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Abstract
Object detection is one of the most arduous tasks in computer vision due to the variance in images of the same category. However, taking color into account in conjunction with shape features has delivered promising results [4]. We seek to delve into the topic of attribute-related image retrieval, which facilitates a person to retrieve an image based on the characteristics of an object. More specifically, we will focus on retrieving an image with respect to the color of the objects within an image, which will require us to make significant adjustments to current state of the art color descriptors. 
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1. Introduction: Problem Motivation
This paper will discuss the topic of attribute-related image retrieval, concentrating on color as the basis for our research. In order to enhance color-attribute related image retrieval, adjustments must be made to current leading color descriptors. To achieve our goal towards a robust discriminative color descriptor, we propose a new descriptor referred to as a blockwised color moment feature, which breaks up the image into blocks before calculating its color moments. 
Due to the innovative nature of this subject, any advancement or progress would be very significant to the field of computer vision. Color description is challenging due to significant variations in RGB values for similar colors as a result of events such as shadows, shading, specularities, illuminant color changes, and differing perspectives [2]. We will attempt to improve current color descriptors that fail to take these real world components of color into account. In order to enhance current results, it is essential that our new descriptor has the capability to differentiate colors that are encountered in everyday life [1].
2. Background and Related Work
[bookmark: _GoBack]Although several color descriptors are currently being utilized in the subject of computer vision, we seek to enhance these existing approaches. One common method is to employ color histograms as color descriptors. This approach can become problematic due to the fact that separate images may produce the same histogram. Additionally, in order for a color histogram to be classified using a Support Vector Machine (SVM), it requires a nonlinear kernel, which is time-consuming. Another approach would be color mapping, which may give a wide range of RGB values the same color, as seen in Figure 2, which produces abnormal results [5].
[image: ]
Figure 1. Example of Color Histogram being utilized as a color descriptor
Thus, the color descriptor was proposed to clearly discriminate color features in different images [1] [2]. 
[image: ][image: ]
Figure 2. Visualization of Color Mapping
A color moment is a measurement that differentiates images based on their color content and these calculations can numerically determine the color similarity between images [4]. Current color models compute the mean color moment for the entire image. These methods fail to take into account events such as shadows, shading, specularities, illuminant color changes, and changes in viewing geometry, therefore assuming that all shades and variations of a color are the same [2]. Therefore, inaccuracies occur when attempting to classify colors within an image (Figure 2). Our method will alter the current practice entirely by breaking up the object in the image into small boxes. We will then calculate the color moments on each box in order to take variations of color into account. 
3. Approach and Uniqueness
 [image: C:\Users\Kylie\Pictures\bird.PNG]
Figure 3. Visualization of Blockwised Color Moment Feature
The domain of attribute-related image retrieval is a novel field, but our approach to tackling color description is innovative within its own right. We propose to use blockwised color moment feature, which will overall be a more comprehensive representation of the color in an image than pixel color value. The objective is to integrate spatial context information to design a more efficient means to map from the color name and pixel value. 
Existing methods compute a calculation referred to as a color moment. This computation can numerically determine the difference of images based on color. The color space should be broken up into separate channels and then a color moment is calculated with respect to mean, standard deviation, and skew on each distinct channel (Figures 4,5, and 6). Presently, color moments were being calculated for the entire image as a whole. We are improving this method by first isolating the object in the image, dividing the image into boxes, and adding 2 more color moment calculations in addition to the mean. We will also learn colors from real pictures rather than chip-based color mapping, which uses colors created from a lab, so that our technique can be utilized in real-world applications [1]. 
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Figure 4. Mean Color Moment Calculation [3]
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Figure 5. Standard Deviation Color Moment Calculation [3]
[image: C:\Users\Kylie\Pictures\skew.PNG]
Figure 6. Skewness Color Moment Calculation [3]
4. Experiments, Methods, and Contributions
The project commenced with the design of our new color descriptor and with the research of potential datasets. Our first datasets consisted of images taken from Google and EBay. Each set contained the eleven basic colors: black, blue, brown, green, grey, orange, pink, purple, red, white, and yellow. The Google set contained 100 images per color with 1,100 images total. The EBay set contained 4 separate categories of objects with 11 colors per category and 12 images per color [5].
The first few weeks were spent creating the pipeline to calculate our color moment descriptor. Although the code was improved and made more robust throughout the program, the initial time I spent writing the code facilitated in my understanding of the background and underlying concepts. The pipeline consisted of two main sections: the training portion and the testing portion. We began by extracting the color moment calculations from all images, obtaining the feature matrices which contain one row for each box in the image and nine columns for each color moment calculation taken on each specific box. 
We then concatenated all training data feature matrices to calculate the PCA (Principal Component Analysis) and concatenate the result to compute the GMM (Gaussian Mixture Model). We were then able to use those results to calculate the fisher vectors for both the training and testing data. The training fisher vectors could then be used to train the eleven Support Vector Machines (SVM’s), one for each basic color. We then proceeded to classify the testing fisher vectors and the results would produce a score matrix that contained a row for each vector and a column for each color. Each entry contained the probability that a particular image was the color represented in a given column. To calculate the precision of the results, we checked the highest probability in each row and assigned each image to a color. We calculated the accuracy by dividing the number of correct matches by the total number of testing images. 
[image: ]
Figure 7. Visualization of Pipeline
After our color descriptor showed favorable results, we continued with our existing code while utilizing a larger dataset and incorporating Dense SIFT along with our color moment calculations. The new datasets were called Flowers 102 and Birds 200. Flowers 102 consisted of 102 different types of flowers with 40 to 258 images per category with 8,189 images total. Birds 200 was comprised of 200 species of birds with 11,788 images total [6]. Dense SIFT (Scale Invariant Feature Transform) will serve as a current descriptor that we can compare and later combine with our descriptor. Dense SIFT calculations are more time consuming due to the fact that there will be 128 key points per image against the color moment’s 9 calculations per image. This means that each Dense SIFT feature matrix will contain 128 rows instead of 9 and each matrix will take more time to compute and more memory to store. 
When the datasets were increased, some of the code needed to be altered to handle the new size and format of the images. These changes resulted in several bugs being introduced into the pipeline. The significant increase in the number of images being used was very time consuming, which made debugging difficult. Fixing the code was a project itself, but after a few weeks we were able to create a new, more efficient pipeline to handle the new data. In order to complete the project results on time, we continued the color moment and Dense SIFT calculations with fewer classes. Therefore, we will still get a general idea if our work is successful and we will be left with the opportunity to continue our work in the future. 
5. Results
Although this project will be continued, the results that we have gleaned thus far are very promising. After first using our color moment calculations with the datasets of Google and EBay images, the program was successful in distinguishing colors from one another. We tested the program on three separate three channel color spaces and calculated the precision of each color space. CIELAB returned an average precision of 42%, HSV images had an accuracy of 45%, and RGB images were the most successful with 50% accuracy. Each of the color spaces resulted in accuracies significantly higher than a random guess of 9% accuracy, but the RGB color space proved to be the most accurate. 
[image: ]
Figure 8. CIELAB Results for each color
[image: C:\Users\Kylie\Downloads\a_real_hsv.PNG]
Figure 9. HSV Results for each color
[image: ]
Figure 10. RGB Results for each color
Once the code was adjusted to handle a change in image number and format, we were able to acquire more results with the combination of our color moments and Dense SIFT. In order to obtain results before the end of the program, we used 20 of the 200 bird species. Our color moment was able to classify the images with a 21.36% accuracy which was very similar to dense SIFT’s accuracy of 21.75%. Both accuracies were well above the random guess which would have produced 5% accuracy. Our descriptor was most successful when combined with Dense SIFT, which improved the accuracy to 25.44%.
6. Conclusion
These results are significant due to their success and their originality. The field of attribute-related image retrieval is still very novel and has been traversed by few. Our color descriptor is working towards classifying real world images and distinguishing images from one another based on their color. Blockwised color moment feature attempts to account for scene accidental events that cause the same color to be categorized as two different colors and therefore more accurately depicts images seen in everyday life. Our color moment calculations were successful in distinguishing colors with the Google and EBay datasets and produced similar accuracies to dense SIFT when using the Birds 200 dataset. With more work in the future, we hope to further improve our methods for more accurate results. 
7. Future Work
Due to the limited amount of time allotted from the REU program, there is still more progress to be made for our project. To begin with, we would continue to compare our color moment with dense SIFT on the full Birds 200 dataset. Also, throughout the study we used a box size of 8 pixels by 8 pixels. We could also study the results of increasing or decreasing the box size. Finally, we would like to incorporate object detection and image retrieval to fully test the ability of our color descriptor. 
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