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Scalable Image Annotation by Summarizing
Training Samples into Labeled Prototypes

Mahya Mohammadi Kashani & S. Hamid Amiri*
Computer Engineering Department, Shahid Rajaee Teacher Training University,
Tehran, Iran

Abstract

By increasing the number of images, it is essential to provide fast search methods and intelligent
filtering of images. To handle images in large datasets, some relevant tags are assigned to each image to
for describing its content. Automatic Image Annotation (AlA) aims to automatically assign a group of
keywords to an image based on visual content of the image. AIA frameworks have two main stages;
Feature Extraction and Tag Assignment which are both important in order to reach a proper
performance. In the first stage of our proposed method, we utilize deep models to obtain a visual
representation of images. We apply different pre-trained architectures of Convolutional Neural
Networks (CNN) to the input image including Vggl6, Densel69, and ResNet 101. After passing the
image through the layers of CNN, we obtain a single feature vector from the layer before the last layer,
resulting into a rich representation for the visual content of the image. One advantage of deep feature
extractor is that it substitutes a single feature vector instead of multiple feature vectors and thus, there
is no need for combining multiple features. In the second stage, some tags are assigned from training
images to a test image which is called “Tag Assignment”. Our approach for image annotation belongs to
the search-based methods which have high performance in spite of simple structure. Although it is even
more time-consuming due to its method of comparing the test image to every training in order to find
similar images. Despite the efficiency of automatic Image annotation methods, it is challenging to
provide a scalable method for large-scale datasets. In this paper, to solve this challenge, we propose a
novel approach to summarize training database (images and their relevant tags) into a small number of
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prototypes. To this end, we apply a clustering algorithm on the visual descriptors of training images to
extract the visual part of prototypes. Since the number of clusters is much smaller than the number of
images, a good level of summarization will be achieved using our approach. In the next step, we extract
the labels of prototypes based on the labels of input images in the dataset. because of this, semantic
labels are propagated from training images to the prototypes using a label propagation process on a
graph. In this graph, there is one node for each input image and one node for each prototypes. This
means that we have a graph with union of input images and prototypes. Then, to extract the edges of
graph, the visual feature of each node on graph is coded using other nodes to obtain its K-nearest
neighbors. This goal is achieved by using Locality-constraints Linear Coding algorithm. After
construction the above graph, a label propagation algorithm is applied on the graph to extract the labels
of prototypes. Based on this approach, we achieve a set of labeled prototypes which can be used for
annotating every test image. To assign tags for an input image, we propose an adaptive thresholding
method that finds the labels of a new image using a linear interpolation from the labels of learned
prototypes. The proposed method can reduce the size of a training dataset to 22.6% of its original size.
This issue will considerably reduce the annotation time such that, compared to the state-of-the-art
search-based methods such as 2PKNN, the proposed method is at least 4.2 times faster than 2PKNN,
while the performance of annotation process in terms of Precision, Recall and F1 will be maintained on
different datasets.

Keywords: Database Summarization, Image Annotation, Search-Based method, Scalability
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(Figure-1): Flowdiagram of the proposed method
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(Figure-3): Best scheme for segmenting the image in the
feature extraction step based on deep models
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(Table-3): Comparing the proposed methods (TDSNLP .TDSNLPFT. TDSNLPDT) against the state-of-the-art methods for two
datasets: IAPRTC12 and ESP Game

ESP Game IAPRTC-12
Method Feature
R F1 P R F1
JEC[7] Standard 0.23 0.19 0.21 0.25 0.16 0.19
MBRM [2] Standard 0.21 0.17 0.19 0.21 0.14 0.17
Tag Prop (ML) [30] Standard 0.49 0.2 0.28 0.48 0.25 0.33
Tag Prop (6ML) [30] Standard 0.39 0.27 0.32 0.46 0.35 0.4
2PKNN [29] Standard 051 0.23 0.32 0.49 0.32 0.39
Fast Tag [4] Standard 0.46 0.22 0.3 0.47 0.26 0.34
NMF-KNN [43] Standard 0.33 0.26 0.29 -
CCA-KNN [10] CNN(VGG16) 0.46 0.36 0.41 0.45 0.38 0.41
KSVM-VT [36] Standard 0.33 0.32 0.33 0.47 0.29 0.36
SVM-DMBRM [53] Standard 0.55 0.25 0.34 0.56 0.29 0.34
SKL-CRM [54] Standard 0.41 0.26 0.32 0.47 0.32 0.38
MVSAE [40] SAE 0.47 0.28 0.34 0.43 0.38 0.4
MSRRVK [55] Standard 0.27 0.28 0.27 0.32 0.34 0.33
Mvg-NMF [42] Standard 0.41 0.33 0.37 0.46 0.4 0.43
2PKNN CNN(Dense169) 0.49 0.32 0.39 0.531 0.321 0.4
TDSNLP+2PKNN
(our method) CNN(Dense169) 0.44 0.28 0.342 0..45 0.34 0.39
TDSNLPFT
(our method) CNN(Dense169) 0.38 0.35 0.36 0.45 0.39 0.42
TDSNLPDT
(our method) CNN(Dense169) 0.40 0.37 0.38 0.47 0.42 0.44
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(Figure-10): First row represents scalability of number of Training data for different number of prototypes. Second row
represents scalability of Annotating input image for different number of prototypes. All plots corresponds
to a IAPRTC12 database.
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(Figure-11): Predicted and ground-truth tags for some images of two datasets. Image (a) is selected from IAPR-TC12 dataset.
Images (b-c) are selected from ESP-Game dataset.
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