Keywords—Sinhala image captioning, Caption generation,
NLP, Flickr8K, Flickr30K, MS COCO, BLEU, METEOR

I. INTRODUCTION

Sinhalese are the largest ethnic group in Sri Lanka. The
native language of the Sinhalese people is Sinhala, and it
is also one of the official languages in Sri Lanka. According to
the Ethnologue:, in Sri Lanka, there are 17 million Sinhala
language users, with 15 million users who use Sinhala as their
first language and about 2 million users who use Sinhala as
their second language as of 2019. While having a rich history,
the Sinhala language lacks modern Natural Language
Processing tools and studies [1].

Humans can get an idea of an image at first glance and
interpret the idea in their language . Making a computer have
this ability is not an easy task. The image caption generation
process needs to identify the image features and express the
semantic meaning in natural languages . This is an emerging
research area in Natural Language Processing domain .
Automated image caption generation models have been
proposed and implemented for some languages like English [
2,3,4,5,6,7, 8], Chinese [9], Japanese [10, 11], Arabic [12],
Bengali [13], Hindi [14, 15] etc.

In media and publication domains , image captioning has
been used to generate headlines, subtitles, etc. In the medical
field, medical image understanding is used to identify the
condition of patients by mapping the physiological features and
images.
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While a low resource language, Sinhala lacks modern studies
and applications in the Natural Language Processing (NLP)
area. According to the survey done by de Silva [1], there are
several studies have been conducted on corpora, datasets,
dictionaries, wordnets, morphological analyzers, Part of
Speech (POS) taggers, parsers, named entity recognition tools,
semantic tools, phonological tools, Optical Character
Recognition (OCR) applications and translators for Sinhala
Language but there are no any studies on image caption
generation. In this research, Sinhala versions of Flickr8K and
MS COCO datasets have been produced and RNN based image
captioning model is proposed for the Sinhala language.

The following sections have been organised as follows.
Section II discusses the previous studies for this task. Section
IIT presents the experimental setup of the proposed model.
Section IV discusses the results obtained from the trained
models. Finally, Section V discusses the conclusion and the
future work of this study.

II. LITERATURE REVIEW

With the advancement of deep learning, researchers have
proposed various deep learning-based techniques for the image
caption generation task. These methods are mainly based on
encoder-decoder,  compositional and  attention-based
architectures. In Kiros et al. [16], authors proposed two multi-
modal log bilinear models named ‘Modality-Biased Log-
Bilinear Model (MLBL-B)’ and ‘Factored 3-way Log-Bilinear
Model (MLBL-F)’ for the sentence generation task. For both
IAPR and attributes datasets, the proposed models have
performed better than the LBL and n-gram models on the
BLEU score. Mao et al. [4], the authors proposed the
multimodal Recurrent Neural Network (m-RNN). To prove the
validity, they calculated the BLEU scores and perplexity on
three benchmark datasets: IAPR TC-12, Flickr8K [17], and
Flickr 30K [18]. The proposed m-RNN model could
1https://www.ethnologue.com/language/sin

2https://artificialinteII igence.oodles.io/blogs/ai-powered-image-caption-
generator/

3https://www.nItk.org/book/chOS.htmI

outperform the state-of-the-art techniques at that time. Chen
and Zitnickx [19] introduced a model developed using
Recurrent Neural Networks for the caption generation task and
retrieval task. Their model is based on the model proposed by
Mikolov et al.
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[20], which introduced the external feature layer for language
models. Chen and Zitnick [19] integrated the visual features
extracted using the CNN into this external feature layer. On
PASCAL 1K dataset, their model outperformed the BLEU and
METEOR scores of previous Midge [21] and BabyTalk

[3] models. Vinyals et al. [5] proposed the ‘Neural Image
Caption Generator (NIC)’, also known as ‘Google NIC’. This
model is one of the pioneer models which used ‘Long Short
Term Memory (LSTM)’ [22] for the caption generation process
and showed remarkable improvement in results. As a part of a
study done by Karpathy and Fei-Fei [6], they have introduced
a multi-modal Recurrent Neural Network (RNN) based
architecture. This model has outperformed the proposed models
in Chen and Zitnick [19] and Mao et al. [4], but this has
performed worse when compared to the Google NIC [5]. Xu et
al. [23] proposed two variants of attention-based models named
‘soft attention’ based, which uses a determin- istic attention
mechanism and ‘hard attention’ based, which uses a stochastic
attention mechanism for the image caption generation task.
Their models have outperformed the Google NIC model [5] and
Log Bi-linear models [16]. Tanti et al. [7] proposed two
variations of RNN models called ‘inject” and ‘merge’ models.
The merge model has performed better than the inject model in
almost all the experiment cases. This model has outperformed
the model proposed in Karpathy and Fei- Fei [6]. However, this
performs worse when compared to the model presented in Xu
et al. [23]. Huang et al. [24] proposed the ‘Attention on
Attention (AoA)’ module to extend the conventional attention
mechanism to identify the relevance of the query and the
attention result. This model showed a slight improvement in
results compared to the SGAE [25]. Li et al.

[8] introduced a transformer-based [26] sequence modelling
technique developed only using attention and feedforward
layers. Results showed a slight improvement over the AoA [24].
However, ROUGE and CIDER show otherwise. He et al.

[27] introduced the ‘Image Transformer’, a modified encoding
transformer [26] with three stacks of spatial graph transformer
layer and an explicit decoding transformer with the LSTM
network. This model has outperformed the AoA [24] and ETA
[8] models, according to the results.

There are several studies conducted on image caption
generation for languages other than English. Miyazaki and
Shimizu
[10] proposed a cross-lingual image caption generation model
for Japanese language. They have developed their captain
generation model based on the model proposed in Vinyals et al.
[5]. Yoshikawa et al. [11] constructed a large Japanese dataset
called STAIR Captions. They have trained the image caption
generation model proposed by Karpathy and Fei-Fei [6] on the
STAIR dataset. This shows an improvement compared to the
previously mentioned model [10] results. Peng and Li [9]
proposed two models. One takes Chinese words as the input,
and the other is to take characters as the input. These models
are based on the model proposed in Karpathy and Fei-Fei
[6] on their Chinese dataset. Elliott et al. [28] presented the
Multi30K dataset, the German version of the Flickr8K dataset.
Al-Muzaini et al. [12] presented an image caption generation
model for the Arabic language. Their model is based on the
‘merge’ model presented by Tanti et al. [7]. Deb et al.

[13] introduced a sequential semantic image caption engine for
the Bengali language. Researchers have conducted several
experiments on their dataset by implementing models by
adding different extensions to the ‘merge’ and ‘inject’ models
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proposed by Tanti et al. [7]. “‘Merge’ model architecture has
performed well in experiments than others. Mishra et al. [14]
proposed a transformer network [26] based image caption
generation model for the Hindi Language. Singh et al. [15]
presented an encoder-decoder based model for image caption
generation in the Hindi language. They have used the Hindi
Visual Genome dataset [29] as their dataset.

III. EXPERIMENTAL SETUP
A. Constructing the Dataset

While a resource-poor language, there is no image caption-
ing dataset for the Sinhala language. Because of this reason, it
is decided to construct an image captioning dataset for Sinhala
using the Flickr8K dataset and MS COCO dataset, which are
benchmark datasets for this task.

1) Flickr8K Dataset: Flickr8K dataset [17] consists of 8,000
images and five captions for each image resulting in 40,000
total captions. For the dataset construction task, three
approaches have been designed. The first approach is to
translate all 40,000 captions using the Google Translation API.
The resulting dataset of this process consists of 40,000 Sinhala
captions for 8,000 images.

After translating the English captions to Sinhala using the
‘Google Translation API’, it was decided to conduct an
experiment to find the effect of the correctness of translated
captions on the proposed model. A random sample of 2,000
images has been chosen from the original dataset for this
experiment. Human contributors have been used to collect new
Sinhala captions for images in the sampled dataset. We asked
human contributors to add new captions for the given image as
they wished. A small web application has been developed for
this task. Some helpful keywords are given to help users build
a new caption. These keywords are the set of nouns extracted
from the captions in the original dataset using the NLTK Part
of Speech (POS) tagger.

2) MS COCO Dataset: As the second dataset for the study,
‘MS COCO (Common Objects in Context)’ [30] large-scale
dataset has been used. This dataset is a vital benchmark dataset
that has been used in recent studies on image caption generation
tasks. This dataset is used not only in image captioning tasks
but also in object detection and segmentation tasks. The dataset
consists of 1.5 million object instances, 80 object categories,
and 91 stuff categories. All the images have five captions, and
there are different versions of the MS COCO dataset with a
different number of images. The version used in this study has
80,000 images and 400,000 captions. For the MS COCO
dataset, only one approach is used to construct the Sinhala
version. All the 400,000 captions were translated to Sinhala
using Google Translation API. An experiment was performed
using this full translated dataset.

B. High-level System Architecture

In this study, InceptionV3 CNN [31] architecture has been
used as the image feature extraction model. This architecture has
been used as the CNN architecture for the image feature
extractor since [12], and [13] also have used InceptionV3 in
their models as the visual feature extractor and shown promising
results. ‘Long Short Term Memory (LSTM)’ architecture has
been used as the language model in this study. LSTM is an
improved version of RNN proposed by the [22]. It addresses the
back-propagation error using ‘multiplicative gate units’ that will
learn to open and close access to the constant error flow. As the
base model for this task, the ‘merge’ model proposed by [7] is
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used. In the ‘merge’ model (Figure 1), conditioning is done by
merging the image features from the CNN and the output from
the LSTM model. Then the output will be inputted into the fully
connected layer and then to the Softmax layer to work the
probability distributions. Then the caption generation algorithm
will use the probability distribution to generate the

sequence for the caption.

VS
s | InceptionV3 | —
Merge Model | ——
508 —»
SOS, T1 i
LST™M —_—
808, T1, T2 =—i
508, T1, T2, T3 i

Fig. 1: Merged training model architecture

C. Evaluation

For the evaluation of the generated Sinhala captions, mainly
two approaches have been proposed. One strategy is to use
automated evaluation scoring metrics. For this, BLEU [32] and
METEOR [33] scores have been chosen from the literature.
BLEU (Bilingual Evaluation Understudy) score considers the n-
grams and assigns weights to the n-grams equally. And measures
the similarity between n-grams in reference and generated
sentences. The n-gram precision in the BLEU score is calculated
by dividing the n-gram matches by the total number of n-grams
in the reference sentence. This score value ranges between 0 and
1 and the caption is better when the BLEU score is near 1.
METEOR (Metric for Evaluation of Translation with Explicit
ORdering) score also considers the n-grams with equal weights
assigned and it is an extension of the BLEU score. METEOR
score incorporates both precision and recall. The matching
process of the METEOR is computationally expensive since it
considers both stem and synonym levels when matching while
the BLEU score considers only the exact form of the words. The
BLEU and METEOR scores have been calculated for each
individual image in the testing dataset, andthe average scores are
derived from the average individual scores. For the manual
caption analysis, three measures have been introduced. Those
measures are as follows.

o Context identification - this considers the correctness of
identification of the background and the objects in an
image

e Grammatical correctness - refers to the correctness of the
sentence structure of the generated Sinhala caption

e Overall correctness of the idea - this considers how well
the generated caption gives the idea of the image to the
reader

IV. RESULTS AND DISCUSSION

Several experiments have been performed in this study when
developing a model for the image caption generator for the
Sinhala language. Two main approaches have been used to
evaluate the generated Sinhala captions in the experiments.
One is automated caption evaluation using scoring metrics, and
the other is doing a manual qualitative evaluation on generated
captions.

A. Automated Caption Evaluation
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1) Flickr8K Dataset: Using the Flickr8K dataset, several
models have been implemented as experiments. The following
sections discuss the implementation of these experimental
models and their automated evaluation results.

Google Translated Captions with Full Dataset Images: The
initial experiment used the Google translated Sinhala captions
with the full Flickr8K dataset. It consists of 8,000 images, and
each image consists of five Google translated Sinhala captions
resulting in 40,000 captions. The 8,000 images have been split
into training and testing splits according to 70% and 30%,
respectively. This splitting resulted in 5,600 training images and
2,400 testing images. The model achieved average BLEU score
of 0.503. At the same time, it has given a METEOR score of
0.187.

Google Translated Captions with Sampled Dataset Images:
Then another experiment was carried out on the sampled 2,000
images Flickr8K dataset with the 2,000 Google translated
Sinhala captions. The 2,000 images dataset has been split
into training and testing images as 1500 and 500 images per
split, respectively. This model achieved average BLEU score of
0.118 and average METEOR score of 0.054.

Collected Captions with Sampled Dataset Images: The next
experiment was done using the 2,000 captions collected from
the human contributors for the sampled 2,000 images. The same
1,500 training and 500 testing image splits have been used in
this experiment for the sake of comparison. The model achieved
average BLEU score of 0.192 and average METEOR score of
0.096.

By considering the results, it can be identified that there is an
improvement in the average BLEU and METEOR scores of
the generated captions from the models trained with human
collected captions compared to the translated captions. The
contextual and grammatical errors in the Google translated
captions can be the main reason for this.

2) MS COCO Dataset: After analysing the results obtained
from the models trained on the Flickr8K dataset, the model
generates good captions for the images with objects related to
the Flickr8K dataset. For other images, the captions’ quality and
accuracy are deficient. To find the reason to overcome this
issue, it was decided to train the implemented model on a large-
scale dataset. Eighty thousand images version of the MS COCO
dataset has been chosen for this task since the MS COCO
dataset has images related to 80 different object categories.

For the MS COCO dataset, the model was experimented with
80,000 images with 80,000 translated Sinhala captions. The
dataset has been split into training and testing splits according to
70% and 30%, respectively. The resulting training split consists
of 56,000 images, and the testing split consists of 24,000 images.
After the training, 500 captions were randomly selected from the
test images for caption generation and analysis. For the MS
COCO dataset with translated captions, the model has given an
average BLEU score of 0.592 and an average METEOR score of
0.281.

3) Summary of Automated Caption Evaluation: The BLEU
score and the METEOR score have been used for the automated
evaluation of captions generated on the different variations of
the datasets. Table I summarises the results for the different
dataset variations.

By considering the results in Table I, the highest average
BLEU score has been given by the model trained using the full
MS COCO dataset with the Google-translated Sinhala captions.
The model trained using the full Flickr8K dataset with Google-
translated Sinhala captions also gave good results. The two
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variations of the sampled dataset have given lower results than
the large-scale dataset variations. It is observed that the models
have shown promising results when they are trained with larger
datasets. And another observation is that the model trained with
human-collected captions has performed better than the
Google-translated captions.

B. Manual Caption Analysis

For this manual evaluation approach, three independent
measures have been introduced. Those are identification of the
context of the caption, grammatical correctness of the caption,
and finally, the overall meaning of the caption concerning the
image. This section presents some significant instances ob-
served in the manual evaluation of generated Sinhala captions
for Flickr8K and MS COCO datasets.

1) Flickr8K Dataset: For the Flickr8K dataset, captions
generated from the model trained on the sampled collected
captions have been chosen for the manual evaluation. Figure 2
shows a summary of generated captions of some of the sample
images.

In Figure 2a, the model could identify the context very
accurately as it could identify snow on the ground and the two
dogs. The grammatical correctness of the generated caption is
high, and the overall idea given from the caption about the
image is also very satisfactory. BLEU and METEOR scores of
the generated caption are also high.

The model has generated a grammatically accurate caption
for the image shown in Figure 2b after correctly identifying a
smiling woman with brown hair. The caption also says that the
woman is posing for a photo. This action cannot be correctly
identified even by a human easily. BLEU and METEOR scores
are given low values even though the caption can give the
reader a good understanding of the image.

The model could not identify the context correctly for the
image shown in Figure 2¢c. Even though the generated caption
says two dogs are playing in the sand, the image consists of a
dog playing with a ball on a grassy lawn. The grammatical
correctness of the caption is high, and the BLEU and METEOR
scores have given averagely good values for the generated
caption.

BLEU and METEOR metrics have given zero as the value
for the caption generated for the image shown in Figure 2d,
even though the generated caption gives an accurate idea to the
reader. This is because the generated caption does not consist
of a single word from the provided ground truth reference
sentence. The grammatical correctness of the generated caption
is also satisfactory.

The image shown in Figure 2e consists of a flock of pigeons
lined up on a wall, but the generated caption says a boy is
walking by. The context identification in this scenario is very
low even though the model has generated a grammatically
accurate caption. The BLEU and METEOR metrics have given
zero as the score for the generated caption.

2) MS COCO Dataset: Figure 3 shows a summary of
generated captions of some of the samples.

For the image shown in Figure 3a, the model has been able
to identify the context very accurately. The BLEU score has
given the value one, while METEOR has given 0.625 for the
generated caption. Grammatical accuracy is also satisfactory,
while the generated caption gives an excellent understanding to
the reader.
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L %" Reference caption:
89 udn» 53 D6 §0 Ade aeeeems
(Two dogs on a snowy ground)

Generated caption:
59 u85s 5% 80 Ades ceagems
(Two dogs on a snowy ground)

* 4 BLEUscore:0.747 METEOR score: 0.701

Context : Good : Average

Overall accuracy: Good

(a) Sample image 1

Reference caption:
Bnex? o B8 u® meen emuBu meg Smenssy
2200 26827 88 moximd
(A woman with a red face and a hat talking and smiling and talking)
Generated caption:
Bameulas dounduend cud 85 (2% md Sucnd udn
=oz¥modat

(A woman with brown hair posing for a photo with a smile)

BLEU score: 0.427 METEOR score: 0.170

Context identification: Good : Good

Overall accuracy: Good

(b) Sample image 2

Reference caption:
03 3 cdcex eude? ném Adees
(A dog playing with a red ball)
Generated caption:
8 cude® ndm Ades! ceegens
(Two dogs playing in the sand)
BLEU score: 0.513  METEOR score: 0.317

Context identification: Bad  Grammatical correctness: Good

Overall accuracy: Bad

(c) Sample image 3

Reference caption:
¢ Ynen 0068 ¢ Med nees seecens o o2y
cuaed
(Two black-clad white men wield swords)
Generated caption:
BDred Hondx HOudz? 8D
(There are athletes who play sports)

BLEU score: 0 METEOR score: 0

Context identification: Good Grammatical correctness: Good

Overall accuracy: Good

(d) Sample image 4

Reference caption:
s & cued eugd 8Ex sobaxt 6001
(A flock of pigeons lining a wall)
Generated caption:
888 gRcut o w03
{A boy walks by)
BLEU score: 0 METEOR score: 0
#®  Context identification: Bad

Grammatical correctness: Good

Overall accuracy: Bad

(e) Sample image 5
Fig. 2: Samples of manual caption analysis on Flickr8K dataset - |

The model has generated a grammatically accurate caption for
the image shown in Figure 3b. The model could identify the
school bus and the man standing next to the bus very accurately.
The overall idea and the accuracy of the generated caption are
very satisfactory, and the BLEU and METEOR metrics have
given higher values as the score.
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TABLE I

SUMMARY OF AUTOMATED CAPTION EVALUATION ON DIFFERENT DATASET VARIATIONS

Dataset variation Number of train Number of train Average BLEU Average
images captions Score METEOR Score

Sampled ick?8K dataset with 1,500 1,500 0188 0.054

translated captions

Sampled FllclerK dataset with 1,500 1,500 0.192 0.096

collected captions

Full Flickr8K Qataset with 5.600 5.600 0,503 0.187

translated captions

Full MS COCO dataset with 56,000 56,000 0.592 0.281

translated captions

The model has generated a caption for the image shown in
Figure 3c, saying that a man is looking at his cell phone. Even
though the man is using a mobile tablet, this can be considered
a good context identification since even a human cannot
differentiate between a tablet from a cell phone sometimes. The
BLEU and METEOR metrics have given low scores even
though this caption provides a good understanding to the reader.
The grammatical correctness of the generated caption is also
higher.

The image shown in Figure 3d is a perfect example of poor
context and object identification. The model has identified the
context as a baseball player lifting his bat in the field while the
image actually shows an areal image of a street with people.
Even though the model has generated a grammatically correct
sentence, BLEU and METEOR have given zero as the score
because of the poor context identification.

The model generated an exceptionally accurate caption for
the image shown in Figure 3e by the model even though
the BLEU and METEOR metrics have given low scores. The
model has accurately identified the fire trucks and generated a
grammatically accurate caption. The low BLEU and METEOR
scores are that there are no fire truck-related words in the
reference. The overall idea given in the caption to the reader is
very accurate.

Sinhala is a morphologically rich language. As discussed
in the above section, it is not good to depend only on the
automated evaluation metrics when evaluating the generated
captions. The main reason for this is when we consider an
image, there can be multiple ways of interpreting the idea.
Different people may interpret the same image in different
ways. Therefore, it is crucial to do a manual caption analysis.

V. CONCLUSION AND FUTURE WORK

The goal of this study was to introduce a model to generate
a syntactically and semantically accurate Sinhala caption for a
given image. For this task, there was no dataset available at the
beginning of this study. Therefore, we have produced Sinhala
versions of two benchmark datasets with Sinhala captions. The
Flickr8k dataset consists of 8,000 images with five captions
resulting in 40,000 total captions. These 40,000 captions have
been translated to Sinhala using the ‘Google Translation API’.
Then another data collection approach was introduced to
collect new Sinhala captions for a sample of the Flickr8K
dataset from human contributors. This sample consisted of
randomly selected 2,000 images from the original dataset.
The MS COCO dataset, which consists of 80,000 images
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and 400,000 captions, has been chosen as the large scale
dataset. These 400,000 English captions have been translated
into Sinhala using the Google Translation API. The caption
generation model has been implemented based on the RNN
merge model proposed by [7] for the English language. The
InceptionV3, a CNN, has been integrated to extract image
features from an image, and an LSTM network has been
employed as the language model. The model is trained on the
different variations of the Flickr8K dataset and MS COCO
dataset.

When considering the results obtained from models trained
on all of these dataset variations, the model trained on the
Sinhala version of MS COCO has given the best scores.
The model trained on the full Flickr8K dataset with Sinhala
captions gave promising results. From the two models trained
on the samples Flickr8K dataset, the model trained on the
collected captions has outperformed the translated captions
version by a short margin. In conclusion, we can say that the
model’s accuracy will increase if there is more data. When
considering the results of the model trained on the sampled
dataset, it indicates that the human-entered captions are more
accurate than the Google translated captions. Therefore, as
a combination of these observations, we can expect a better
model with accurate caption generation if we train the model
on a large-scale dataset with human-entered captions.

As future works, the following tasks have been identified.
Several benchmark datasets are used in the image generation
task in the literature that has more images. Since the
implemented model gets the opportunity of improving with
more data, these datasets can be used to construct Sinhala
versions of them to use in their models. Other than using
Google-translated Sinhala captions, new captions can be
collected from human contributors to train the models. For this
caption collection, our proposed approach can be used. Another
task is, other than using InceptionV3, different competing
architectures like InceptionV4 [34], AlexNet [35], VGG-16,
VGG- 19 [36], ResNet50 [37], Xception [38] etc., can be used
as the image feature extraction model. And for the language
model, alternatives for the LSTM networks can be used. In the
later studies, for the image captioning task for the English
language, many attention and transformer-based models are
presented, and they have also given promising results. These
techniques can be used to improve the model for generating
Sinhala captions.
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Reference caption:
cobznBren wmnn decinds
(A clock on the side of a building)
Generated caption:
cotlznBren mnn deciygdx
(A clock on the side of a building)
BLEU score:1  METEOR score: 0.625
Context

: Good correctness: Good

Overall accuracy: Good

(a) Sample image 1

Reference caption:

0 26 mu@ I 08T 80n 80caxn 85x S8w
(The man standing outside a red and black school bus)
Generated caption:

sad A dou gue Bdeom 80 8Heuns

(A man standing next to a school bus)

BLEU score: 0.981  METEOR score: 0.566

Context identification: Good Grammatical correctness: Good

Overall accuracy: Good

(b) Sample image 2

Reference caption:
088 vBoesma eqs S 8382 58 e¢ens
(A few men looking at a tablet)
Generated caption:
8Bcus 58 40P gomSoxs ::8m 0387 29 ¥.08 gmdans
eqe BB
(A man looks at his cell phone while using it)

BLEU score: 0.375  METEOR score: 0.170

Context i ion: Average : Good

Overall accuracy: Average

Reference caption:
o=t Bg deom won o= ndn B8 ceemned gue
L=al
(Top view of several people carrying luggage on the road)
Generated caption:
@3:edi@ BDmeue= cIeW @ B5un Sxins RudB
(A baseball player lifts a bat on a baseball field)
BLEU score: 0 METEOR score: 0

Context identification: Bad Grammatical correctness: Good

Overall accuracy: Bad

(d) Sample image 4

Reference caption:
Bme 9 60 Bsax Doend cug o8 a2
(several large trucks lined the road)

Generated caption:
85 H0m ddus 8 K0 ddus gue 0
(A fire truck is parked next to a fire truck)

BLEU score: 0.214  METEOR score: 0.079

Context Good

Overall accuracy: Good
(e) Sample image 5

Fig. 3: Samples of manual caption analysis on MS COCO dataset — I
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