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Abstract

This paper aims at developing a simple mechanism to deduce corpora pertaining to an image through various computer
vision and natural language processing techniques. The output of the vision detection is combined with the sentence
formation approach to get the visual content in textual form. Vision detections are smoothed using a number of approaches
to prune undesired combination of words that are semantically incorrect. Descriptions are generated based on syntactic
trees and Markov Chains and compared for human likeness based on survey. The results of the survey indicate that the
descriptions generated with the help of Markov Chains sound more human like. These generated descriptions can be
indexed in lucene and image search can be made more efficient bridging the semantic gap.
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1. Introduction

Recounting the pictorial content articulately is a sig-
nificant facet of communication. Combining vision and
language has been tackled by different researches during
the recent times. Latest advances in computer vision have
improved the vision recognition precision. Nevertheless,
there is much room for enhancements in the existing
corpora generation schemes. The purpose of the system
is to identify the content used to illustrate an image and
convert it into descriptive text. This is analogous to the
summarizing problem in natural language processing
where the most appropriate sentence in a passage that
describes the same, is selected as the summary.

A comprehensive application of the obtained corpora
would be to improve image search and retrieval with the
assistance of the realized textual descriptions by generat-
ing text based index for images. The practice of text based
retrieval of images is avoided in the prevailing search
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approaches. But retrieval using text corpora based on
the images would significantly improve the search results
and user experience. It could also be used to aid visually
challenged people. With latest advancements in wearable
gadgets, computer vision and language processing can be
combined to make a system that would work based on
voice query, aiding in navigation as well as identifying the
objects in front of visually challenged people. It can also
be used to generate auto illustrations. The text generation
algorithm can be modified to generate poetry or even sto-
ries based on image.

Since it would be impossible to generate textual
descriptions for all the available images manually, various
learning techniques have been adopted to automatically
generate description based on vision outputs for some
objects from the PASCAL-VOC Dataset'?. There are two
phases in this generation process. In the first phase, com-
puter vision algorithms are used to identify the various
objects, characteristics prominent in the image. In the
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next phase, the vision output is smoothed and sentences
are generated. The generated sentences are assessed for
semantic perfection. Incorrect sentences are pruned.

The main advantage of this approach is that it does not
require similar images to produce sentences. Sentences
are created from the scratch. However, the main disad-
vantage is that the computer generated output may not
be as eloquent as humans describe. This can be enriched
by combining vision outputs with text mined knowledge
gained by mining the vast amount of textual information
available.

On evaluation, it is observed that the system produces
syntactically and semantically correct corpora that sound
human-like, for the images. It is also observed that the
usage of the results in image retrieval and search tends to
give better results.

In the past, captions were formed by obtaining loca-
tion related information from the image metadata and
summarizing related content on the web. The subsequent
details give a brief essence on the works relevant to the
system in use. This method follows the approach from
Kulkarni et al.! that creates descriptions for the PASCAL-
VOC dataset to accomplish vision recognitions. Their
approach builds descriptions with content planning and
surface realisation methods to produce corpora that are
pertinent to an image.

Previous works in this category makes use of captions
from similar images as in*. Photo captions are acquired
and filtered for noisy results. Image contents are assessed
and corresponding descriptions available are selected as
descriptions for an image. The procedure in Mitchell et
al makes use of word co-occurrence figures obtained by
mining the existing descriptions to categorize and neglect
incorrect recognitions and descriptions are produced
by using syntactic trees. In addition to image descrip-
tion, research has been carried out to generate video
descriptions where, in addition to the image object, attri-
bute detection various activity detectors are also used.
Human actions are classified hierarchically and these are
combined with language generation approaches to get
descriptions®.

The framework proposed by Yao et al. comprises of
input images that are disintegrated into visual forms by
an image parsing engine. The results are changed into
semantic representation. A text generation translates
the result into meaningful text. Li et al.* have designed
a method that produces descriptions by using web-scale
n-grams in which there is a phrase selection procedure
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and which is combined with a phrase fusion approach in
order to get textual descriptions. Phrases are generated
from vision outputs.

Vision detection results are based on Felzenwalb’s
Deformable Parts Model®. In this algorithm each object
is treated as a deformed version of a template. Each
image is partitioned into 8x8 pixel blocks. For each block
Histogram Orient gradients are computed and features
at different resolutions are computed. Detection score is
computed as addition of filters and deformation scores.
Training data for the models consists of images with
labelled bounding boxes taken from PASCAL-VOC chal-
lenge. The system also follows Farhadi et al’s® procedure
to describe attributes of an image in addition to the recog-
nition method. It incorporates a feature selection method
that classifies attributes semantically. It is used to rec-
ognise unusual features that could be used as potential
adjectives in the sentences.

2. System Overview

An overview of the system in use is given below.

o For an input image, objects in the image are rec-
ognized.

o For each object, its attributes are identified.

o The various background elements in the image
are identified.

o Prepositions are computed, using a preposition
function, from the object detections.

o The detected objects are ordered and grouped.

o Verbs from the collection are hallucinated based
on Markov chain rule. Prepositions are also hal-
lucinated in case they cannot be computed from
the vision detection.

o Sentences are generated using template based
system.

o Triplets and duplets are extracted from the sen-
tences.

o The extractions are checked with the help of a
model trained using a large text corpora.

Table 1. Object identification accuracy

Object Accuracy
Flowers 89%
Building 95%
Shoes 84%
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 Only syntactically and semantically correct sen-
tences are taken as descriptions.

3. Image Detections

3.1 Object Detection

Object detectors are basically used to identify what are the
objects in the image and where they are located. Detectors
trained based on Felzenswalbs Deformable part model
and object bank” were used to identify various objects in
the image. PASCAL-VOC dataset and Image Net dataset
were used to train the detectors. Person detectors were
trained using the INRIA person dataset. Keywords and
bounding boxes for each keyword are extracted from the
image. A maximum score is assigned to the detection
based on which the most probable nouns are selected. For
some objects that are not present in the PASCAL-VOC
dataset on which deformable parts algorithm could not
be applied, detectors based on Scale Invariant Features
are trained. This method summarizes images based on
the occurrence of features. It uses weighted product of
co-occurrence and then counts the nearest neighbors.
A section of our accuracy results have been recorded in
Table 1.
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SIFT vectors for each key point of each object is
determined. SIFT vectors consist of points that could be
selected under scale changes. For each such point, ori-
entation is identified and descriptors are constructed.
They are clustered using K means clustering algorithm. A
histogram of features of each object is drawn. K Nearest
Neighbours algorithm is used to find the nearest neigh-
bours to find feature matches.

3.2 Attribute Detection

Ability to describe an entity completely depends on
the visual attributes associated with it. To identify such
visual attributes, classifiers are used. An RBF Kernel SVM
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trained with images that have bounding boxes and anno-
tations’ are used. Attributes are not dependent on object
category. Therefore it is considered necessary to identify
the attributes as they could act as potential text represent-
ing images.

3.3. Scene Detection

Linear SVMs trained on low level region features and
Histogram of Geometric context were used to classify
background scene related information such as grass, sky,
etc. The outputs are mapped into probability values and
any pixel falling within the detection region is treated
as detection. In addition to that, SIFT based classifiers
described above are also used to detect some classes of
scene related objects, such as buildings.

To match objects and scenes in a simple image, we
compute an overall score for each root location value
according to the best possible placement of the parts,

Match(X,) = max x,, x,,....x,score(X,, X|,....X ) (1D)

The computing of match score also helps in multiple
detection of the same object.

4. Corpora Generation

This module creates sentences from ‘words’ which are
the objects and their corresponding attributes that were
recognised in the preceding stage. This is essentially the
natural language generation problem in NLP. There are
numerous techniques to produce sentences. Depending
on where the final sentences are going to be used, an ideal
approach has to be identified. This paper explores the
approach based on syntactic trees and Markov chains as
it would be the most suitable method to obtain text for
indexing images. Other approaches include the use of
N-Gram model and Template based approach, both of
which could be used for different applications, the former
for auto illustration and the later for generating image
excerpts.

4.1 Preposition Function

Propositions for each of the object identified are generated
using a simple function. These propositions give the spatial
and temporal relationship between the obtained in that step
are compared to identify the location of the objects with
respect to each other. A set of seven propositions mentioned
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in Table 2 are computed with the help of the proposition rou-
tine. If the bounding box calculated is wrong, there would be
awkward prepositions.

Table 2. List of propositions used

List of propositions
Above, Below, Beside, Near, On, Under, In

4.2 Noun Ordering and Grouping

The data mined descriptions of images are available at"
and also a large word frequency set is available in'”. These
objects were used to order and group the objects identi-
fied. Using the descriptions, among the objects, the one
which appears a maximum number of times as root noun
is taken as the root noun. When there are a number of
objects identified, they have to be ordered in order to be
placed in the sentences. Using the data mined objects; the
order in which they have to be placed can be computed
with the help of the relative occurrence factors. A number
of detections of the same object have to also be ignored
and grouped. Table 3 depicts how Noun Ordering typi-
cally works.

Table 3. Noun ordering data

Before After

Sofa, person , dog Person, sofa, dog

Building, Person Person, building

Car, dog Dog, car

4.3 Verb and Preposition Hallucination

To identify right verbs either a reliable action detection
system has to be developed or computation based on
language alone has to be done. This approach follows
computation based on language. Verbs are identified
using Markov Chain rule. Prepositions are hallucinated
based on Markov chain rule in order to avoid awkward
prepositions as well as to identify prepositions in case
the bounding box calculations could not be obtained or
the obtained bounding boxes are wrong. These can be
avoided by combining both vision and language based
approach in the content planning stage.

4.4 Syntactic Trees

A number of sub trees are generated in this step. First,
syntactic sub trees are generated for the <Article, Root>
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Figure 1. Example final tree.

pairs, followed by <Root, Preposition>, and <Preposition,
object> trees. <Verb, object> trees are also generated. The
root noun is identified from the noun ordering step. For
the root noun, the right article to be used is identified
with a simple routine. Prepositions are computed using
the hand built proposition function previously described.
Verbs are either taken from the action recognition output
or hallucinated. All the generated sub trees are combined
to form fully structured trees. Figure 1. is an example of
how Syntactic Tree structure was formed for one of the
generated descriptions.

5. Markov Chains

Sentences are generated based on Markov chain rule and
are compared with the syntactic tree sentence generation
method. Frequency tables of large corpus are constructed.
The root noun in the list of objects identified from the
vision system is taken as the initial state. Based on the
probability values of the remaining words, Markov based
chains are constructed.

Forany s,io,..i, I Sand anyn>=1 (11I)
P(An=s| Ao=io,.dn-1=in-1) = P(As=5| Au-1=in-1)

This is the basic property of the Markov chains.

by -
> ¥ | Final state where
4 grouping is done

Figure 2. Markov chain rule.
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Table 4. Markov Chain states

States

State 0 People, the table

State 1 eating

State 2 At !

State 3 Grouping "

Table 3 Talks about the States in Markov chains and !
their respective generations and Figure 2 shows the cor-
responding chain formation. :

The final state would be the last word in the ordered i
noun group or a hallucinated or identified verb. These | E
state changes are probabilistic and current state depends o o
on the previous state. For each noun identified, from the
probability table, prepositions and verbs are identified. (= ] =@ =]
The states are grouped to form a sentence. The sentences 5 '
generated with the help of Markov Chains are more
semantically correct.

Figure 5. Result

. PSFoY =)

the bus going -

Figure 6. Result

ANALYSIS

the dog playing - 100

L o

Figure 3.Result ®

@ Proposed System O Existing system

people sitting at a wooden table -

Figure 4. Result Figure 7. Performance analysis based on survey.
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6. Final Grammar Check

Using the Stanford dependency parser, various combina-
tions of words are extracted from the generated sentence,
excluding the root noun if the root noun is a person.
The various combinations to be extracted are <Verb,
Preposition, Object >, <Noun, preposition, Object>,
<Object, Preposition, Verb>, <Noun, Verb, Preposition>.
These pairs are checked with a model trained based
on the data from Google N Grams. From this method,
semantically correct sentences can be identified. In case
the generated descriptions do not yield semantically cor-
rect sentences, the process is repeated with hallucinated
verbs and prepositions until a proper sentence that does
not contain awkward word positioning is obtained. This
surface realisation approach yields semantically correct
sentences.

7. Results

The Figures 3 - 7 show some of the descriptions generated
by our system for images from the PASCAL VOC dataset.

8. Conclusion

Figure 4 shows a performance analysis of our system built
with Markov Chains with the existing system based on
a survey. The X-axis denotes a section of our generated
results and the Y axis denotes the human likeness score
collected from a survey. Thus, the result obtained is syn-
tactically and semantically correct. Although, much of
its clarity and accuracy relies up on the computer vision
outputs generated. The object detection framework used
is the state-of-the art algorithm. But it is not fully accu-
rate. There are some bad results as well. These generated
descriptions can be effectively used to index the images
for search and retrieval. This bridges the semantic gap to
an extent. However, many improvements are needed in
the vision algorithm to achieve a significant improvement
in the semantic gap problem.

9. Future Work

In future, the currently used computer vision algorithms
are planned to be replaced by neural networks for more
accuracy. In combination with object detection, scene,
and attributes present in the Image Net dataset, more
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attributes, face recognition and better activity detectors
will be used to generate better descriptions which can be
effectively utilised in solving the semantic gap problem to
an extent.
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