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CAOM-AI: Content-Based Image Search System



To download data, the user can send a query 
to the CADC, and the CAOM model can match 
metadata with relevant images, returning a list 
of downloadable images.



An example of CADC Advanced Search

This is an example of what you could see in CADC, 
the advanced search page, choose your metadata 
like filters, instruments and then click search 



This is an example of what you could see. More than 30,000 downloadable images. You 
can see some of them to explore them, but it is still very challenging without any prior 
knowledge to know which one should be downloaded



No content-based information.

Sometimes you would end up 
downloading garbage, the images that you 
ŘƻƴΩǘ ƴŜŜŘ



(Annotations)

(AI content-based information)

We need a new component to overcome 
this problem, and would like to talk about 
this interpretable component here.



We addressed the problem during the 
нлнл ǇŀƴŘŜƳƛŎΣ ōǳǘ ǿŜ ŎƻǳƭŘƴΩǘ 
implement it. We use deep learning 
and self-organizing maps to show the 
method. The idea is more or less the 
same, but we use more advanced 
models and no Self-Organizing Map in 
the new work.



4,000,000 random cutouts
from 20000 random  images 

A pipeline of models
The main idea is simple: focus on 
detectable objects within images. Cut 
them out, gather them in one place, and 
use a pipeline of models to analyze and 
organize these cutouts



MAP #1:
the model #1, for finding  
the objects of interest

#MAP
This slide shows the result of that pipeline. It 
arranges all the cutouts into a map with 400 nodes 
or groups. Each node represents a typical object type 
found in the survey. We call this Map 1.
Next, we need to verify the reliability of this map.



The model that can cluster detected 

objects in images in 400 groups
9 samples of 

group 101

9 samples of 

group 144

9 samples of 

group 399
Once the model performs well, we can use it to create the 
content-ōŀǎŜŘ ŎƻƳǇƻƴŜƴǘ ǊŜǉǳƛǊŜŘ ŦƻǊ /!5/Φ bƻǿΣ ƭŜǘΩǎ ǎŜŜ 
how that content information is actually built.



This slide shows how we create that content information.The cutout 
objects of an image are fed to the model, which produces a histogram 
or vector of 400 components.Each component represents the number 
of similarobjects in a single node on Map 1.We call this vector the 
fingerprint, or FP, of an image. 



The input Image 
The model

The two-dimensional distribution of 
objects (existing in the input image) on 
the model

One dimensional distribution version (the fingerprint)



1000 × 1000 
(Pixels/values)

2000 × 2112 
(Pixels/values)

A fingerprint with
400 values

2644 × 2112 
(Pixels/values)

4644 × 4112 
(Pixels/values)

A fingerprint with
400 values

A fingerprint with
400 values

A fingerprint with
400 values

Fingerprints are tiny 
vectors, representing 
images that are ~ 
10000 times smaller 
than the original.

This slide shows more 
examples, comparing 
fingerprints with their 
corresponding large images. 
No matter what the original 
image size is, each image is 
converted into a 400-
dimensional vector. These 
vectors are perfect for 
clustering in machine 
learning.We use them to 
build a second map, Map 2, 
where each node represents 
similar images.



MAP #2:
the model #2, for finding  

the images of interest

Here you can see the clustering process.Similar fingerprints 
fall into the same node, so each node on Map 2 contains 
similar FPs, or equivalently, similar images. Now imagine 
using this in a large-scale search.



Imagine a massive search where you checkmark one image.All 
other similar images in the same node on Map 2 can be 
automatically selected. This makes large searches much easier to 
handle.


