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FINE-GRAINED VISUAL CONTENT SEARCH PLATFORM

Cross-references with Related Applications:

[0001] The present application claims priority to U.S. Provisional Patent Application No.
63/330,311 filed April 12, 2022 and priority to U.S. non-Provisional Patent Application No.
18/172,356 filed February 22, 2023; the disclosure of which is incorporated herein by reference

in its entirety.

Technical Field:

[0002] The present invention relates to machine learning techniques in image object

recognition, and image search and retrieval.

Background:

[0003] Machine deep learning techniques have been widely applied in vision-related
applications. In image classification or recognition studies, most of the investigations have
been focusing on the meta-category classification (i.e., coarse-grained image classification).
For example, classification of meta-categories comprising dogs, cats, flowers, etc. Less
researches have been conducted on the sub-category classification (i.e., fine-grained image
classification) that recognizes specific species of the same meta-category. For example,
classification of canine-species sub-categories of the dog meta-category comprising Labrador,
Golden Retriever, Puddle, etc.; or in another example, the sub-categories of brands and models
of the automobile meta-category. Potential artificial intelligence (Al) applications of fine-
grained image classification are vast, such as fashion clothing matching, wild animal
identification, medical diagnosis, vehicle brand and model identification, etc.

[0004] However, fine-grained image analysis is currently a critical challenge. It entails
training a classification model to classify visually similar species by analyzing the local details
of objects (i.e., local parts, shape, texture, color, etc.). Some existing fine-grained image
classification methods employ manual annotation or labelling of local differences among
species in the training data during the model training. These manual processes are required for
each meta-category. This is labour intensive, costly, and difficult to achieve large scale

scenario application.
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[0005] Therefore, there is an unmet need in the art for a fine-grained image classification
method that can automatically locate and analyse features of local differences among species

and be able to handle larger scale application with many different scenarios.

Summary of Invention:

[0006] In addressing the aforementioned unmet needs, the present invention provides a fine-
grained image classification method that automatically locates and analyses local differences
among species. In addition, in order to further improve the retrieval efficiency of the model in
scenarios with a large number of meta-categories and sub-categories, the present invention
provides a intelligent visual content search platform having a hierarchical architecture design.
Moreover, it also supports custom models to be re-trained on a benchmark model to achieve
higher quality prediction results. As such, embodiments of the present invention can
significantly reduce the amount of manual data labelling, in turn provide the possibilities for
large-scale applications.

[0007] It is an objective of the present invention to provide a visual content search and retrieval
platform to address the aforementioned shortcomings and unmet needs in the state of the art.
In accordance with a first aspect of the present invention, a method for performing visual
content search and retrieval from an image database using a visual content search and retrieval
platform is provided. The visual content search and retrieval platform has a hierarchical
architecture and comprises an object detection model, a coarse-grained image classification
model, and a selection of one or more fine-grained image classification models.

[0008] During inference, the method comprises: receiving from an electronic device (i.e., an
IP camera, mobile communication device, electronic kiosk, personal computer, etc.) a query
image containing one or more objects; locating and extracting a query object among the objects
in the query image by the object detection model; classifying a meta-category of the query
object by the coarse-grained image classification model; selecting from the selection of fine-
grained image classification models the one fine-grained image classification model that is
trained and optimized for the meta-category of the query object; and searching and retrieving
from the image database gallery images containing gallery image objects belonging to the
meta-category of the query object by the selected fine-grained image classification model.
[0009] In accordance with a second aspect of the present invention, the visual content search
and retrieval platform further comprises a semi-automatic labelling module. The semi-
automatic labelling module comprises an unsupervised or semi-supervised prediction model

trained to estimate locations of sample objects in training data images by detecting edges,
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texture changes, color deviations, etc. and place bounding boxes around the estimated locations.
During training, training data of images containing sample objects are processed by the semi-
automatic labelling module for generating and displaying semi-labelled images for a user to
fine-tune the bounding boxes for more accurately labelling the sample objects therewithin.
This way, the fully annotated training data is produced without the need for manual labelling
from scratch, significantly enhancing training data labelling efficiency.

[0010] In accordance with a third aspect of the present invention, each of the fine-grained
image classification models is implemented by an apparatus for multi-focus fine-grained
(MFFG) image search and retrieval 200. The apparatus for MFFG image search and retrieval
200 comprises: a feature extraction network configured to extract one or more basic query
features of a query object from a query image; a class learning module (CLM) configured to
generate one or more first specific query features from the basic features, wherein the first
query specific features represent an overall appearance of the query object; a local description
module (LDM) configured to generate one or more second specific query features from the
basic features, wherein the second query specific features represent local details of the query
object; an outline description module (ODM) configured to generate one or more third specific
query features from the basic query features, wherein the third specific query features represent
an outline of the query object; and an image search engine configured to combine the first,
second, and third specific query features to form one or more image-query joint features for
comparing and matching the query object with a plurality of gallery image objects.

[0011] Each of the CLM, LDM, and ODM comprises its specific pairwise-sample-based loss
function. During training, training data of original images are augmented with Region
Confusion Mechanism (RCM). Each of the respective pairwise-sample-based loss functions
of the CLM, LDM, and ODM minimizes the feature distance of positive sample pairs and
maximizes the feature distance of negative sample pairs by learning the specific features of

original images and RCM images.

Brief Description of Drawings:

[0012] Embodiments of the invention are described in more details hereinafter with reference

to the drawings, in which:

[0013] FIG. 1 depicts a schematic diagram of a visual content search and retrieval platform in

accordance with a first aspect of the present invention;

[0014] FIG. 2 depicts a schematic diagram of an apparatus for multi-focus fine-grained (MFFG)

image search and retrieval in accordance with a second aspect of the present invention;
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[0015] FIG. 3 depicts a schematic diagram of a method of training the apparatus for MFFG
image search and retrieval in accordance with an embodiment of the present invention;

[0016] FIG. 4A depicts an illustration of a pairwise-sample-based loss function of a class
learning module in accordance with an embodiment of the present invention;

[0017] FIG. 4B depicts an illustration of a pairwise-sample-based loss function of a local
description module in accordance with an embodiment of the present invention; and

[0018] FIG. 4C depicts an illustration of a pairwise-sample-based loss function of an outline

description module in accordance with an embodiment of the present invention.

Detailed Description of the Invention:

[0019] In the following description, apparatuses and methods of machine learning (ML)-based
image search and retrieval and the likes are set forth as preferred examples. It will be apparent
to those skilled in the art that modifications, including additions and/or substitutions may be
made without departing from the scope and spirit of the invention. Specific details may be
omitted so as not to obscure the invention; however, the disclosure is written to enable one
skilled in the art to practice the teachings herein without undue experimentation.

[0020] Referring to FIG. 1 for the following description. In accordance with a first aspect of
the present invention, a method for performing visual content search and retrieval from an
image database 110 using a visual content search and retrieval platform is provided. In
accordance to one embodiment, the visual content search and retrieval platform 100 has a
hierarchical architecture and comprises an object detection model 101, a coarse-grained image
classification model 102, and a selection of one or more fine-grained image classification
models 103.

[0021] During inference, the method comprises: receiving from an electronic device (i.e., an
IP camera, mobile communication device, electronic kiosk, personal computer, etc.) a query
image containing one or more objects; locating and extract a query object among the objects
in the query image by the object detection model 101; classifying a meta-category of the query
object by the coarse-grained image classification model 102; selecting from the selection of
fine-grained image classification models 103 the fine-grained image classification model 103a
that is trained using training data comprising images containing sample objects belonging to
the meta-category of the query object; and searching and retrieving from the image database
110 a plurality of gallery images containing gallery image objects belonging to the meta-

category of the query object by the selected fine-grained image classification model 103a.



WO 2023/197827 PCT/CN2023/082313

[0022] In accordance to one embodiment, the object detection model 101 is lightweight and
convolution-based. It applies a real-time supervised-based object detection approach to extract
objects from images from background noise. The object detection model 101 is trained to
predict the locations or bounding boxes of all possible objects in a query image by learning the
features from training data comprising annotated images. Thus, the object detection model 101
is capable of detecting multiple objects contained in a single query image, and capable of
locating and extracting query objects of different scales against the query image.

[0023] In accordance to one embodiment, the coarse-grained image classification model 102
is implemented by a pre-trained convolutional neural network (CNN) comprising one or more
convolutional layers, and a decision module having one or more fully-connected layers. The
CNN may be based on, for example, without limitation, the VGGI19, Resnet50, or BN-
Inception neural network. During inference, the convolutional layers extract one or more basic
features of a query object located and extracted by the object detection model 101. The basic
features are then input into the decision module to be summarized and made meta-category
classification of the query object.

[0024] In accordance with one embodiment, the visual content search and retrieval platform
100 further comprises a user interface 104. The user interface 104 provides the facilities to
electronically display graphical and textual information to a user of the visual content search
and retrieval platform 100 and to allow the user to enter user input data and commands. The
functionalities of the user interface 104 include receiving of user input data and commands for
preprocessing query images; receiving of user input data and commands for customization and
management of the visual content search and retrieval platform 100 such as search and retrieval
model deployments for different applications and connections to different gallery image data
bases; receiving of user input data and commands in training the visual content search and
retrieval platform 100 for a new search and retrieval model such as the obtainment and labelling
of training dataset; receiving of user input data and commands and displaying results in
evaluating the search and retrieval models of the visual content search and retrieval platform
100; and displaying search and retrieval results.

[0025] In accordance with a second aspect of the present invention, the visual content search
and retrieval platform 100 further comprises a semi-automatic labelling module 105. The semi-
automatic labelling module 105 comprises an unsupervised or semi-supervised prediction
model trained to estimate locations of sample objects in images by detecting edges, texture
changes, color deviations, etc. and place bounding boxes around the estimated locations.

During training, training data of images containing sample objects are processed by the semi-
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automatic labelling module 105 for generating and displaying (via the user interface 104) semi-
labelled images for the user to fine-tune the bounding boxes for more accurately labelling the
sample objects therewithin. This way, the fully annotated training data is produced without
the need for manual labelling from scratch, significantly enhancing training data labelling
efficiency.

[0026] During training, the fully annotated training data is used in training the object detection
model 101 until the model converges. The sample objects in the training data images extracted
by the object detection model 101 are then used in training the coarse-grained image
classification model 102 until the model converges. The training data images that contain
objects of a selected meta-category are used in training one of the fine-grained image
classification models 103 until the model converges, wherein the trained fine-grained image
classification model is optimized for classification within the selected meta-category.

[0027] In accordance with one embodiment, each of the fine-grained image classification
models 103 is implemented by an apparatus for multi-focus fine-grained (MFFG) image search
and retrieval as described in the following.

[0028] Referring to FIG. 2 for the following description. In accordance with a third aspect of
the present invention, an apparatus for MFFG image search and retrieval 200 is provided. The
apparatus for MFFG image search and retrieval 200 comprises: a feature extraction network
201 configured to extract one or more basic query features of a query object from a query
image; a class learning module (CLM) 202 configured to generate one or more first specific
query features from the basic features, wherein the first query specific features represent an
overall appearance of the query object; a local description module (LDM) 203 configured to
generate one or more second specific query features from the basic features, wherein the second
query specific features represent local details of the query object; an outline description module
(ODM) 204 configured to generate one or more third specific query features from the basic
query features, wherein the third specific query features represent an outline of the query object;
and an image search engine 205.

[0029] In one embodiment, the feature extraction network 201 is implemented by a pre-trained
CNN comprising one or more convolutional layers and one or more fully-connected layers.
Each of the CLM 202, LDM 203, and ODM 204 is implemented by a CNN comprising one or
more convolutional layers and one or more fully-connected layers, and a pairwise-sample-
based loss function.

[0030] In a preferred embodiment, all of CLM 202, LDM 203, and ODM 204 are included and

utilized in the apparatus for MFFG image search and retrieval 200. In one alternative
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embodiment, only CLM 202 and LDM 203 are included and utilized. In another alternative
embodiment, only CLM 202 and ODM 204 are included and utilized. The implementation of
any one of these alternative embodiments may be due to resource constraints.

[0031] The image search engine 205 is to combine the first, second, and third specific query
features to form one or more image-query joint features. It then obtains from the image
database 110 one or more features of each of a plurality of gallery image objects belonging to
the same meta-category of the query object. To compare and match the query object with the
gallery image objects, the image search engine 205 calculates a cosine distance between the
image-query joint features and the features of each of the gallery image objects. The image
search engine 205 then sorts the gallery image objects by the cosine distances from most similar
to the query object to least similar to the query object. The gallery image object having the
shortest cosine distance between the image-query joint features and the features of the gallery
image object being the most similar to the query object, and the gallery image object having
the longest cosine distance between the image-query joint features and the features of the
gallery image object being the least similar to the query object. Finally, the image search
engine 205 outputs top N number of gallery images of the sorted gallery image objects that are
most similar to the query object.

[0032] In one preferred embodiment, the combining of the first, second, and third specific
query features to form the image-query joint features is done by concatenation of the specific
query features. In another embodiment, the combining of the first, second, and third specific
query features to form the image-query joint features is done by summation of the specific
query features. While the concatenation method of combining generates embeddings of larger
size, hence possibly more resource intensive, than the summation method, the search and
retrieval model of the apparatus for MFFG image search and retrieval 200 learned with the
concatenation method produces better performance than that with the summation method.
[0033] Referring to FIG. 3 for the following description. In accordance with one embodiment,
the training of the apparatus for MFFG image search and retrieval 200 comprises first obtaining
a training dataset (process 301) for a particular meta-category that the particular apparatus for
MFFG image search and retrieval is to be optimized for. The training dataset comprises a
plurality of original images each containing one of a plurality of sample objects belonging to
one of a plurality of sub-categories belonging to that particular meta-category. Next, a Region
Confusion Mechanism (RCM) image for each of the original images is generated by an
augmentation module. The RCM image is generated by separating the corresponding original

image into a plurality of blocks followed by randomly reshuffling positions of the blocks and
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one or more of augmentation operations such as vertical and horizontal flipping of the blocks,
and cropping and resizing the contents of the block. By augmenting an original image with its
corresponding RCM image, the contents of each of the blocks in the RCM image describe the
local details of the sample object, which in turn can guide the search and retrieval model of the
apparatus for MFFG image search and retrieval 200 to learn to pay more attentions to the
important local parts of objects being classified.

[0034] To illustrate the above, images of cars are shown as example in FIG. 3. These images
are referenced by captions under the formal of: [meta-category]-[sub-category]-[sample #]-
[Org: original image / RCM: RCM image]. As such, the image with the caption Car-A-1-Ori
means it is an original image of sample object no. / in the sub-category of 4, which is in the
Car meta-category; and the Car-B-1-RCM means it is an RCM image of sample object no. /
in the sub-category of B, which is in the Car meta-category.

[0035] The training continues with inputting the training dataset to the apparatus for MFFG
image search and retrieval 200 and having its feature extraction network 201 to extract one or
more sample features of the sample object from each of the original images and each of the
RCM images (process 302). Then, the CLM 202, LDM 203, and ODM 204 are iteratively
trained with the sample features until their classification models converge (process 303).
[0036] In training the CLM 202, the target is to minimize a first pairwise-sample-based loss of
the CLM 202. First, a first positive sample pair with an anchor original image as one of the
original images containing a sample object belonging to one of the sub-categories and another
one of the original images containing a sample object belonging to the same sub-category is
constructed. Then, a first negative sample pair with the anchor original image and another one
of the original images containing a sample object belonging to a sub-category different from
the sub-category of the sample object in the anchor original image is constructed. The CLM’s
neural network parameters are tuned according to a pairwise-sample-based loss function, such
that the average feature distance of all first positive sample pairs of the original images is
minimized and the average feature distance of all first negative sample pairs of the original
images is maximized, thereby minimizing the first pair-wise loss. More specifically, as the
CLM pairwise-sample-based loss function minimizes the first pair-wise loss, the neural
network of the CLM 202 is updated such that the first specific features of sample objects of the
same sub-category generated by the CLM 202 can be clustered and the first specific features
of sample objects of different sub-categories generated by the CLM 202 can be separated. The
first specific features generated by the trained CLM 202 from an object are overall appearance

features of objects and they should be similar for objects that belong to the same sub-category.
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On the other hand, the overall appearance features generated by the trained CLM 202 from
objects belonging to different sub-categories should be distinguishing.

[0037] To illustrate with an example, referring to FIG. 4A. In this example, a first positive
sample pair is constructed with anchor original image Car-4-1-Ori and original image Car-A-
2-Ori in the same sub-category 4; and a first negative sample pair is constructed with anchor
original image Car-A-1-Ori and original image Car-B-1-Ori in the sub-category B. The feature
distance between the first positive sample pair is Disty.,; and the feature distance between the
first negative sample pair 1S Distueg.

[0038] The CLM 202 aims to discriminate descriptions between sub-categories from observing
a sub-category under the overall appearances of objects.

[0039] In training the LDM 203, the target is to minimize a second pairwise-sample-based loss
of the LDM 203. First, a second positive sample pair with an anchor RCM image as one of the
RCM images containing a sample object belonging to one of the sub-categories and another
one of the RCM images containing a sample object belonging to the same sub-category is
constructed. Then, a second negative sample pair with an anchor original image as one of the
original images that is corresponding to the anchor RCM image and another one of the original
images containing a sample object belonging to a different sub-category as that in the anchor
original image is constructed. The LDM’s neural network parameters are tuned according to
a pairwise-sample-based loss function, such that the average feature distance of all second
positive sample pairs of the RCM images is minimized and the average feature distance of all
second negative sample pairs of the original images is maximized, thereby minimizing the
second pair-wise loss. As such, as the LDM pairwise-sample-based loss function minimizes
the second pair-wise loss, the neural network of the LDM 203 is updated such that the second
specific features of sample objects generated by the LDM 203 focus on describing the local
details of the sample objects while still distinguishing sample objects of different sub-
categories.

[0040] To illustrate with an example, referring to FIG. 4B. In this example, a second positive
sample pair is constructed with RCM image Car-A-1-RCM and another RCM image Car-A4-2-
RCM in the same sub-category A; and a second negative sample pair is constructed with
original image Car-A-1-Ori in the sub-category 4 and original image Car-B-1-Ori in the sub-
category B. The feature distance between the second positive sample pair is Distpos; and the
feature distance between the second negative sample pair is Distyey.

[0041] The LDM 203 aims to capture the common local part descriptions of objects in the

same sub-category (i.e., logo, headlight, and door of the same car model). As the local details
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usually indicate differences between two visually similar sub-categories. The content of each
block in an RCM image is what the module mainly concerns, and the connected features across
regions in the RCM image are ignored. The second specific features generated by the LDM
203 are expected to show the local details of objects so that it can help the overall MFFG image
search and retrieval apparatus in locating and extracting regions of interest from the objects for
analyzing. The objects’ unique local features of the same sub-category are clustered and found,
while features existing in different sub-categories are ignored.

[0042] In training the ODM 204, the target is to minimize a third pairwise-sample-based loss
of the ODM 204. First, a third positive sample pair with an anchor original image as one of
the original images containing a sample object belonging to one of the sub-categories and
another one of the original images containing a sample object belonging to the same sub-
category is constructed. Then, a third negative sample pair with an anchor RCM image as one
of the RCM images that is corresponding to the anchor original image and another one of the
RCM images containing a sample object belonging to the same sub-category as that in the
anchor RCM image is constructed. The ODM’s neural network parameters are tuned according
to a pairwise-sample-based loss function, such that the average feature distance of all third
positive sample pairs of the original images is minimized and the average feature distance of
all third negative sample pairs of the RCM images is maximized, thereby minimizing the third
pair-wise loss. As such, as the ODM pairwise-sample-based loss function minimizes the third
pair-wise loss, the neural network of the ODM 204 is updated such that the third specific
features of sample objects generated by the ODM 204 focus on the outlines of the sample
objects but omit the local details of the sample objects.

[0043] To illustrate with an example, referring to FIG. 4C. In this example, a third positive
sample pair is constructed with original image Car-A-1-Ori and another original image Car-A-
2-Ori in the same sub-category A; and a third negative sample pair is constructed with RCM
image Car-A-1-RCM and another RCM image Car-B-1-Ori in the same sub-category 4. The
feature distance between the third positive sample pair is Dist,.s; and the feature distance
between the third negative sample pair is Distyeg.

[0044] The ODM 204 is expected to capture the outlines of objects and remove the connected
features noise among blocks that is introduced by the RCM images. This module only focuses
on the shapes of objects, but ignores the local part features of objects.

[0045] The functional units and modules of the apparatuses and methods in accordance with
the embodiments disclosed herein may be implemented using computing devices, computer

processors, or electronic circuitries including but not limited to application specific integrated
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circuits (ASIC), field programmable gate arrays (FPGA), microcontrollers, and other
programmable logic devices configured or programmed according to the teachings of the
present disclosure. Computer instructions or software codes running in the computing devices,
computer processors, or programmable logic devices can readily be prepared by practitioners
skilled in the software or electronic art based on the teachings of the present disclosure.
[0046] All or portions of the methods in accordance to the embodiments may be executed in
one or more computing devices including server computers, personal computers, laptop
computers, mobile computing devices such as smartphones and tablet computers.

[0047] The embodiments may include computer storage media, transient and non-transient
memory devices having computer instructions or software codes stored therein, which can be
used to program or configure the computing devices, computer processors, or electronic
circuitries to perform any of the processes of the present invention. The storage media,
transient and non-transient memory devices can include, but are not limited to, floppy disks,
optical discs, Blu-ray Disc, DVD, CD-ROMs, and magneto-optical disks, ROMs, RAMs, flash
memory devices, or any type of media or devices suitable for storing instructions, codes, and/or
data.

[0048] Each of the functional units and modules in accordance with various embodiments also
may be implemented in distributed computing environments and/or Cloud computing
environments, wherein the whole or portions of machine instructions are executed in
distributed fashion by one or more processing devices interconnected by a communication
network, such as an intranet, Wide Area Network (WAN), Local Area Network (LAN), the
Internet, and other forms of data transmission medium.

[0049] The foregoing description of the present invention has been provided for the purposes
of illustration and description. It is not intended to be exhaustive or to limit the invention to
the precise forms disclosed. Many modifications and variations will be apparent to the
practitioner skilled in the art.

[0050] The embodiments were chosen and described in order to best explain the principles of
the invention and its practical application, thereby enabling others skilled in the art to
understand the invention for various embodiments and with various modifications that are

suited to the particular use contemplated.
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Claims:

What is claimed is:

1. An apparatus for multi-focus fine-grained (MFFG) image search and retrieval,
comprising:

a feature extraction network executed by at least one processor configured to
extract one or more basic query features of a query object from a query image;

a class learning module executed by at least one processor configured to
generate one or more first specific query features from the basic features, wherein the
first query specific features represent an overall appearance of the query object;

a local description module executed by at least one processor configured to
generate one or more second specific query features from the basic features, wherein
the second query specific features represent local details of the query object; and

an image search engine executed by at least one processor configured to:

combine the first specific query features and the second specific query
features to form one or more image-query joint features;

obtain one or more features of each of a plurality of gallery image
objects belonging to a meta-category of the query object;

determine a cosine distance between the image-query joint features and
the features of each of the gallery image objects;

sort the gallery image objects by the cosine distances from most similar
to the query object to least similar to the query object, wherein the gallery image
object having the shortest cosine distance between the image-query joint
features and the features of the gallery image object being the most similar to
the query object, and the gallery image object having the longest cosine distance
between the image-query joint features and the features of the gallery image
object being the least similar to the query object; and

output N number of gallery images of the sorted gallery image objects

that are most similar to the query object.

2. The apparatus of claim 1, further comprising:

12



WO 2023/197827 PCT/CN2023/082313

an outline description module executed by at least one processor configured to
generate one or more third specific query features from the basic query features,
wherein the third specific query features represent an outline of the query object;

wherein the image search engine further configured to combine the first
specific query features, the second specific query features, and the third specific query

features to form one or more image-query joint features of the query object.

3. The apparatus of claim 1,

wherein the feature extraction network is implemented by a convolutional neural
network (CNN) comprising one or more convolutional layers and one or more fully-
connected layers;

wherein the class learning module implemented by a CNN comprising one or more
convolutional layers and one or more fully-connected layers, and a first pairwise-sample-
based loss function; and

wherein the local description module implemented by a CNN comprising one or more
convolutional layers and one or more fully-connected layers, and a second pairwise-sample-

based loss function.

4. The apparatus of claim 1, wherein the image search engine is further configured to
combine the first specific query features and the second specific query features to form one or
more image-query joint features by concatenating the first specific query features and the

second specific query features.

5. The apparatus of claim 1, wherein the image search engine is further configured to
combine the first specific query features and the second specific query features to form one or
more image-query joint features by summing the first specific query features and the second

specific query features.

6. A method for training the apparatus of claim 2, comprising:
obtaining a training dataset comprising a plurality of original images each
containing one of a plurality of sample objects belonging to one of a plurality of sub-
categories belonging to a single meta-category;
generating a Region Confusion Mechanism (RCM) image for each of the

original images by an augmentation module, wherein the RCM image is generated by
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separating the corresponding original image into a plurality of blocks followed by
randomly reshuffling positions of the blocks and one or more of vertical flipping and
horizontal flipping of the blocks;
extracting one or more sample features of the sample object from each of the
original images and each of the RCM images by the feature extraction network;
iteratively training the class learning module, the local description module,
and the outline description module with the sample features until classification
models of all of the modules converge, comprising:
minimizing a first pair-wise loss of the class learning module;
minimizing a second pair-wise loss of the local description module;
and

minimizing a third pair-wise loss of the outline description module.

7. The method for training of claim 6,
wherein the minimizing of the first pair-wise loss of the class learning module
comprises:
constructing a first positive sample pair with a first anchor original image as
one of the original images containing a sample object belonging to one of the sub-
categories and another one of the original images containing a sample object
belonging to the same sub-category;
constructing a first negative sample pair with the first anchor original image
and another one of the original images containing a sample object belonging to a sub-
category different from the sub-category of the sample object in the first anchor
original image;
minimizing an average feature distance of all first positive sample pairs among
the all first positive sample pairs with the original images and maximizing an average
feature distance of all first negative sample pair among the all first negative sample
pairs with the original images; and
updating the class learning module neural network;
wherein the minimizing of the second pair-wise loss of the local description module
comprises:
constructing a second positive sample pair with a second anchor RCM image as

one of the RCM images containing a sample object belonging to one of the sub-
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categories and another one of the RCM images containing a sample object belonging
to the same sub-category;

constructing a second negative sample pair with a second anchor original image
as one of the original images that is corresponding to the second anchor RCM image
and another one of the original images containing a sample object belonging to a sub-
category different from the sub-category of the sample object in the second anchor
original image;

minimizing an average feature distance of all second positive sample pairs
among the all second positive sample pairs with the RCM images and maximizing an
average feature distance of all second negative sample pair among the all second
positive sample pairs with the original images; and

updating the local description module neural network; and
wherein the minimizing of the third pair-wise loss of the outline description module

comprises:

constructing a third positive sample pair with a third anchor original image as
one of the original images containing a sample object belonging to one of the sub-
categories and another one of the original images containing a sample object
belonging to the same sub-category;

constructing a third negative sample pair with a third anchor RCM image as
one of the RCM images that is corresponding to the third anchor original image and
another one of the RCM images containing a sample object belonging to the same
sub-category as that of the sample object in the third anchor RCM image;

minimizing an average feature distance of all third positive sample pairs
among the all third positive sample pairs with the original images and maximizing an
average feature distance of all third negative sample pair among the all third negative
sample pairs with the RCM images; and

updating the outline description module neural network.

8. A method for performing visual content search and retrieval from an image database
using a visual content search and retrieval platform comprising an object detection model, a
coarse-grained image classification model, and a selection of one or more fine-grained image
classification models, the method comprising:

receiving a query image containing one or more objects;
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locating and extracting a query object among the objects in the query image by
the object detection model executed by at least one processor;

classifying a meta-category of the query object by the coarse-grained image
classification model executed by at least one processor;

selecting from the selection of fine-grained image classification models the
fine-grained image classification model that is implemented by the apparatus of claim
1 and trained using training data comprising images containing sample objects
belonging to the meta-category of the query object; and

searching and retrieving from the image database a plurality of gallery images
containing gallery image objects belonging to the meta-category of the query object

by the selected fine-grained image classification model.

9. The method of claim 8,
wherein the object detection model applies a real-time supervised-based object
detection approach to extract objects from images from background noise in locating and
extracting the query object among the objects in the query image; and
wherein the coarse-grained image classification model is implemented by a
convolutional neural networking (CNN) comprising:
one or more convolutional layers configured to extract one or more basic
query features of the query object; and
a decision module having one or more fully-connected layers configured to

summarize the basic query features and make classification of the meta-category of

the query object.
10. A method for training the visual content search and retrieval platform of claim 8§,
comprising:

obtaining a training data comprising a plurality of original images each containing one
of a plurality of sample objects belonging to one of a plurality of sub-categories belonging to
one of a plurality of meta-categories;

semi-labelling the original images by a semi-automatic labelling module executed by
at least one processor, the semi-labelling comprising estimating locations of the sample
objects in the original images and placing bounding boxes around the estimated locations;

fine-tuning the bounding boxes for more accurately labelling the sample objects in the

original images to produce fully annotated training data;
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training the object detection model with the fully annotated training data until the
object detection model converges, locates, and extracts the sample objects from the fully
annotated training data;

training the coarse-grained image classification model with the extracted sample
objects until the coarse-grained image classification model converges;

obtaining a selected training data comprising a plurality of original images each
containing one of a plurality of sample objects belonging to a selected meta-category; and

training the fine-grained image classification model with the selected training data

until the fine-grained image classification model converges.

11.  An apparatus for multi-focus fine-grained (MFFG) image retrieval, comprising:

a feature extraction network executed by at least one processor configured to
extract one or more basic query features of a query object from a query image;

a class learning module executed by at least one processor configured to
generate one or more first specific query features from the basic features, wherein the
first query specific features represent an overall appearance of the query object;

an outline description module executed by at least one processor configured to
generate one or more third specific query features from the basic features, wherein the
third query specific features represent an outline of the query object; and

an image search engine executed by at least one processor configured to:

combine the first specific query features and the third specific query
features to form one or more image-query joint features;

obtain one or more features of each of a plurality of gallery image
objects belonging to a meta-category of the query object;

determine a cosine distance between the image-query joint features and
the features of each of the gallery image objects;

sort the gallery image objects by the cosine distances from most
similar to the query object to least similar to the query object, wherein the
gallery image object having the shortest cosine distance between the image-
query joint features and the features of the gallery image object being the most
similar to the query object, and the gallery image object having the longest
cosine distance between the image-query joint features and the features of the

gallery image object being the least similar to the query object; and
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output N number of gallery images of the sorted gallery image objects

that are most similar to the query object.

An apparatus for multi-focus fine-grained (MFFG) image retrieval, comprising;:

a feature extraction network executed by at least one processor configured to
extract one or more basic query features of a query object from a query image;

a class learning module executed by at least one processor configured to
generate one or more first specific query features from the basic features, wherein the
first query specific features represent an overall appearance of the query object;

a local description module executed by at least one processor configured to
generate one or more second specific query features from the basic query features,
wherein the second specific query features represent local details of the query object;

an outline description module executed by at least one processor configured to
generate one or more third specific query features from the basic features, wherein the
third query specific features represent an outline of the query object; and

an image search engine executed by at least one processor configured to:

combine the first specific query features, the second specific query
features, and the third specific query features to form one or more image-
query joint features;

obtain one or more features of each of a plurality of gallery image
objects belonging to a meta-category of the query object;

determine a cosine distance between the image-query joint features and
the features of each of the gallery image objects;

sort the gallery image objects by the cosine distances from most
similar to the query object to least similar to the query object, wherein the
gallery image object having the shortest cosine distance between the image-
query joint features and the features of the gallery image object being the most
similar to the query object, and the gallery image object having the longest
cosine distance between the image-query joint features and the features of the
gallery image object being the least similar to the query object; and

output N number of gallery images of the sorted gallery image objects

that are most similar to the query object.
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