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Abstract— ThisAutomatic image annotation plays a vital role in dealing with exponentially growing digital images. It helps in 
effective retrieval, organization, classification, auto-illustration, etc. of the image. The main disadvantage of this approach is that it 
needs absolute and totally annotated an oversized variety of images for training so as to be told a decent model for tag 
prediction. We address this limitation by developing the real-time object detection system that can recognize too much object classes. 
Utilizing a convolutional neural network that can keep running at different sizes, offering a simple trade-off among speed and 
exactness. Our proposed system can recognize in excess of too many distinctive classifications and predicts bounding boxes utilizing 
dimension clusters as anchor boxes.  
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I. INTRODUCTION 

In the last decade, the quantity of images offline and online has enhanced prominently. Several search engines retrieve related 
images by text-based searching while not exploitation any content info. Thus, assignment additional relevant keywords are 
significant and might enhance the image searching quality. The aim of image annotation is to assign related text keywords 
automatically to the given image which reflects its content. It's a complex task as there is a lack of consistency between image 
regions and keywords. Nowadays it's a vigorous issue of research. Since the number of images is increasing with available 
annotations, several machine learning algorithms are planned to resolve this drawback by creating help of ground truth [1]. 

In recent times, there has been an associate huge advancement in cameras, multitudinous images are taken and put 
away. Image understanding could be a median problem in computer vision and has been broadly studied over the last decade. 
Variety of recognition algorithms are developed to concurrently recognize multiple attributes and objects from an image. Most 
of those systems treat all attributes and objects as equally important Image auto-annotation is an active research issue. The aim 
is to develop strategies which will predict for an image the related keywords from associate annotation vocabulary. These 
keyword predictions are used either to propose images for a tag or to propose tags for an image or a mix of tags. Such strategies 
have become more and more vital given the growing collections of user-provided visual content, e.g. on picture or video sharing 
sites, and desktop picture management applications. These extensive collections feed the request for annotation strategies and 
automatic retrieval. Since the quantity of images with a lot of or less structured annotations is additionally increasing, this 
enables the deployment of machine learning approaches to support this potential by estimating correct tag prediction models [2, 
3]. 

Object detection has already been the numerous research direction and also the focus within the computer vision, 
which may be applied within the driverless car, video surveillance, pedestrian detection and robotics. The object detection in 
view of deep learning is an imperative application in deep learning technology that is described by its solid ability to 
highlight learning and highlight portrayal contrasted and the conventional object detection techniques. The emergence of 
deep learning technology has modified conventional modes of object detection and object identification. The deep neural 
network has the robust feature illustration capabilityin an image processing and is typically used in object detection as the 
feature extraction module. Deep models don’t require special hand designed features and can be designed as the regression 
device and classifier. Therefore, the deep learning technology is of considerable prospect within the object detection [4]. 

Many studies view image annotation approach as multi-label classification problem. The main disadvantage of 
these problems is that it needs a large quantity of training images with clear and complete annotations. We noticed that 
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many algorithms proposed for tag ranking but they still perform poorly as the number of training images are limited 
compared to the number of tags. In this system, we resolve this problem with developing a real time object detection 
system with image annotation. 

II. PAGE LAYOUT 

In this section, we review the related work on image annotation and object detection. Nearly all image annotation models are 
often thought of as multi-label classification algorithms, while they associate multiple labels to an image. 
Recent techniques like [5] deal with it as a multi-label ranking issue.  

An automatic approach to annotating and retrieving images based on the training set of images is proposed by J. Jeon 
et al. that presents the quality of using formal information retrieval models for the image retrieval and image annotation. 
Experiment results of this report that the annotation performance of this cross-media relevance model is nearly six times as 
superior to a word-blob co-occurrence model and twice as superior as state-of-the-art model [6]. 

Tags quality plays a very vital role in social image retrieval.  Recently the centre of attention of study has been done to 
deal with tag quality problem. Though tag refinement approaches capable of enhancing tag quality and execute weakly to 
manage that tag is a lot of relevant than the others. Recently, the tag ranking scheme proposed by Liu et al. to address the social 
tag issue. The goal of this social tag ranking is to automatically rank the associated tags with social image consistent with their 
relevance semantic image content [7].  

There are two categories of the classic object detection technique. The frame-difference method is in the first category, 
which adopts the mode of the feature + mathematical model, which uses certain features of the data to configure a mathematical 
model and obtain the result by resolving the model in object detection scenes. The principle of this method is that the 
differentiation image results coming from subtracting the two beside frame images and it is denoised by morphological filtering 
and binarization processing to obtain the object motion area [8]. 

In the second class, deformable part model technique and the sliding window model technique each take the mode of 
region selection+ feature extraction+ classification that mixes the hand-engineered feature with a classifier to induce object 
detection result, and this is included to the applications in machine learning. The object detection technique based on deep 
learning is considerably related to the second one, but because of its sturdy capability in feature learning and feature expression, 
it doesn’t require the hand-engineered feature. Additionally, the classifier within the deep learning framework can be achieved 
by a neural network. The sliding window model slides on the image by setting the sliding window of fixed sizes following to 
some strategies whereas extracting the features within the sliding window and then classifies them by some classifier. The 
Deformable Part Model (DPM) technique, broadly applied in object detection. It includes two models collectively is the main 
model is for the global feature extraction and another sub-model is for the local feature extraction that divides the object into 
many parts and carries out feature extraction in each part [9, 10, 11]. 

B. Leibe et al. proposed Robust Object Detection with Interleaved Categorization and Segmentation approach. The 
fundamental part of this approach is an extremely flexible learned illustration for object shape that can merge the information 
observed on distinct training examples in a probabilistic extension of the Generalized Hough Transform. This approach 
introduces a novel method for localizing and detecting objects of a visual category in cluttered real-world scenes [12]. 

III. PAGE STYLE 

Our objective is to predict the relevance of image annotation tags. Given these predictions of relevance, images can be 
annotated by ranking the tags for a given image or by ranking images for a given tag using keywords. Our presented system 
estimates bounding boxes using dimension clusters as anchor boxes. Each case predicts the classes the bounding box may 
accommodate using multilabel grouping. We do not make use of a softmax as we have found it is pointless for good execution, 
rather we just use independent logistic classifiers. 

Our Proposed approach predict boxes at 3 unique scales. Our approach extricates features from those scales utilizing a 
comparative idea to feature pyramid networks. From our base element extractor, we include a few convolutional layers. The last 
of these predicts a 3-d tensor encoding bounding box, class predictions and objectness. In our investigations with COCO, we 
predict 3 boxes at each scale so the tensor is N × N × [3 ∗ (4 + 1 + 80)] for the 4 bounding box counterbalances, 1 
objectnessexpectation, and 80 class predictions. Our proposed system is based on regression.  

A. Robust Object Detection 

Our proposed system is a convolution neural network for real-time object detection and might achieve an end to end training. 
The front end and the rear end of the system connect respectively to a convolution neural network for feature extraction and to 
pair of full connected layers for classification and regression within the grid regions. The input image scale divides into 16*16 
grids by the proposed system, every of which can produce two bounding boxes. The bounding box can give output as a 4-
dimensional vector of the object confidence and coordinate information. Meanwhile, every grid also outputs 20 category 
probabilities, therefore every grid produces a 30-dimensional vector together with location information and recognition 
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information. Throughout the detection, our proposed system filters the object proposals by setting the threshold with low 
confidence and wipes off the redundant object proposals to achieve the detection results. A single convolutional network 
simultaneously predicts several bounding boxes and class probabilities for those boxes. The proposed system trains on full 
images and directly optimizes detection performance. This unified model has several advantages over traditional methods of 
objectdetection. 
 
Algorithm of Robust Object Detection 

Step 1: Take an input of image 

Step 2: Input image is passed to a ConvNet which in turns generates the regions of Interest 

Step 3: Divide the image into various regions  

Step 4: Consider each region as a separate image  

Step 5: Generate initial sub-segmentations so that we have multiple regions  

Step 6:  The technique then combines the similar regions to form a larger region (based on color similarity, texture similarity, 
size similarity and shape compatibility)  

Step 7: Pass all these regions (images) to the CNN and classify them into various classes.  

Step 8: As each region divided into its corresponding class, combine all these regions to get the original image with the detected 
objects.  

Step 9: Region proposal network is applied on feature maps and this returns object proposals along with their objectness score.   

Step 10:  A softmax layer is used on top of the fully connected network to output classes. Along with the softmax layer, a linear 
regression layer is also used parallelly to output bounding box coordinates for predicted classes  

B. Image Annotation 

Our system is the relevance of image annotation with real-time object detection. A multilabel approach in the system better 
models the information. Our system gives enhanced tagging on the image as we focused our implementation towards object 
detection. The robust real-time object detection and image classification in the system returns the decent system for tag 
prediction in multilabel classification problem. 

IV. EXPERIMENTAL RESULTS 

In this section, we described our experimental setup, including image datasets. We then perform the experiment to verify the 
effectiveness of the proposed system. The experiment examines the performance of the proposed system for tag ranking. To 
evaluate the proposed algorithm for image tagging, we conduct the experiment on Pascal VOC2007 and SUNAttribute datasets 
expectation, and 80 class predictions. Our proposed system is based on regression.  

A. Tag Ranking 

In this section, we estimate the proposed system to examine performance of tag ranking. As on a given image and the associated 
tag list the task of tag ranking is to rank tags according to their relevance to an image content.  
 

TABLE  
COMPARISON OF TAG RANKING PERFORMANCE 

 

Sr. 
No. 

Average 
NDCG@K on 

Pascal2007 

Existing 
System 

Proposed 
System 

Average 
NDCG@K on 
SUNAttribute 

Existing 
System 

Proposed 
System 

1 K = 2 74 76 K = 2 79.5 80 

2 K = 4 77 80 K = 4 82 83 

3 K = 6 79 83 K = 6 83 86 

4 K = 8 82 89 K = 8 84 89 
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Fig. Tag ranking performance estimated by NDCG, for dataset Pascal VOC2007 and SUNAttribute 

 
We used the Pascal VOC2007 and SUNAttribute datasets in this experiment as relevance score is given to each assign tags. We 
randomly selected 10% of images from each dataset for training, and used remaining 90% for testing. We repeated the 
experiment 10 times and repeat the averaged NDCG. We used the Normalized Discounted Cumulative Gains at top K 
(NDCG@K) to evaluate the performance of tag ranking. It revolves ability that a computed ranking agrees with the ideal 
ground truth ranking, with the prominence on the accuracy of the top ranked items, it is defined as [13]. TABLE I shows the 
comparison of performance for tag ranking of proposed system with the existing system on Average NDCG@K on Pascal2007 
and Average NDCG@K on SUNAttribute. 

                                                                               NDCG@K = ∑
( )

 ( )
   (1) 

 
where, K is the truncation level, Z is the normalization constant in equation(1) to make sure the optimal ranking gain the NDCG 
score of 1 and rel(i) is the relevance score for ith ranked tag. Further, for the proposed method, we set𝜆 = 1 for the experiment. 

The Fig. 1 shows NDCG values for proposed system on datasets PascalVOC2007 and SUNAttribute. It shows that the 
proposed system significantly outperforms on the both datasets pascalVOC2007 and SUNAttribute. The experimental results 
reported proves that the proposed method is effective for the tag ranking especially when the training samples are limited. 

V. CONCLUSIONS 

In this work, we proposed the real-time object detection and image annotation system with a limited number of training images. 
Our system has many advantages over the classifier-based system. At test time it considers the complete image. Our model is 
extremely fast, as it predicts with one network only where method like R-CNN requires thousands for a single image. 
Ultimately, we presented an algorithm to train on the labelled images. Using this approach, we train the algorithm on the COCO 
recognition dataset additionally, the ESPN Image dataset. The experimental result shows that our system is an enhanced image 
annotation system. In the future, we further plan to evaluate the system to improve the performance of automatic image 
annotation with missing tags and sensitivity. 
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