METHOD, APPARATUS, DEVICE, MEDIUM AND PROGRAM FOR
IMAGE DETECTION AND RELATED MODEL TRAINING

CROSS-REFERENCE TO RELATED APPLICATION

[ 0001] The disclosure is based on and claims priority to Chinese patent application No.
202011167402.2 filed on October 27, 2020, the disclosure of which is hereby

incorporated by reference in its entirety.

TECHNICAL FIELD

[ 0002] The disclosure relates to the technical field of image processing, and in
particular, to a method, apparatus, device, medium and program for image detection and

related model training.

BACKGROUND

[ 0003] In recent years, with the development of information technology, image
category detection is widely used in many scenarios such as face recognition and video
surveillance. For example, in a face recognition scenario, recognition and classification
can be performed on several face images based on image category detection, thereby
facilitating distinguishing a user-specified face among several face images. Generally
speaking, the accuracy of image category detection is usually one of the main indicators
for measuring the performance of the image category detection. Therefore, how to
improve the accuracy of image category detection becomes a topic of great research

value.

SUMMARY



[ 0004] The disclosure provides a method, apparatus, device, medium and program for

image detection and related model training.

[ 0005] In a first aspect, embodiments of the disclosure provide an image detection
method, including: obtaining image features of a plurality of images and a category
relevance of at least one image pair, where the plurality of images include reference
images and target images, any two images in the plurality of images form an image pair,
and the category relevance indicates a possiblity that images in the image pair belong to a
same image category; updating the image features of the plurality of images using the
category relevance; and obtaining an image category detection result of the target image

using the updated image features.

[ 0006] In the method above, image features of a plurality of images and a category
relevance of at least one image pair are obtained, the plurality of images include
reference images and target images, any two images in the plurality of images form an
image pair, and the category relevance indicates a possiblity that images in the image pair
belong to a same image category, the image features are updated using the category
relevance, and an image category detection result of the target image is obtained using
the updated image features. Therefore, by updating image features using category
relevance, image features corresponding to images of the same image category can be
made closer, and image features corresponding to images of different image categories
can be divergent, which facilitates improving robustness of the image features, and
capturing the distribution of image features, and in turn facilitates improving the

accuracy of image category detection.

[ 0007] In a possible implementation, the determining an image category detection
result of the target image using the updated image features may include: performing
prediction processing using the updated image features to obtain probability information,
where the probability information includes a first probability value that the target image
belongs to at least one reference category, and the reference category is an image
category to which the reference image belongs; and obtaining the image category
detection result based on the first probability value, where the image category detection

result is used for indicating an image category to which the target image belongs.



[ 0008] In the method above, prediction processing is performed using the updated
image features to obtain probability information, the probability information includes a
first probability value that the target image belongs to at least one reference category, so
as to obtain an image category detection result based on the first probability value.
Moreover, the image category detection result is used for indicating an image category to
which the target image belongs, to predict based on the image features updated using the
category relevance to obtain the first probability value that the target image belongs to at

least one image category, which facilitates prediction accuracy.

[ 0009] In a possible implementation, the probability information further includes a
second probability value that the reference image belongs to the at least one reference
category. Before the obtaining the image category detection result based on the first
probability value, the method may further includes: when a number of times for which
the prediction processing is performed satisfies a preset condition, updating the category
relevance using the probability information, and re-performing the step of updating the
image features of the plurality of images using the category relevance; and when the
number of times for which the prediction processing is performed does not satisfy the
preset condition, obtaining the image category detection result based on the first

probability value.

[ 0010] In the method above, the probability information is set to further include a
second probability value that the reference image belongs to the at least one reference
category. Before the image category detection result is obtained based on the first
probability value, when a number of times for which the prediction processing is
performed satisfies a preset condition, the category relevance is updated using the
probability information, and the step of updating the image features of the plurality of
images using the category relevance is re-performed, and when the number of times for
which the prediction processing is performed does not satisfy the preset condition, the
image category detection result is obtained based on the first probability value. Therefore,
when the number of times for which the prediction processing is performed satisfies the
preset condition, the category relevance is updated using the first probability value that
the target image belongs to at least one reference category and the second probability

value that the reference image belongs to at least one reference category, thereby



improving the robustness of category similarity, and the image features are updated using
the updated category similarity, thereby improving the robustness of image features, and
thus enabling category similarity and image features to promote each other and
complement each other. Moreover, when the number of times for which the prediction
processing is performed does not satisfy the preset condition, the image category
detection result is obtained based on the first probability value, which facilitates further

improving the accuracy of the image category detection.

[ 0011] In a possible implementation, the category relevance includes a final
probability value that each pair of images belong to a same image category. The updating
the category relevance using the probability information may include: taking each of the
plurality of images as a current image, and taking the image pairs including the current
image as current image pairs; obtaining a sum of the final probability values of all the
current image pairs of the current image as a probability sum of the current image;
respectively obtaining a reference probability value that the images in each image pair of
current image pairs belong to the same image category using the first probability value
and the second probability value; and adjusting the final probability value of each image
pair of current image pairs respectively using the probability sum and the reference

probability value.

[ 0012] In the method above, the category relevance includes a final probability value
that each pair of images belong to a same image category. Each of the plurality of images
is taken as a current image, and the image pairs including the current image are taken as
current image pairs, thereby obtaining the final probability values of all the current image
pairs of the current image as a probability sum of the current image. A reference
probability value that the images in each image pair of current image pairs belong to the
same image category is respectively obtained using the first probability value and the
second probability value, and the final probability value of each image pair of current
image pairs is adjusted respectively using the probability sum and the reference
probability value. Therefore, the category relevance can be updated using the reference
probability value that the images in each image pair of current image pairs belong to the
same image category, which facilitates aggregating the image categories to which the

images belong and improving the accuracy of the category relevance.



[ 0013] In a possible implementation, the performing prediction processing using the
updated image features to obtain probability information may include: predicting a
prediction category to which the image belongs using the updated image features, where
the prediction category belongs to the at least one reference category; for each image pair,
obtaining a category comparison result and a feature similarity of the image pair, and
obtaining a first matching degree between the category comparison result and the feature
similarity of the image pair, where the category comparison result indicates whether
respective prediction categories to which the images in the image pair belong are the
same, and the feature similarity indicates a similarity between image features of the
images in the image pair; obtaining a second matching degree between the prediction
category and the reference category of the reference image based on a prediction
category to which the reference image belongs and the reference category; and obtaining
the probability information using the first matching degree and the second matching

degree.

[ 0014] In the method above, the prediction categories to which the target image and
the reference image belong are predicted using the updated image features, and the
prediction categories belong to at least one reference category, so that for each image pair,
a category comparison result and a feature similarity of the image pair are obtained, and a
first matching degree between the category comparison result and the feature similarity
of the image pair is obtained. The category comparison result indicates whether
respective prediction categories to which the images in the image pair belong are the
same, and the feature similarity indicates a similarity between image features of the
images in the image pair. Moreover, a second matching degree between the prediction
category and the reference category of the reference image is obtained based on the
prediction category to which the reference image belongs and the reference category, so
as to obtain the probability information using the first matching degree and the second
matching degree. Therefore, by obtaining the first matching degree between the category
comparison result and the similarity of the image pair, the accuracy of image category
detection can be characterized from the dimension of any image pair based on the
matching degree between the category comparison result of the prediction category and

the feature similarity. By obtaining the second matching degree between the prediction



category and the reference category of the reference image, the accuracy of image
category detection can be characterized from the dimension of a single image based on
the matching degree between the prediction category and the reference category. The
probability information is obtained by combining any two images and two dimensions of
a single image, which facilitates improving the accuracy of probability information

prediction.

[ 0015] In a possible implementation, when the category comparison result is that the
prediction categories are the same, the feature similarity may be positively correlated
with the first matching degree. When the category comparison result is that the prediction
categories are different, the feature similarity may be negatively correlated with the first
matching degree. A second matching degree when the prediction category is the same as
the reference category may be greater than a second matching degree when the prediction
category is different from the reference category.

[ 0016] In the method above, when the category comparison result is that the
prediction categories are the same, the feature similarity is positively correlated with the
first matching degree. When the category comparison result is that the prediction
categories are different, the feature similarity is negatively correlated with the first
matching degree, so that when the category comparison result is that the prediction
categories are the same, the higher the feature similarity is, the higher the first matching
degree with the category comparison result is higher, that is, the more the feature
similarity matches the category comparison result. However, when the category
comparison result is that the prediction categories are different, the higher the feature
similarity is, the lower the first matching degree with the category comparison result is,
that is, the less the feature similarity matches the category comparison result, which
facilitates capturing the probability that the image category between any two images is
the same in subsequent prediction process of probability information, thereby improving
the accuracy of probability information prediction. In addition, since the second matching
degree when the prediction category is the same as the reference category is greater than
the second matching degree when the prediction category is different from the reference

category, it is conducive to the accuracy of capturing the image features of a single image



in the subsequent prediction process of probability information, which in turn facilitates

improving the accuracy of probability information prediction.

[ 0017] In a possible implementation, the predicting a prediction category to which the
image belongs using the updated image features may include: predicting the prediction
category to which the image belongs using the updated image features based on a

conditional random field network.

[ 0018] In the method above, by predicting the prediction category to which the target
image and the reference image belongs using the updated image features based on a
conditional random field network, it is conducive to improving the accuracy and

efficiency of prediction.

[ 0019] In a possible implementation, the obtaining the probability information using
the first matching degree and the second matching degree may include: obtaining the
probability information using the first matching degree and the second matching degree

based on loopy belief propagation.

[ 0020] In the method above, obtaining the probability information using the first
matching degree and the second matching degree based on loopy belief propagation
facilitates improving the accuracy of the probability information.

[ 0021] In a possible implementation, the present condition may include: the number of

times for which the prediction processing is performed does not reach a preset threshold.

[ 0022] In the method above, because the preset condition is set as: the number of
times for which the prediction processing is performed does not reach the preset
threshold, it is conducive to fully capturing the category relationship between images
through loop iteration of a preset threshold of the number of times in the image category

detection process, thereby improving the accuracy of image category detection.

[ 0023] In a possible implementation, the step of updating the image features of the
plurality of images using the category relevance may be executed by a graph neural

network.



[ 0024] Therefore, using the graph neural network to execute the step of updating the
image features using the category relevance can facilitate improving the efficiency of

image feature update.

[ 0025] In a possible implementation, the updating the image features of the plurality
of images using the category relevance may include: obtaining an intra-category image
feature and an inter-category image feature using the category relevance and the image
features; and performing feature conversion using the intra-category image feature and

the inter-category image feature to obtain the updated image features.

[ 0026] In the method above, by obtaining an intra-category image feature and an inter-
category image feature using the category relevance and the image features, and
performing feature conversion by combining two dimensions, i.e., the intra-category
image feature and the inter-category image feature to obtain the updated image features,
the accuracy of image feature update can be improved.

[ 0027] In a possible implementation, the image detection method may further include:
when the images in the image pair belong to a same image category, determining an
initial category relevance of the image pair as a preset upper limit value; when the images
in the image pair belong to different image categories, determining the initial category
relevance of the image pair as a preset lower limit value; and when at least one image of
the image pair is the target image, determining the initial category relevance of the image
pair as a preset value between the preset upper limit value and the preset lower limit

value.

[ 0028] In the method above, when the images in the image pair belong to a same
image category, an initial category relevance of the image pair is determined as a preset
upper limit value. When the images in the image pair belong to different image
categories, the initial category relevance of the image pair is determined as a preset lower
limit value. When at least one image of the image pair is the target image, the initial
category relevance of the image pair is determined as a preset value between the preset
upper limit value and the preset lower limit value. Therefore, the possibility that the
image categories of the image pairs are the same is characterized using the preset upper



limit value, the preset lower limit value and the preset value for subsequent processing,

thereby improving the convenience and accuracy of characterizing category relevance.

[ 0029] In a second aspect, embodiments of the disclosure provide a method for
training an image detection model, including: obtaining sample image features of a
plurality of sample images and a sample category relevance of at least one sample image
pair, where the plurality of sample images includes a sample reference image and a
sample target image, any two sample images in the plurality of sample images form a
sample image pair, and the sample category relevance indicates a possibility that images
in the sample image pair belong to a same image category; updating the sample image
features of the plurality of sample images using the sample category relevance based on a
first network of the image detection model; obtaining an image category detection result
of the sample target image using the updated sample image features based on a second
network of the image detection model; and adjusting a network parameter of the image
detection model using the image category detection result of the sample target image and

an annotated image category of the sample target image.

[ 0030] In the method above, sample image features of a plurality of sample images
and a sample category relevance of at least one sample image pair are obtained, the
plurality of sample images includes a sample reference image and a sample target image,
any two sample images in the plurality of sample images form a sample image pair, and
the sample category relevance indicates a possibility that images in the sample image pair
belong to a same image category, and the sample image features of the plurality of
sample images are updated using the sample category relevance based on a first network
of the image detection model, so that the image category detection result of the sample
target image is obtained using the updated sample image features based on a second
network of the image detection model, thereby adjusting a network parameter of the
image detection model using the image category detection result and the annotated image
category of the sample target image. Therefore, by updating sample image features using
sample category relevance, sample image features corresponding to images of the same
image category can be made closer, and sample image features corresponding to images

of different image categories can be divergent, which facilitates improving robustness of



the sample image features, and capturing the distribution of sample image features, and

in turn facilitates improving the accuracy of image detection model.

[ 0031] In a possible implementation, the obtaining an image category detection result
of the sample target image using the updated sample image features based on a second
network of the image detection model may include: performing prediction processing
using the updated sample image features based on the second network to obtain sample
probability information, where the sample probability information includes a first sample
probability value that the sample target image belongs to at least one reference category
and a second sample probability value that the sample reference image belongs to the at
least one reference category, and the reference category is an image category to which
the sample reference image belongs; and obtaining an image category detection result of
the sample target image based on the first sample probability value. Before the adjusting
a network parameter of the image detection model using the image category detection
result of the sample target image and an annotated image category of the sample target
image, the method may further include: updating the sample category relevance using the
first sample probability value and the second sample probability value. The adjusting a
network parameter of the image detection model using the image category detection
result of the sample target image and an annotated image category of the sample target
image may include: obtaining a first loss value of the image detection model using the
first sample probability value and the annotated image category of the sample target
image; obtaining a second loss value of the image detection model using an actual
category relevance between the sample target image and the sample reference image and
the updated sample category relevance; and adjusting the network parameter of the image

detection model based on the first loss value and the second loss value.

[ 0032] In a possible implementation, prediction processing is performed using the
updated sample image features based on the second network to obtain sample probability
information, the sample probability information includes a first sample probability value
that the sample target image belongs to at least one reference category and a second
sample probability value that the sample reference image belongs to the at least one
reference category, and the reference category is an image category to which the sample

reference image belongs, so as to obtain an image category detection result of the sample

10



target image based on the first sample probability value. The sample category relevance
is updated using the first sample probability value and the second sample probability
value. A first loss value of the image detection model is obtained using the first sample
probability value and the annotated image category of the sample target image, and a
second loss value of the image detection model is obtained using an actual category
relevance between the sample target image and the sample reference image and the
updated sample category relevance, so as to adjust the network parameter of the image
detection model based on the first loss value and the second loss value, thereby adjusting
the network parameter of the image detection model from the dimension of the category
relevance between two images, and the dimension of the image category of a single

image, facilitating improving the accuracy of the image detection model.

[ 0033] In a possible implementation, the image detection model may include at least
one sequentially connected network layer, and each network layer may include a first
network and a second network. Before the adjusting the network parameter of the image
detection model based on the first loss value and the second loss value, the method may
further include: when a current network layer is not a last network layer of the image
detection model, using a next network layer of the current network layer to re-perform
the step of updating the sample image features using the sample category relevance based
on a first network of the image detection model and subsequent steps, until the current
network layer is the last network layer of the image detection model. The adjusting the
network parameter of the image detection model based on the first loss value and the
second loss value may include: weighting first loss values corresponding to respective
network layers by using first weights corresponding to respective network layers to
obtain a first weighted loss value; weighting second loss values corresponding to
respective network layers by using second weights corresponding to respective network
layers to obtain a second weighted loss value; and adjusting the network parameter of the
image detection model based on the first weighted loss value and the second weighted
loss value, where the lower the network layer in the image detection model is, the larger
the first weight and the second weight corresponding to the network layer are.

[ 0034] In the method above, the image detection model is set to include at least one

sequentially connected network layer, and each network layer may include a first
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network and a second network. When a current network layer is not a last network layer
of the image detection model, the step of updating the sample image features using the
sample category relevance based on a first network of the image detection model and
subsequent steps are re-performed using a next network layer of the current network
layer, until the current network layer is the last network layer of the image detection
model. First loss values corresponding to respective network layers are weighted by
using first weights corresponding to respective network layers to obtain a first weighted
loss value. Second loss values corresponding to respective network layers are weighted
by using second weights corresponding to respective network layers to obtain a second
weighted loss value. The network parameter of the image detection model is adjusted
based on the first weighted loss value and the second weighted loss value, and the lower
the network layer in the image detection model is, the larger the first weight and the
second weight corresponding to the network layer are, so as to obtain the loss value
corresponding to each network layer of the image detection model. Moreover, the weight
corresponding to the later network layer can be set to be larger, and then the data
obtained by the processing of each network layer can be fully utilized to adjust the
network parameter of image detection, facilitating improving the accuracy of the image

detection model.

[ 0035] In a third aspect, embodiments of the disclosure provide an image detection
apparatus, including an image obtaining module, a feature update module, and a result
obtaining module. The image obtaining module is configured to obtain image features of
a plurality of images and a category relevance of at least one image pair. The plurality of
images include reference images and target images, any two images in the plurality of
images form an image pair, and the category relevance indicates a possiblity that images
in the image pair belong to a same image category. The feature updating module is
configured to update the image features of the plurality of images using the category
relevance. The result obtaining module is configured to obtain an image category

detection result of the target image using the updated image features.

[ 0036] In a fourth aspect, embodiments of the disclosure provide an image detection
model training apparatus, including a sample obtaining module, a feature update module,

a result obtaining module, and a parameter adjusting module. The sample obtaining
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module is configured to obtain sample image features of a plurality of sample images and
a sample category relevance of at least one sample image pair. The plurality of sample
images includes a sample reference image and a sample target image, any two sample
images in the plurality of sample images form a sample image pair, and the sample
category relevance indicates a possibility that images in the sample image pair belong to
a same image category. The feature update module is configured to update the sample
image features of the plurality of sample images using the sample category relevance
based on a first network of the image detection model. The result obtaining module is
configured to obtain an image category detection result of the sample target image using
the updated sample image features based on a second network of the image detection
model. The parameter update module is configured to adjust a network parameter of the
image detection model using the image category detection result of the sample target
image and an annotated image category of the sample target image.

[ 0037] In a fifth aspect, embodiments of the disclosure provide an electronic device,
including a memory and a processor coupled to each other. The processor is configured
to execute program instructions stored in the memory to implement the image detection
method in the first aspect or the method for training the image detection model in the

second aspect.

[ 0038] In a sixth aspect, embodiments of the disclosure provide a computer readable
storage medium, having program instructions stored thereon, the program instructions,
when executed by a processor, implementing the image detection method in the first

aspect or the method for training the image detection model in the second aspect.

[ 0039] In a seventh aspect, embodiments of the disclosure further provide a computer
program, including computer readable codes. When the computer readable codes run in
an electronic device, a processor of the electronic device implements the image detection
method in the first aspect or the method for training the image detection model in the

second aspect.

[ 0040] In the method above, image features of a plurality of images and a category
relevance of at least one image pair are obtained, the plurality of images include

reference images and target images, any two images in the plurality of images form an
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image pair, and the category relevance indicates a possiblity that images in the image pair
belong to a same image category, the image features are updated using the category
relevance, and an image category detection result of the target image is obtained using
the updated image features. Therefore, by updating image features using category
relevance, image features corresponding to images of the same image category can be
made closer, and image features corresponding to images of different image categories
can be divergent, which facilitates improving robustness of the image features, and
capturing the distribution of image features, and in turn facilitates improving the

accuracy of image category detection.

BRIEF DESCRIPTION OF THE DRAWINGS

[ 0041] FIG. 1 is a flowchart of an embodiment of an image detection method

according to embodiments of the disclosure;

[ 0042] FIG. 2 is a flowchart of another embodiment of an image detection method

according to embodiments of the disclosure;

[ 0043] FIG. 3 is a flowchart of yet another embodiment of an image detection method

according to embodiments of the disclosure;

[ 0044] FIG. 4 is a state diagram of an embodiment of an image detection method

according to embodiments of the disclosure;

[ 0045] FIG. 5 is a flowchart of an embodiment of a method for training an image

detection model according to embodiments of the disclosure;

[ 0046] FIG. 6 is a flowchart of another embodiment of a method for training an image

detection model according to embodiments of the disclosure;

[ 0047] FIG. 7 is a diagram of a structure of an embodiment of an image detection

apparatus according to embodiments of the disclosure;
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[ 0048] FIG. 8 is a diagram of a structure of an embodiment of an image detection

model training apparatus according to embodiments of the disclosure;

[ 0049] FIG. 9 is a diagram of a structure of an embodiment of an electronic device
according to embodiments of the disclosure; and

[ 0050] FIG. 10 is a diagram of a structure of an embodiment of a computer readable

storage medium according to embodiments of the disclosure.

DETAILED DESCRIPTION

[ 0051] Solutions of the embodiments of the disclosure are described below in

conjunction with the drawings in the description.

[ 0052] In the following description, for the purpose of illustration rather than
limitation, details such as specific system structure, interface and technology are
proposed for a thorough understanding of the disclosure.

[ 0053] The terms "system” and "network™ herein are generally used interchangeably
herein. The term "and/or" herein merely describes an association relationship for
describing associated objects and represents that three relationships may exist. For
example, A and/or B may represent the following three cases: only A exists, both A and
B exist, and only B exists. In addition, the character /" herein generally indicates an "or"
relationship between the associated objects. Furthermore, "a plurality of" herein indicates

two or more.

[ 0054] The image detection method provided by the embodiments of the disclosure
can be used for detecting image category of images. The image category can be set
according to the actual application. For example, in order to distinguish whether an
image belongs to "human” or "animal”, the image category can be set to include: human,
animal. Alternatively, in order to distinguish whether the image belongs to "male™ or
"female"”, the image category can be set to include: male, female. Alternatively, in order

to distinguish whether the image belongs to "white male™ or "white female", or "black
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male” or "black female", the image category can be set to include: white male, white
female, black male, black female, which is not limited here. In addition, it should be
noted that the image detection method provided in the embodiments of the disclosure can
be applied to surveillance cameras (or electronic devices such as computers and tablets
connected to the surveillance cameras), so that after images are captured, the image
detection method provided in the embodiments of the disclosure can be used for
detecting the image category to which the image belongs. Alternatively, the image
detection method provided in the embodiments of the disclosure can also be applied to
electronic devices such as computers and tablets, so that after the images are obtained,
the image category to which the image belongs can be detected using the image detection
method provided in the embodiments of the disclosure. Reference may be made to the

embodiments disclosed below.

[ 0055] FIG. 1 is a flowchart of an embodiment of an image detection method

according to embodiments of the disclosure. The method may include the following steps.

[ 0056] At step S11, image features of a plurality of images and a category relevance

of at least one image pair are obtained.

[ 0057] In the embodiments of the disclosure, the plurality of images includes a target
image and a reference image. The target image is an image of unknown image category,
and the reference image is an image with known image category. For example, the
reference image may include: an image with an image category of "white people” and an
image with an image category of "black people”. The target image includes a human face,
but it is unknown whether the human face belongs to "white people” or "black people™.
On this basis, whether the human face belongs to "white people” or "black people” is
detected using the steps in the embodiments of the disclosure. Other scenarios can be

deduced by parity of reasoning, and no examples are given here.

[ 0058] In an implementation scenario, in order to improve the efficiency of extracting
image features, an image detection model can be trained in advance, and the image
detection model includes a feature extraction network for extracting image features of the
target image and the reference image. For the training process of the feature extraction

network, reference can be made to the steps in the method for training the image
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detection model embodiment provided in the embodiments of the disclosure, and details

are not repeated here.

[ 0059] In an actual implementation scenario, the feature extraction network may
include a backbone network, a pooling layer, and a fully connected layer that are
sequentially connected. The backbone network can be any of a convolutional network
and a residual network (e.g., ResNet12). The convolutional network may include several
(for example, 4) convolutional blocks, and each convolutional block includes a
convolutional layer, a batch normalization layer, and an activation layer (for example,
ReLu) that are sequentially connected. In addition, the last several (for example, the last
2) convolutional blocks in the convolutional network may also include a dropout layer.

The pooling layer may be a Global Average Pooling (GAP) layer.

[ 0060] In an actual implementation scenario, after the target image and the reference
image are processed by the foregoing feature extraction network, image features of preset
dimensions (for example, 128 dimensions) can be obtained. The image features can be

expressed in the form of vectors.

[ 0061] In the embodiments of the disclosure, any two images in the plurality of
images form an image pair. For example, if the plurality of images include a reference
image A, a reference image B, and a target image C, the image pair may include: the
reference image A and the target image C, the reference image B and the target image C,
and other scenarios can be deduced by parity of reasoning, and no examples are given
here.

[ 0062] In an implementation scenario, the category relevance of the possibility that
the image pair belongs to the same image category may include a final probability value
that the image pair belongs to the same image category. For example, when the final
probability value is 0.9, it can be considered that the probability that the image pairs
belong to the same image category is higher. Alternatively, when the final probability
value is 0.1, it can be considered that the probability that the image pairs belong to the
same image category is lower. Alternatively, when the final probability value is 0.5, it
can be considered that the possibility that the image pairs belong to the same image
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category and the possibility that the images in the image pair belong to different image

categories are equal.

[ 0063] In an actual implementation scenario, when it is started to perform the steps in
the embodiments of the disclosure, the category relevance that the image pairs belong to
the same image category can be initialized. When the image pairs belong to the same
image category, the initial category relevance of the image pair can be determined as a
preset upper limit value. For example, when the category relevance is indicated by the
final probability value above, the preset upper limit value can be set to 1. In addition,
when the images in the image pair belong to different image categories, the initial
category relevance of the image pair is determined as a preset lower limit value. For
example, when the category relevance is indicated by the final probability value above,
the preset lower limit value is set to 0. Furthermore, because the target image is a to-be-
detected image, when at least one image of the image pair is the target image, the
category relevance that the image pairs belong to the same image category cannot be
determined. In order to improve the robustness of initializing the category relevance, the
category relevance can be determined as a preset value between the preset lower limit
value and the preset upper limit value. For example, when the category relevance is
indicated by the final probability value above, the preset value can be set to 0.5. Certainly,

it can also be set to 0.4, 0.6, 0.7 as needed, and details are not limited here.

[ 0064] In another actual implementation scenario, for ease of description, when the
category relevance is indicated by the final probability value, the initialized final
probability value between an i image and the j image in the target image and the
reference image can be denoted as ei"j. In addition, there are a total of N types of
reference images of image categories, and each image category corresponds to K
reference images, then when a first image to an NK" image are reference images, the
image categories annotated by the i reference image and the j™ reference image can be

respectively denoted as y;,y;, and the initialized final probability value that the image
pairs belong to the same image category is denoted as el-oj, which can be expressed as

formula (1):
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1 ify; =y;andi,j < NK
[ 0065] e =140 ify; # yj,and i,j < NK Formula (1).
0.5 ifi >NK,and j >NK

[ 0066] Therefore, when there are T target images, that is, when the (NK+1)™ image to
(NK+T)™ image are target images, the category relevance of the image pair can be
expressed as a matrix of (NK+T)*(NK+T).

[ 0067] In an implementation scenario, the image category can be set according to the
actual application scenarios. For example, in a face recognition scenario, the image

category can be based on age, and may include: "children™, "teenagers”, "the aged", etc.,

or can be based on race and gender, and may include: "white female", "black female",
"white male", "black male", etc. Alternatively, in a medical image classification scenario,
the image category can be based on a duration of imaging, and may include: "arterial

phase”, "portal phase", "delayed phase", etc. Other scenarios can be deduced by parity of

reasoning, and no examples are given here.

[ 0068] In a specific implementation scenario, as described above, there are a total of N
image categories of reference images, and each image category corresponds to K
reference images, N is an integer greater than or equal to 1, and K is an integer greater
than or equal to 1. That is, the embodiments of the image detection method of the
disclosure can be applied to scenarios where reference images annotated with image
categories are relatively rare, for example, medical image classification detection, rare

species image classification detection, etc.

[ 0069] In an implementation scenario, the number of target images may be 1. In other
implementation scenarios, the number of target images can also be set to multiple
according to actual application needs. For example, in the face recognition scenario of
video surveillance, image data of a face region detected in each frame contained in the
captured video can be used as the target image. In this case, the target image can also be
2, 3, 4, etc. Other scenarios can be deduced by parity of reasoning, and no examples are

given here.

[ 0070] At step S12, the image features of the plurality of images are updated using the

category relevance.

19



[ 0071] In an implementation scenario, in order to improve the efficiency of updating
image features, as described above, an image detection model can be trained in advance,
and the image detection model further includes a Graph Neural Network (GNN). For the
training process, reference can be made to relevant steps in the method for training the
image detection model embodiment provided by the embodiments of the disclosure, and
details are not repeated here. On this basis, the image feature of each image can be used
as a node of the input image data of the graph neural network. For ease of description, the
image feature obtained by initialization can be denoted as VJ™", and the category
relevance of any image pair can be taken as an edge between nodes. For ease of
description, the category relevance obtained by initialization can be denoted as £J™", so
that the step of updating image features using the category relevance can be executed by

using the graph neural network, which can be expressed as formula (2):
[ 0072] Vi = fud™, e9M Formula (2).

[ 0073] In the above formula (2), f( ) represents the graph neural network, and V,7""

represents the updated image feature.

[ 0074] In an actual implementation scenario, as described above, when the category
relevance of the image pair is expressed as a matrix of (NK+T)*(NK+T), the input image
data of the graph neural network can be regarded as a directed graph. In addition, when
two images included in any two image pairs do not overlap, the input image data
corresponding to the graph neural network can also be regarded as an undirected graph,
which is not limited here.

[ 0075] In an implementation scenario, in order to improve the accuracy of image
features, an intra-category image feature and an inter-category image features can be
obtained using the category relevance and the image features. The intra-category image
feature is an image feature obtained by intra-category aggregation of the image features
using the category relevance, and the inter-category image feature is an image feature
obtained by inter-category aggregation of the image features using the category relevance.

For unified description, V™" still represents the image features obtained by initialization,

£J™" represents the category relevance obtained by initialization, then the intra-category
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image feature can be expressed as £5"" V™", and the inter-category image feature can
be expressed as (1 — £J")VJ™™. After the intra-category image feature and the inter-
category image feature are obtained, feature conversion can be performed using the intra-
category image feature and the inter-category image feature to obtain the updated image
feature. The intra-category image feature and the inter-category image feature can be
spliced to obtain a fused image feature. The fused image feature can be converted using a
non-linear conversion function f, to obtain the updated image feature. fy can be obtained

according to formula (3):
[ 0076] VI = fo (€ VI = €MV Formula (3).

[ 0077] In the above formula (3), the parameter of the non-linear conversion function

fo is 0, and || represents a splicing operation.

[ 0078] At step S13, an image category detection result of the target image is obtained

using the updated image features.

[ 0079] In an implementation scenario, the image category detection result may be
used for indicating the image category to which the target image belongs.

[ 0080] In an implementation scenario, after the updated image features are obtained,
prediction processing can be performed using the updated image features to obtain
probability information, and the probability information includes a first probability value
that the target image belongs to at least one reference category, thereby obtaining the
image category detection result based on the first probability value. The reference
category is an image category to which the reference image belongs. For example, if the
plurality of images include a reference image A, a reference image B, and a target image
C, the image category to which the reference image A belongs is "black people”, and the
image category to which the reference image B belongs is "white people™, then at least
one reference category includes: "black people” and "white people"”. Alternatively, the
plurality of images includes a reference image Al, a reference image A2, a reference
image A3, a reference image A4, and a target image C. The image category to which the
reference image Al belongs is the "plain scan phase", the image category to which the

reference image A2 belongs is the "arterial phase”, the image category to which the
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reference image A3 belongs is the "portal phase”, and the image category to which the
reference image A4 belongs is the "delayed phase”, then at least one reference category
includes: "plain scan period"”, "arterial phase"”, "portal phase™" and "delayed phase"”. Other
scenarios can be deduced by parity of reasoning, and no examples are given here.

[ 0081] In an actual implementation scenario, in order to improve the prediction
efficiency, as described above, an image detection model can be trained in advance, and
the image detection model includes a Conditional Random Field (CRF) network. For the
training process, reference is made to the related description in the method for training
the image detection model embodiment provided in the embodiments of the disclosure,
and details are not repeated here. In this case, a first probability value that the target
image belongs to at least one reference category is predicted using the updated image

features based on a Conditional Random Field (CRF) network.

[ 0082] In another actual implementation scenario, the probability information
including the first probability value can be directly used as the image category detection
result of the target image for user reference. For example, in the face recognition scenario,
the first probability value that the target image belongs to "white male”, "white female",
"black male" and "black female” can be taken as the image category detection result of
the target image. Alternatively, in the medical image category detection scenario, the first
probability value that the target image separately belongs to the "arterial phase"”, "portal
phase" and "delayed phase" can be taken as the image category detection result of the
target image. Other scenarios can be deduced by parity of reasoning, and no examples are

given here.

[ 0083] In yet another actual implementation scenario, the image category of the target
image may also be determined based on the first probability value that the target image
belongs to at least one reference category, and the determined image category is taken as
the image category detection result of the target image. The reference category
corresponding to the highest first probability value may be taken as the image category of
the target image. For example, in the face recognition scenario, the first probability value
that the target image separately belongs to "white male"”, "white female", "black male"
and "black female" is predicted to be: 0.1, 0.7, 0.1, 0.1, then the "white female” can be
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taken as the image category of the target image. Alternatively, in the medical image
category detection scenario, the first probability value that the target image separately
belongs to the "arterial phase", "portal phase" and "delayed phase" is predicted to be: 0.1,
0.8, 0.1, the "portal phase™ can be taken as the image category of the target image. Other

scenarios can be deduced by parity of reasoning, and no examples are given here.

[ 0084] In another implementation scenario, prediction processing is performed using
the updated image features to obtain probability information, and the probability
information includes a first probability value that the target image belongs to at least one
reference category and a second probability value that the reference image belongs to at
least one reference category. When the number of times for which the prediction
processing is performed satisfies a preset condition, the category relevance of the
plurality of images can be updated using the probability information, and step S12 and
subsequent steps are re-performed, i.e., the steps of updating the image features using the
category relevance, and performing the prediction processing using the updated image
feature, until the number of times for which the prediction processing is performed does

not satisfy the preset condition.

[ 0085] In the above manner, when the number of times for which the prediction
processing is performed satisfies the preset condition, the category relevance representing
the image pair is updated using the first probability value that the target image belongs to
at least one reference category and the second probability value that the reference image
belongs to at least one reference category, thereby improving the robustness of category
similarity, and the image features are updated using the updated category similarity,
thereby improving the robustness of image features, and thus enabling category similarity
and image features to promote each other and complement each other, which facilitates
further improving the accuracy of image category detection.

[ 0086] In an actual implementation scenario, the present condition may include: the
number of times for which the prediction processing is performed does not reach a preset
threshold. The preset threshold is at least 1, for example, 1, 2, and 3, which is not limited
here.
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[ 0087] In another actual implementation scenario, when the number of times for
which the prediction processing is performed does not satisfy the preset condition, the
image category detection result of the target image may be obtained based on the first
probability value. Reference can be made to the foregoing related descriptions, and
details are not repeated here. In addition, for the process of updating the category
relevance using probability information, reference can be made to the relevant steps in

the following disclosed embodiments, and details are not repeated here.

[ 0088] In an implementation scenario, still taking the face recognition scenario of
video surveillance as an example, the image data of the face region detected in each
frame contained in the captured video is taken as several target images, and a white male
face image, a white female face image, a black male face image, and a black female face
image are given as reference images, so that any two images in the reference images and
target images form an image pair, and the initial category relevance of the image pair is
obtained. At the same time, the initial image features of each image are extracted, and
then the image features of the plurality of images are updated using the category
relevance, to obtain the image category detection result of the several target images, e.g.,
the first probability value that the several target images respectively belong to the "white
male”, "white female"”, "black male”, and "black female™ using the updated image
features. Alternatively, taking medical image classification as an example, several
medical images obtained by scanning a to-be-detected object (such as a patient) are taken
as several target images, and a medical image in the arterial phase, a medical image in the
portal phase and a medical image in the delayed phase are given as reference images, so
that any two images in the reference images and target images form an image pair, and
the initial category relevance of the image pair can be obtained. At the same time, the
initial image features of each image can be extracted, and then the image features of the
plurality of images are updated using the category relevance, and the image category
detection results of the several target images are obtained using the updated image
features, e.g., the first probability value that the several target images belong to the
"arterial phase”, "portal phase”, and "delayed period" respectively. Other scenarios can

be deduced by parity of reasoning, and no examples are given here.

24



[ 0089] In the solution above, image features of a plurality of images and a category
relevance of at least one image pair are obtained, the plurality of images include
reference images and target images, any two images in the plurality of images form an
image pair, and the category relevance indicates a possiblity that images in the image pair
belong to a same image category, the image features are updated using the category
relevance, and an image category detection result of the target image is obtained using
the updated image features. Therefore, by updating image features using category
relevance, image features corresponding to images of the same image category can be
made closer, and image features corresponding to images of different image categories
can be divergent, which facilitates improving robustness of the image features, and
capturing the distribution of image features, and in turn facilitates improving the

accuracy of image category detection.

[ 0090] FIG. 2 is a flowchart of another embodiment of an image detection method

according to embodiments of the disclosure. The method may include the following steps.

[ 0091] At step S21, image features of a plurality of images and a category relevance

of at least one image pair are obtained.

[ 0092] In the embodiments of the disclosure, the plurality of images include reference
images and target images, any two images in the plurality of images form an image pair,
and the category relevance indicates a possiblity that images in the image pair belong to a
same image category. Reference can be made to the related steps in the embodiments

disclosed above, and details are not repeated here.

[ 0093] At step S22, the image features of the plurality of images are updated using the

category relevance.

[ 0094] Reference can be made to the related steps in the embodiments disclosed above,

and details are not repeated here.

[ 0095] At step S23, prediction processing is performed using the updated image

features to obtain probability information.
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[ 0096] In the embodiments of the disclosure, the probability information includes a
first probability value that the target image belongs to at least one reference category and
a second probability value that the reference image belongs to at least one reference
category. The reference category is an image category to which the reference image
belongs. Reference can be made to the related description in the embodiments described

above, and details are not repeated here.

[ 0097] The prediction category to which the target image and the reference image
belong is predicted using the updated image features, and the prediction category belongs
to at least one reference category. Taking the face recognition scenario as an example,

when at least one reference category includes: "white male”, "white female"”, "black
male"”, and "black female", the prediction categories are "white male"”, "white female",
"black male" and "black female". Alternatively, taking the medical image category
detection as an example, when at least one reference category includes: "arterial phase”,
"portal phase"”, and "delayed phase"”, the prediction category is any one of the "arterial

phase", "portal phase", and "delayed phase". Other scenarios can be deduced by parity of

reasoning, and no examples are given here.

[ 0098] After the reference category is obtained, for each image pair, a category
comparison result and a feature similarity of the image pair are obtained, and a first
matching degree between the category comparison result and the feature similarity of the
image pair is obtained. The category comparison result indicates whether respective
prediction categories to which the images in the image pair belong are the same, and the
feature similarity indicates a similarity between image features of the images in the
image pair. Moreover, a second matching degree between the prediction category and the
reference category of the reference image is obtained based on the prediction category to
which the reference image belongs and the reference category, to obtain the probability

information using the first matching degree and the second matching degree.

[ 0099] In the above manner, by obtaining the first matching degree between the
category comparison result and the similarity of the image pair, the accuracy of image
category detection can be characterized from the dimension of any image pair based on

the matching degree between the category comparison result of the prediction category
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and the feature similarity. By obtaining the second matching degree between the
prediction category and the reference category of the reference image, the accuracy of
image category detection can be characterized from the dimension of a single image
based on the matching degree between the prediction category and the reference category.
The probability information is obtained by combining any two images and two
dimensions of a single image, which facilitates improving the accuracy of probability

information prediction.

[ 00100] In an implementation scenario, in order to improve prediction efficiency, the
prediction category to which the image belongs is predicted using the updated image

features based on a conditional random field network.

[ 00101] In an implementation scenario, when the category comparison result is that the
prediction categories are the same, the feature similarity is positively correlated with the
first matching degree. That is, the greater the feature similarity is, the greater the first
matching degree is, and the more the category comparison result matches the feature
similarity. On the contrary, the smaller the feature similarity is, the smaller the first
matching degree is, and the less the category comparison result matches the feature
similarity. However, when the category comparison result is that the prediction
categories are different, the feature similarity is negatively correlated with the first
matching degree. That is, the greater the feature similarity is, the smaller the first
matching degree is, and the less the category comparison result matches the feature
similarity. On the contrary, the smaller the feature similarity is, the greater the first
matching degree is, and the more the category comparison result matches the feature
similarity. The method above can facilitate capturing the possibility that the image
category between the image pairs is the same in the subsequent prediction process of the
probability information, thereby improving the accuracy of probability information

prediction.

[ 00102] In an actual implementation scenario, for ease of description, a random
variable u can be set for the image features of the target image and the reference image.
Furthermore, a random variable in the 1™ prediction processing can be denoted as u!. For

example, a random variable corresponding to an image feature of an i image in the first
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to NK™ reference images and the (NK+1)" to (NK+T)™ target images can be denoted as
u;. Similarly, a random variable corresponding to an image feature of a j™ image can be
denoted as u;. The value of the random variable is the prediction category predicted by
using the corresponding image feature, and the prediction category can be represented by
serial numbers of N image categories. Taking the face recognition scenario as an
example, N image categories include: "white male”, "white female"”, "black male" and
"black female". When the value of the random variable is 1, it represents that the
corresponding prediction category is "white male”. When the value of the random
variable is 2, it represents that the corresponding prediction category is "white female",
and so on, and no examples are given here. Therefore, in the I prediction processing,
when the value of the random variable u! corresponding to the image feature of one of
the image pairs (i.e., the corresponding prediction category) is m (i.e., the m™ image
category), and the value of the random variable u} corresponding to the image feature of
another image pair (i.e., the corresponding prediction category) is n (i.e., the n" image
category), the corresponding first matching degree can be denoted as ¢ (u! = m,u! = n),

which can be expressed as formula (4):

: . tl-lj ifm=n
[ 00103] d(u; =mu; =n) = ! _ Formula (4).
A-t)/(N-1) ifm#n
[ 00104] In the above formula (4), til]- represents a feature similarity between the image
feature of the i™ image and the image feature of the j" image in the I prediction

processing. tl-lj can be obtained by a cosine distance. For ease of description, in the I™

prediction processing, the image feature of the i image can be denoted asv}, and in the
I"™ prediction processing, the image feature of the ] image can be denoted as v}, then the

feature similarity between the two image features can be obtained using the cosine

distance, and normalized to the range of 0-1, which can be expressed as formula (5):

1,

1 tl = 0.5[1 + —2 Formula (5).
[ 00105] ij [1+ ||vil||-||vjl-||] ormula (5)
[ 00106] In the above formula (5), || - || represents a modulus of the image feature.
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[ 00107] In another implementation scenario, a second matching degree between the
reference images when the prediction category is the same as the reference category is
greater than a second matching degree between the reference images when the prediction
category is different from the reference category. The method above can facilitate
capturing the accuracy of the image category of a single image in the subsequent
prediction process of the probability information, thereby improving the accuracy of

probability information prediction.

[ 00108] In an actual implementation scenario, as described above, in the I™ prediction
processing, the random variable corresponding to the image feature of the image can be
denoted as u!. For example, the random variable corresponding to the image feature of
the i" image can be denoted as u!, and the value of the random variable is the prediction
category predicted by using the corresponding image features. As described above, the
prediction category can be represented by the serial numbers of the N image categories.
In addition, the image category annotated by the i™ image can be denoted as y;.
Therefore, when the value of the random variable u! corresponding to the image feature
of the reference image (i.e., the corresponding prediction category) is m (i.e., the m™
image category), the corresponding second matching degree can be denoted as y(u! =

m), which can be expressed as formula (6):

1-0 ifm=y;
1 _ — i
[ 00109] Yu; =m) = {a/(N 1) ifmzy, Formula (6).
[ 00110] In the above formula (6), o represents a tolerance probability when the value

of the random variable (i.e., the predicted category) is wrong (i.e., different from the
reference category). o can be set to be less than a preset numerical threshold. For

example, o can be set to 0.14, which is not limited here.

Ith

[ 00111] In an implementation scenario, in the I prediction processing, the conditional

distribution can be obtained based on the first matching degree and the second matching

degree, which can be expressed as formula (7):

NK
[00112]  P(ubub ubeurl¥) < | | wah] | $ul,ul) Formula (7).
j=1 <j,k>Eelcrf
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[ 00113] In the above formula (7), < j, k > represents a pair of random variables uj and
uk, and j<k, o represents a positive correlation. It can be seen from formula (7) that
when the first matching degree and the second matching degree are higher, the
conditional distribution may be larger accordingly. On this basis, for each image, the
probability information of the corresponding image can be obtained by summing the
conditional distributions corresponding to the random variables corresponding to all

images except the image, which can be expressed as formula (8):
[ 00114] P(u!|Y,) o Zvlcrf\{ul;} Pl - ubkarlYo) Formula (8).

[ 00115] In the above formula (8), P(u! = m|Y,) = p!,,, where p},, represents a

probability value that the image category of the random variable u! is the m™ reference
category. In addition, for ease of description, the random variables corresponding to all
images in the I prediction processing are expressed as V", where V' = (ul}¥5*7, as
described above, u! represents a random variable corresponding to the image feature of

the i™ image in the I™ prediction processing.

[ 00116] In another implementation scenario, in order to improve the accuracy of
probability information, based on Loopy Belief Propagation (LBP), the probability
information can be obtained using the first matching degree and the second matching
degree. For the random variable u} corresponding to the image feature of the i™ image in
the I™ prediction processing, the probability information is denoted as b’;;. In particular,
the probability information b’;; can be regarded as a column vector, and a i element of
the column vector represents a probability value of the random variable u} taking the
value j. Therefore, an initial value (b, i)° can be given, and b’;; can be updated t times

through the following rules until convergence:

[00117] miin; = [, ub) (b )~ /mi7i)] Formula (9), and

(lp(u})l_[ mi;,; if j<NK,
LENj

[ 00118] (by;)f 4 Formula (10).
1_[ mi;.; if j>NK
iENj
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[ 00119] In the above formulas (9) and (10), m;;_, ; represents a 1*N matrix containing

information from random variables u! to u!

; information, (/)l?,]- represents the first

matching degree, w(u}) represents the second matching degree, JV; represents random

variables other than the random variable u]l and 1_[ mj;_,; represents multiplication
IEN;

of the corresponding elements of the matrix. [ ] represents a normalization function,
which indicates that the matrix elements in the symbol [ ] are divided by the sum of all
elements. In addition, when j>NK, it represents the random variable corresponding to the
target image. Because the image category of the target image is unknown, the second

matching degree is unknown. When the final iteration converges after t’ times, the

corresponding probability information b';; = (bl,l-)t'.

[ 00120] At step S24, whether the number of times for which the prediction processing
is performed satisfies a preset condition or not is determined, if the preset condition is
satisfied, step S25 is executed, and if the preset condition is not satisfied, step S27 is

executed.

[ 00121] The present condition may include: the number of times for which the
prediction processing is performed does not reach a preset threshold. The preset threshold

is at least 1, for example, 1, 2, and 3, which is not limited here.

[ 00122] At step S25, the category relevance is updated using the probability

information.

[ 00123] In the embodiments of the disclosure, as described above, the category
relevance may include a final probability value that each pair of image pairs belongs to
the same image category. For ease of description, the updated category relevance after
the I™ prediction processing can be denoted as E7™. In particular, as described above,
before the first prediction processing, the category relevance obtained through
initialization can be denoted as gg””. In addition, furthermore, the final probability value
that the i" image and the j™ image included in the category relevance £ belong to the

same image category can be denoted as eilj. In particular, the final probability value that
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the i" image and the j" image included in the category relevance ™" belong to the

same image category can be denoted as elpj.

[ 00124] On this basis, each of the plurality of images can be used as the current image,
and the image pair containing the current image can be used as the current image pair. In
the 1™ prediction processing, the first probability value and the second probability value
can be used, to respectively obtain the reference probability value that the images in each
image pair of current image pairs belong to the same image category. Taking the current
image pair including the i"™ image and the j"" image as an example, the reference

probability value éilj can be determined through formula (11):

N
[00125] &) =Pl =u})= szlp(ug = m)P(ul = m) Formula (L1).
[ 00126] In the above formula (11), N represents the number of at least one image

category, and the above formula (11) represents, for the i™ image and the j™ image, the
sum of a product of the probabilities of the same value is taken by obtaining
corresponding random variables of the two images. Still taking the face recognition
scenario as an example, when N image categories include: "white male"”, "white female",
"black male"”, and "black female", the i image and the j™ image can be predicted as a
product of the probability values of "white male”, predicted as a product of the
probability values of "white female", predicted as a product of probability values of
"black male”, and predicted as a product of probability values of "black female" for
summation as the reference probability value that the i image and the j™ image belong to
the same image category. Other scenarios can be deduced by parity of reasoning, and no

examples are given here.

[ 00127] Meanwhile, a sum of the final probability values of all the current image pairs

of the current image can be obtained as a probability sum of the current image. For the 1™
prediction processing, the updated category relevance can be expressed as 8;"””, and the
category relevance before the update can be expressed as Slg_"ln, that is, the final
probability value that the i image and the j™ image included in the category relevance

€/"" before the update belongs to the same image category can be denoted as ef; "
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Therefore, for the current image as the i image, when the other image in the image pair
containing the i image is denoted as k, the sum of the final probability values of all

current image pairs of the current image can be expressed as )’ . el 1.

[ 00128] After the reference probability value and the probability sum are obtained, for
each image pair of current image pairs, the final probability value of each image pair can
be adjusted respectively using the probability sum and the reference probability value.
The final probability value of the image pair can be used as the weight, and weighted
processing (e.g., weighted average) can be performed on the reference probability value
of the image pair obtained in the last prediction processing using the weight, and the final

probability value el-lj‘1 is updated using a weighted processing result and the probability
value to obtain the updated final probability value eilj in the 1™ prediction processing. It

can be determined through formula (12):

sl -1

[ 00129] el Uy Formula (12).
Z eltel/ ). el
k
[ 00130] In the above formula (12), the i"" image represents the current image, the i"

image and the j™ image form a pair of current images, and é!-1 represents a reference
probability value of an image pair containing the i"™ image obtained by a (I-1)™ prediction
processing, éilj represents a reference probability value that the i" image and the j™ image

th
I

obtained in the prediction processing belong to the same image category, eilj‘1

represents a final probability value that the i image and the j™ image belong to the same

Ith

image category in the prediction processing before the update, el-lj represents the

updated final probability value that the i image and the j™ image belong to the same

Ith

image category in the I prediction processing, and Zk el-1 represents a sum of the final

probability values of all current image pairs of the current image (i.e., the i image).
[ 00131] At step S26, step S22 is re-performed.

[ 00132] After the updated category relevance is obtained, step S22 and subsequent
steps can be re-performed. That is, the image features of a plurality of images can be

updated using the updated category relevance. Taking the updated category relevance
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denoted as £7™", and the image feature V;7"" used in the I™ prediction processing as an
example, step S22 "updating the image features of a plurality of images using the

category relevance" can be expressed as formula (13):
[ 00133] VI = fo(EM VI - €7V Formula (13).

[ 00134] In the above formula (13), ;77" represents the image feature used in the I +

1™ prediction processing. For other information, reference can be made to the related

description in the embodiment disclosed above, and details are not repeated here.

[ 00135] In this way, the image features and the category relevance promote each other
and complement each other, and jointly improve respective robustness, so that after a
plurality of loops, more accurate feature distribution can be captured, which facilitates
improving the accuracy of image category detection.

[ 00136] At step S27, the image category detection result is obtained based on the first

probability value.

[ 00137] In an implementation scenario, when the image category detection result
includes the image category of the target image, the reference category corresponding to
the largest first probability value may be used as the image category of the target image.

It can be expressed as formula (14):
[ 00138] $ = argmaxP(u;) = argmaxP(ul|Y,) Formula (14).

[ 00139] In the above formula (14), # represents an image category of the i image,
P(u¥|Y,) represents a first probability value that the i image belongs to at least one
reference category after L times of prediction processing, and Y, represents at least one
reference category. Still taking the face recognition scenario as an example, Y, can be a
set of "white male", "white female", "black male"”, and "black female". Other scenarios
can be deduced by parity of reasoning, and no examples are given here.

[ 00140] Different from the foregoing embodiments, the probability information is set to
further include a second probability value that the reference image belongs to the at least

one reference category. Before the image category detection result is obtained based on
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the first probability value, when a number of times for which the prediction processing is
performed satisfies a preset condition, the category relevance is updated using the
probability information, and the step of updating the image features of the plurality of
images using the category relevance is re-performed, and when the number of times for
which the prediction processing is performed does not satisfy the preset condition, the
image category detection result is obtained based on the first probability value. Therefore,
when the number of times for which the prediction processing is performed satisfies the
preset condition, the category relevance is updated using the first probability value that
the target image belongs to at least one reference category and the second probability
value that the reference image belongs to at least one reference category, thereby
improving the robustness of category similarity, and the image features are updated using
the updated category similarity, thereby improving the robustness of image features, and
thus enabling category similarity and image features to promote each other and
complement each other. Moreover, when the number of times for which the prediction
processing is performed does not satisfy the preset condition, the image category
detection result is obtained based on the first probability value, which facilitates further
improving the accuracy of the image category detection.

[ 00141] FIG. 3 is a flowchart of yet another embodiment of an image detection method
according to embodiments of the disclosure. In the embodiments of the disclosure, image
detection is executed by an image detection model, and the image detection model
includes at least one (e.g., L) sequentially connected network layers. Each network layer
includes a first network (e.g., GNN) and a second network (e.g., CRF), the embodiments

of the present disclosure may include the following steps.

[ 00142] At step S31, image features of a plurality of images and a category relevance
of at least one image pair are obtained.

[ 00143] In the embodiments of the disclosure, the plurality of images include reference
images and target images, any two images in the plurality of images form an image pair,
and the category relevance indicates a possiblity that images in the image pair belong to a
same image category. Reference can be made to the related description in the

embodiments disclosed above, and details are not repeated here.
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[ 00144] FIG. 4 is a state diagram of an embodiment of an image detection method
according to embodiments of the disclosure. As shown in FIG. 4, circles in the first
network represent the image features of the images, solid squares in the second network
represent the image categories annotated by the reference images, and the image
categories of the target images represented by dashed squares represent unknown.
Different fills in the squares and circles correspond to different image categories. In
addition, pentagons in the second network represent random variables corresponding to

image features.

[ 00145] In an implementation scenario, the feature extraction network can be regarded
as a network independent of the image detection model. In another implementation
scenario, the feature extraction network can also be regarded as a part of the image
detection model. In addition, a network structure of the feature extraction network can
refer to the related description in the embodiments disclosed above, and details are not

repeated here.

[ 00146] At step S32, the image features of the plurality of images are updated using the
category relevance based on a first network of a I network layer

[ 00147] Taking | being 1 as an example, the image features initialized in step S31 can
be updated using the category relevance initialized in step S31 to obtain the image
features represented by the circles in the first network layer in FIG. 4. When | is other
value, other scenarios can be deduced by parity of reasoning with reference to FIG. 4,

and no examples are given here.

[ 00148] At step S33, prediction processing is performed using the updated image
features based on a second network of the I™ network layer to obtain probability

information.

[ 00149] In the embodiments of the disclosure, the probability information includes a
first probability value that the target image belongs to at least one reference category and
a second probability value that the reference image belongs to at least one reference

category.
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[ 00150] Taking | being 1 as an example, prediction processing can be performed using
the image features represented by circles in the first network layer, to obtain the
probability information. When 1 is other value, other scenarios can be deduced by parity
of reasoning with reference to FIG. 4, and no examples are given here.

[ 00151] At step S34, whether the prediction processing is executed by a last network
layer of the image detection model is determined, if the prediction processing is not
executed by the last network layer of the image detection model, step S35 is executed,
and if the prediction processing is executed by the last network layer of the image
detection model, step S37 is executed.

[ 00152] When the image detection model includes L network layers, it can be
determined whether I is less than L. If | is less than L, it is indicated that there is still a
network layer that is not subjected to the steps of image feature update and probability
information prediction, and the following step S35 can be executed, to use subsequent
network layers to continue to update the image features and predict the probability
information. If | is not less than L, it is indicated that all network layers of the image
detection model are subjected to the steps of image feature update and probability
information prediction, and the following step S37 is performed. That is, an image
category detection result is obtained based on the first probability value in the probability

information.

[ 00153] At step S35, the category relevance is updated using the probability
information and 1 is added to I.

[ 00154] Still taking | being 1 as an example, the category relevance can be updated
using the probability information predicted using the first network layer, and 1 is added

to I. That is, in this case, | is updated to 2.

[ 00155] For the specific process of updating the category relevance using probability
information, reference can be made to the related description in the embodiments

disclosed above, and details are not repeated here.

[ 00156] At step S36, step S32 and subsequent steps are re-performed.
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[ 00157] Still taking | being 1 as an example, after step S35, | is updated to 2, and step
S32 and subsequent steps are re-performed. Referring to FIG. 4, i.e., the image features
of a plurality of images are updated using the category relevance based on a first network
of the second network layer, and prediction processing is performed using the updated
image features based on a second network of the second network layer to obtain

probability information, and so on, and no examples are given here.

[ 00158] At step S37, the image category detection result is obtained based on the first
probability value.

[ 00159] Reference can be made to the related description in the embodiments disclosed

above, and details are not repeated here.

[ 00160] Different from the embodiments above, when the prediction processing is not
executed by the last network layer, the category relevance is updated using probability
information, and a next network layer is reused to perform the step of updating the image
features of the plurality of images using the category relevance. Therefore, the robustness
of category similarity can be improved, and the image features are updated using the
updated category similarity, thereby improving the robustness of image features, and thus
enabling category similarity and image features to promote each other and complement

each other, which facilitates further improving the accuracy of image category detection.

[ 00161] FIG. 5 is a flowchart of an embodiment of A method for training an image
detection model according to embodiments of the disclosure. The method may include
the following steps.

[ 00162] At step S51, sample image features of a plurality of sample images and a

sample category relevance of at least one sample image pair are obtained.

[ 00163] In the embodiments of the disclosure, the plurality of sample images includes a
sample reference image and a sample target image, any two sample images in the
plurality of sample images form a sample image pair, and the sample category relevance
indicates a possibility that images in the sample image pair belong to a same image

category. For the process of obtaining the sample image features and the sample category
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relevance, reference can be made to the process of obtaining the image features and the

category relevance in the embodiments disclosed above, and details are not repeated here.

[ 00164] In addition, for the sample target image, the sample reference image, and the
image category, reference can also be made to the related description of the target image,
the reference image and the image category in the embodiments described above, and

details are not repeated here.

[ 00165] In an implementation scenario, the sample image features can be extracted by a
feature extraction network. The feature extraction network can be independent of the
image detection model in the embodiments of the disclosure, or can be a part of the
image detection model in the embodiments of the disclosure, which is not limited here. A
structure of the feature extraction network can refer to the related description in the

embodiments disclosed above, and details are not repeated here.

[ 00166] It should be noted that, unlike the embodiments disclosed above, in the training
process, the image category of the sample target image is known, and the image category
to which the sample target image belongs can be annotated on the sample target image.
For example, in the face recognition scenario, at least one image category can include:
"white female"”, "black female", "white male", and "black male". The image category to
which the sample target image belongs can be "white female"”, which is not limited here.

Other scenarios can be deduced by parity of reasoning, and no examples are given here.

[ 00167] At step S52, the sample image features of the plurality of sample images are
updated using the sample category relevance based on a first network of the image

detection model.

[ 00168] In an implementation scenario, the first network can be a GNN, and the sample
category relevance can be taken as the edge of GNN input image data, and the sample
image feature can be taken as the point of the GNN input image data, so that the input
image data can be processed using the GNN to complete the update of the sample image
features. Reference can be made to the related description in the embodiments disclosed

above, and details are not repeated here.
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[ 00169] At step S53, an image category detection result of the sample target image is
obtained using the updated sample image features based on a second network of the

image detection model.

[ 00170] In an implementation scenario, the second network may be a conditional
random field (CRF) network, and the image category detection result of the sample target
image can be obtained using the updated sample image features based on the CRF. The
image category detection result may include a first sample probability value that the
sample target image belongs to at least one reference category, and the reference category
is an image category to which the sample reference image belongs. For example, in the
face recognition scenario, at least one reference category may include: "white female",
"black female", "white male", and "black male", and the image category detection result
of the sample target image may include a first probability value that the sample target
image belongs to the "white female”, a first probability value that the sample target
image belongs to the "black women", a first probability value that the sample target
image belongs to the "white male”, and a first probability value that the sample target
image belongs to the "black male”. Other scenarios can be deduced by parity of

reasoning, and no examples are given here.

[ 00171] At step S54, a network parameter of the image detection model is adjusted
using the image category detection result of the sample target image and an annotated

image category of the sample target image.

[ 00172] The difference between the image category detection result of the sample
target image and the annotated image category of the sample target image can be
calculated using a cross entropy loss function, to obtain a loss value of the image
detection model, and the network parameter of the image detection model is adjusted
accordingly. In addition, when the feature extraction network is independent of the image
detection model, the network parameters of the image detection model and the feature

extraction network can be adjusted together according to the loss value.

[ 00173] In an implementation scenario, the network parameters are adjusted using the
loss value according to Stochastic Gradient Descent (SGD), Batch Gradient Descent
(BGD), Mini-Batch Gradient Descent (MBGD), etc. The BGD refers to the use of all
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samples for parameter update at each iteration. The SGD refers to the use of a sample for
parameter update at each iteration. The MBGD refers to the use of a batch of samples for

parameter update at each iteration, and details are not repeated here.

[ 00174] In an implementation scenario, a training end condition can also be set, and
when the training end condition is satisfied, the training can be ended. The training end
condition may include any of the following: the loss value is less than a preset loss
threshold, and the current number of training times reaches a preset number threshold

(for example, 500 times, 1000 times, etc.), which is not limited here.

[ 00175] In another implementation scenario, prediction processing is performed using
the updated sample image features based on the second network to obtain sample
probability information, and the sample probability information includes a first sample
probability value that the sample target image belongs to at least one reference category
and a second sample probability value that the sample reference image belongs to the at
least one reference category, so that the image category detection result of the sample
target image is obtained based on the first sample probability value. Before the network
parameter of the image detection model is adjusted using the image category detection
result of the sample target image and an annotated image category of the sample target
image, the sample category relevance is updated using the first sample probability value
and the second sample probability value, so as to obtain a first loss value of the image
detection model using the first sample probability value and the annotated image
category of the sample target image, and obtain a second loss value of the image
detection model using an actual category relevance between the sample target image and
the sample reference image and the updated sample category relevance, thereby adjusting
the network parameter of the image detection model based on the first loss value and the
second loss value. The method above can adjust the network parameter of the image
detection model from the dimension of the category relevance between two images and
the dimension of the image category of a single image, which can further improve the

accuracy of the image detection model.

[ 00176] In an actual implementation scenario, for the process of performing prediction

processing using the updated sample image features based on the second network to

41



obtain sample probability information, reference can be made to the related description of
performing prediction processing using the updated image features to obtain the
probability information the embodiments disclosed above, and details are not repeated
here. In addition, for the process of updating the sample category relevance using the first
sample probability value and the second sample probability value, reference can be made
to the related description of updating the category relevance using the probability

information in the embodiments disclosed above, and details are not repeated here.

[00177] In another actual implementation scenario, the first loss value between a first
sample probability value and the annotated image category of the sample target image

can be calculated using the cross entropy loss function.

[ 00178] In yet another actual implementation scenario, a second loss value between an
actual category relevance between the sample target image and the sample reference
image and the updated sample category relevance can be calculated using a binary cross
entropy loss function. When the image categories of the image pairs are the same, the
actual category relevance of the corresponding image pairs can be set to a preset upper
limit value (for example, 1). When the image categories of the image pairs are different,
the actual category relevance of the corresponding image pairs can be set to a lower limit
value (for example, 0). For ease of description, the actual category relevance can be

denoted as ¢;;.

[ 00179] In still another actual implementation scenario, weighted processing can be
respectively performed on the first loss value and the second loss value respectively
using the weights corresponding to the first loss value and the second loss value to obtain
a weighted loss value, and the network parameter is adjusted using the weighted loss
value. The weight corresponding to the first loss value can be set to 0.5, and the weight
corresponding to the second loss value can also be set to 0.5, to indicate that the first loss
value and the second loss value are equally important in adjustment of the network
parameter. In addition, the corresponding weights can also be adjusted according to the
different importance of the first loss value and the second loss value, and no examples

are given here.
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[ 00180] In the solution above, sample image features of a plurality of sample images
and a sample category relevance of at least one sample image pair are obtained, the
plurality of sample images includes a sample reference image and a sample target image,
any two sample images in the plurality of sample images form a sample image pair, and
the sample category relevance indicates a possibility that images in the sample image pair
belong to a same image category, and the sample image features of the plurality of
sample images are updated using the sample category relevance based on a first network
of the image detection model, so that the image category detection result of the sample
target image is obtained using the updated sample image features based on a second
network of the image detection model, thereby adjusting a network parameter of the
image detection model using the image category detection result and the annotated image
category of the sample target image. Therefore, by updating sample image features using
sample category relevance, sample image features corresponding to images of the same
image category can be made closer, and sample image features corresponding to images
of different image categories can be divergent, which facilitates improving robustness of
the sample image features, and capturing the distribution of sample image features, and
in turn facilitates improving the accuracy of image detection model.

[ 00181] FIG. 6 is a flowchart of another embodiment of A method for training an
image detection model according to embodiments of the disclosure. In the embodiments
of the disclosure, the image detection model includes at least one (e.g., L) sequentially
connected network layers. Each network layer includes a first network and a second

network. The method may include the following steps.

[ 00182] At step S601, sample image features of a plurality of sample images and a

sample category relevance of at least one sample image pair are obtained.

[ 00183] In the embodiments of the disclosure, the plurality of sample images includes a
sample reference image and a sample target image, any two sample images in the
plurality of sample images form a sample image pair, and the sample category relevance
indicates a possibility that images in the sample image pair belong to a same image
category.
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[ 00184] Reference can be made to the related steps in the embodiments disclosed above,

and details are not repeated here.

[ 00185] At step S602, the sample image features of the plurality of sample images are
updated using the sample category relevance based on a first network of a I network
layer.

[ 00186] Reference can be made to the related steps in the embodiments disclosed above,

and details are not repeated here.

[ 00187] At step S603, prediction processing is performed using the updated image

Ith

features based on a second network of the I network layer to obtain sample probability

information.

[ 00188] In the embodiments of the disclosure, the sample probability information
includes a first sample probability value that the sample target image belongs to at least
one reference category and a second sample probability value that the sample reference
image belongs to at least one reference category. The at least one reference category is an

image category to which the sample reference image belongs.

[ 00189] Reference can be made to the related steps in the embodiments disclosed above,

and details are not repeated here.

[ 00190] At step S604, the image category detection result of the sample target image

Ith

corresponding to the I network layer based on a first sample probability value.

[ 00191] For ease of description, the image category detection result of the i image

I"™ network layer can be recorded as P(w!|Y,). Y, represents a set of

corresponding to a
at least one image category. Reference can be made to the related description in the

embodiments disclosed above, and details are not repeated here.

[ 00192] At step S605, the sample category relevance is updated using the first sample

probability value and the second sample probability value.

[ 00193] Reference can be made to the related description in the embodiments disclosed

above, and details are not repeated here. For ease of description, the sample category
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relevance obtained by the I™ network layer updating the i™ image and the j" image can be

denoted as e/;.

[ 00194] At step S606, a first loss value corresponding to the 1™ network layer is
obtained using the first sample probability value and the annotated image category of the
sample target sample, and a second loss value of the I™ network layer is obtained using an
actual category relevance between the sample target image and the sample reference

image and the updated sample category relevance.

[ 00195] A first loss value corresponding to the I

network layer can be obtained using
the first sample probability value P(u!|Y,) and the image category y; annotated by the
sample target image according to the Cross Entropy (CE) loss function. For ease of
description, it is denoted as CE(P(u!|Y,), y;), in which the value of i ranges from NK+1

to NK+T. That is, the first loss value is calculated only for the sample target image.

th
I

[ 00196] In addition, a second loss value corresponding to the I network layer can be

obtained using the actual category relevance c;; between the sample target image and the
sample reference image and the updated sample category relevance el-’j according to a
Binary Cross Entropy (BCE) loss function. . For ease of description, it is denoted as
BCE(eil]-, cij). The value of i ranges from NK+1 to NK+T. That is, the first loss value is

calculated only for the sample target image.

[ 00197] At step S607, whether the current network layer is the last network layer of the
image detection model is determined, and if not, step S608 is executed, otherwise, step
S609 is executed.

[ 00198] At step S608, step S602 and subsequent steps are re-performed.

[ 00199] When the current network layer is not the last network layer of the image
detection model, 1 can be added to I, so as to use a next network layer of the current
network layer to re-perform the step of updating the sample image features of the
plurality of sample images using the sample category relevance based on a first network
of the image detection model and subsequent steps, until the current network layer is the

last network layer of the image detection model. In this process, the first loss value and
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the second loss value corresponding to each network layer of the image detection model

can be obtained.

[ 00200] At step S609, first loss values corresponding to respective network layers are
weighted by using first weights corresponding to respective network layers to obtain a

first weighted loss value.

[ 00201] In the embodiments of the disclosure, the lower the network layer in the image

detection model is, the larger the first weight corresponding to the network layer is. For
ease of description, the first weight corresponding to the I

as u"f

0.2, and when | is equal to L, the corresponding first weight can be set to 1. It can be set

network layer can be denoted

. For example, when | is less than L, the corresponding first weight can be set to

according to actual needs. For example, the first weight corresponding to each network
layer can be set to a different value on the basis that the later network layer is more
important, and the first weight corresponding to each network layer is greater than a first
weight corresponding to the previous network layer, which is not limited here. The first

weighted loss value can be expressed as formula (15):

NK+T NK
L
[00202] Lo = E E Z wf CEP o), v) Formula (15).
I=1
j=1

i=NK+1

[ 00203] At step S610, second loss values corresponding to respective network layers
are weighted by using second weights corresponding to respective network layers to

obtain a second weighted loss value.

[ 00204] In the embodiments of the disclosure, the lower the network layer in the image
detection model is, the larger the second weight corresponding to the network layer is.

|m

For ease of description, the second weight corresponding to the I network layer can be

denoted as u{*?°. For example, when | is less than L, the corresponding second weight
can be set to 0.2, and when 1 is equal to L, the corresponding second weight can be set to
1. It can be set according to actual needs. For example, the second weight corresponding
to each network layer can be set to a different value on the basis that the later network

layer is more important, and the second weight corresponding to each network layer is
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greater than a second weight corresponding to the previous network layer, which is not

limited here. The second weighted loss value can be expressed as formula (16):

NK+T
NK L .
[00205]  Ledge — Zl_luf 9°BCE(e),c;;)  Formula (16).
j=1
i=NK+1

[ 00206] At step S611, a network parameter of the image detection model is adjusted

based on the first weighted loss value and the second weighted loss value.

[ 00207] Weighted processing can be respectively performed on the first weighted loss
value and the second weighted loss value respectively using the weights corresponding to
the first weighted loss value and the second weighted loss value to obtain a weighted loss
value, and the network parameter is adjusted using the weighted loss value. For example,
the weight corresponding to the first weighted loss value can be set to 0.5, and the weight
corresponding to the second weighted loss value can also be set to 0.5, to indicate that the
first weighted loss value and the second weighted loss value are equally important in
adjustment of the network parameter. In addition, the corresponding weights can also be
adjusted according to the different importance of the first weighted loss value and the

second weighted loss value, and no examples are given here.

[ 00208] Different from the embodiments above, the image detection model is set to
include at least one sequentially connected network layer, and each network layer
includes a first network and a second network. When a current network layer is not a last
network layer of the image detection model, the step of updating the sample image
features using the sample category relevance based on a first network of the image
detection model and subsequent steps are re-performed using a next network layer of the
current network layer, until the current network layer is the last network layer of the
image detection model. First loss values corresponding to respective network layers are
weighted by using first weights corresponding to respective network layers to obtain a
first weighted loss value. Second loss values corresponding to respective network layers
are weighted by using second weights corresponding to respective network layers to
obtain a second weighted loss value. The network parameter of the image detection
model is adjusted based on the first weighted loss value and the second weighted loss
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value, and the lower the network layer in the image detection model is, the larger the first
weight and the second weight corresponding to the network layer are, so as to obtain the
loss value corresponding to each network layer of the image detection model. Moreover,
the weight corresponding to the later network layer can be set to be larger, and then the
data obtained by the processing of each network layer can be fully utilized to adjust the
network parameter of image detection, facilitating improving the accuracy of the image

detection model.

[ 00209] FIG. 7 is a diagram of a structure of an embodiment of an image detection
apparatus 70 according to embodiments of the disclosure. The image detection apparatus
70 includes an image obtaining module 71, a feature update module 72, and a result
obtaining module 73. The image obtaining module 71 is configured to obtain image
features of a plurality of images and a category relevance of at least one image pair. The
plurality of images include reference images and target images, any two images in the
plurality of images form an image pair, and the category relevance indicates a possiblity
that images in the image pair belong to a same image category. The feature updating
module 72 is configured to update the image features of the plurality of images using the
category relevance. The result obtaining module 73 is configured to obtain an image

category detection result of the target image using the updated image features.

[ 00210] In the solution above, image features of a plurality of images and a category
relevance of at least one image pair are obtained, the plurality of images include
reference images and target images, any two images in the plurality of images form an
image pair, and the category relevance indicates a possiblity that images in the image pair
belong to a same image category, the image features are updated using the category
relevance, and an image category detection result of the target image is obtained using
the updated image features. Therefore, by updating image features using category
relevance, image features corresponding to images of the same image category can be
made closer, and image features corresponding to images of different image categories
can be divergent, which facilitates improving robustness of the image features, and
capturing the distribution of image features, and in turn facilitates improving the

accuracy of image category detection.
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[ 00211] In some disclosed embodiments, the result obtaining module 73 includes a
probability prediction sub-module, configured to perform prediction processing using the
updated image features to obtain probability information. The probability information
includes a first probability value that the target image belongs to at least one reference
category, and the reference category is an image category to which the reference image
belongs. The result obtaining module 73 includes a result obtaining sub-module,
configured to obtain the image category detection result based on the first probability
value. The image category detection result is used for indicating an image category to
which the target image belongs.

[ 00212] In some disclosed embodiments, the probability information further includes a
second probability value that the reference image belongs to the at least one reference
category. The image detection apparatus 70 further includes a relevance update module,
configured to update the category relevance using the probability information when a
number of times for which the prediction processing is performed satisfies a preset
condition, and re-performing the step of updating the image features using the category
relevance in combination with the feature update module 72. The result obtaining sub-
module is further configured to obtain the image category detection result based on the
first probability value when the number of times for which the prediction processing is

performed does not satisfy the preset condition.

[ 00213] In some disclosed embodiments, the category relevance includes a final
probability value that each pair of images belong to a same image category. The
relevance update module includes an image division sub-module, configured to take each
of the plurality of images as a current image, and take the image pairs including the
current image as current image pairs. The relevance update module includes a probability
statistics sub-module, configured to obtain the sum of the final probability values of all
the current image pairs of the current image as a probability sum of the current image.
The relevance update module includes a probability obtaining sub-module, configured to
respectively obtain a reference probability value that the images in each image pair of
current image pairs belong to the same image category using the first probability value
and the second probability value. The relevance update module includes a probability

adjusting sub-module, configured to adjust the final probability value of each image pair
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of current image pairs respectively using the probability sum and the reference

probability value.

[ 00214] In some disclosed embodiments, the probability prediction sub-module
includes a prediction category unit, configured to predict the prediction categories to
which the target image and the reference image belong using the updated image features.
The prediction categories belong to at least one reference category. The probability
prediction sub-module includes a first matching degree obtaining unit, configured to
obtain a category comparison result and a feature similarity of the image pair, and a first
matching degree between the category comparison result and the feature similarity of the
image pair for each image pair. The category comparison result indicates whether
respective prediction categories to which the images in the image pair belong are the
same, and the feature similarity indicates a similarity between image features of the
images in the image pair. The probability prediction sub-module includes a second
matching degree obtaining unit, configured to obtain a second matching degree between
the prediction category and the reference category of the reference image based on the
prediction category to which the reference image belongs and the reference category. The
probability prediction sub-module includes a probability information obtaining unit,
configured to obtain the probability information using the first matching degree and the

second matching degree.

[ 00215] In some disclosed embodiments, when the category comparison result is that
the prediction categories are the same, the feature similarity may be positively correlated
with the first matching degree. When the category comparison result is that the prediction
categories are different, the feature similarity may be negatively correlated with the first
matching degree. A second matching degree when the prediction category is the same as
the reference category may be greater than a second matching degree when the prediction

category is different from the reference category.

[ 00216] In some disclosed embodiments, the prediction category unit is further
configured to predict the prediction category to which the image belongs using the

updated image features based on a conditional random field network.
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[ 00217] In some disclosed embodiments, the probability information obtaining unit is
configured to obtain the probability information using the first matching degree and the

second matching degree based on loopy belief propagation.

[ 00218] In some disclosed embodiments, the present condition may include: the
number of times for which the prediction processing is performed does not reach a preset
threshold.

[ 00219] In some disclosed embodiments, the step of updating the image features using

the category relevance may be executed by a graph neural network.

[ 00220] In some disclosed embodiments, the feature update module 72 includes a
feature obtaining sub-module, configured to obtain an intra-category image feature and
an inter-category image feature using the category relevance and the image features. The
feature update module 72 includes a feature conversion sub-module, configured to
perform feature conversion using the intra-category image feature and the inter-category

image feature to obtain the updated image features.

[ 00221] In some disclosed embodiments, the image detection apparatus 70 further
includes an initialization module, further configured to determine an initial category
relevance of the image pair as a preset upper limit value when the images in the image
pair belong to a same image category, determine the initial category relevance of the
image pair as a preset lower limit value when the images in the image pair belong to
different image categories, and determine the initial category relevance of the image pair
as a preset value between the preset upper limit value and the preset lower limit value

when at least one image of the image pair is the target image.

[ 00222] FIG. 8 is a diagram of a structure of an embodiment of an image detection
model training apparatus 80 according to embodiments of the disclosure. The image
detection model training apparatus 80 includes a sample obtaining module 81, a feature
update module 82, a result obtaining module 83, and a parameter adjusting module 84.
The sample obtaining module 81 is configured to obtain sample image features of a
plurality of sample images and a sample category relevance of at least one sample image
pair. The plurality of sample images includes a sample reference image and a sample
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target image, any two sample images in the plurality of sample images form a sample
image pair, and the sample category relevance indicates a possibility that images in the
sample image pair belong to a same image category. The feature update module 82 is
configured to update the sample image features of the plurality of sample images using
the sample category relevance based on a first network of the image detection model. The
result obtaining module 83 is configured to obtain an image category detection result of
the sample target image using the updated sample image features based on a second
network of the image detection model. The parameter update module 84 is configured to
adjust a network parameter of the image detection model using the image category
detection result of the sample target image and an annotated image category of the

sample target image.

[ 00223] In the solution above, sample image features of a plurality of sample images
and a sample category relevance of at least one sample image pair are obtained, the
plurality of sample images includes a sample reference image and a sample target image,
any two sample images in the plurality of sample images form a sample image pair, and
the sample category relevance indicates a possibility that images in the sample image pair
belong to a same image category, and the sample image features of the plurality of
sample images are updated using the sample category relevance based on a first network
of the image detection model, so that the image category detection result of the sample
target image is obtained using the updated sample image features based on a second
network of the image detection model, thereby adjusting a network parameter of the
image detection model using the image category detection result and the annotated image
category of the sample target image. Therefore, by updating sample image features using
sample category relevance, sample image features corresponding to images of the same
image category can be made closer, and sample image features corresponding to images
of different image categories can be divergent, which facilitates improving robustness of
the sample image features, and capturing the distribution of sample image features, and

in turn facilitates improving the accuracy of image detection model.

[ 00224] In some disclosed embodiments, the result obtaining module 83 includes a
probability information obtaining sub-module, configured to perform prediction

processing using the updated sample image features based on the second network to
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obtain sample probability information. The sample probability information includes a
first sample probability value that the sample target image belongs to at least one
reference category and a second sample probability value that the sample reference image
belongs to the at least one reference category. The reference category is an image
category to which the sample reference image belongs. The result obtaining module 83
includes a detection result obtaining sub-module, configured to obtain the image category
detection result of the sample target image based on the first sample probability value.
The image detection model training apparatus 80 further includes a relevance update
module, configured to update the sample category relevance using the first sample
probability value and the second sample probability value. The parameter update module
84 includes a first loss calculation sub-module, configured to obtain a first loss value of
the image detection model using the first sample probability value and the annotated
image category of the sample target image. The parameter update module 84 includes a
second loss calculation sub-module, configured to obtain a second loss value of the
image detection model using an actual category relevance between the sample target
image and the sample reference image and the updated sample category relevance. The
parameter update module 84 includes a parameter adjustment sub-module, configured to
adjust the network parameter of the image detection model based on the first loss value

and the second loss value.

[ 00225] In some disclosed embodiments, the image detection model includes at least
one sequentially connected network layer. Each network layer includes a first network
and a second network. The feature update module 82 is further configured to use, when a
current network layer is not a last network layer of the image detection model, a next
network layer of the current network layer to re-perform the step of updating the sample
image features using the sample category relevance based on a first network of the image
detection model and subsequent steps, until the current network layer is the last network
layer of the image detection model. The parameter adjustment sub-module includes a
first weighting unit, configured to respectively weight a first loss value corresponding to
each network layer by using a first weight corresponding to each network layer to obtain
a first weighted loss value. The parameter adjustment sub-module includes a second

weighting unit, configured to weight a second loss value corresponding to each network
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layer by using a second weight corresponding to each network layer to obtain a second
weighted loss value. The parameter adjustment sub-module includes a parameter
adjustment unit, configured to adjust the network parameter of the image detection model
based on the first weighted loss value and the second weighted loss value. The lower the
network layer in the image detection model is, the larger the first weight and the second

weight corresponding to the network layer are.

[ 00226] FIG. 9 is a diagram of a structure of an embodiment of an electronic device 90
according to embodiments of the disclosure. The electronic device 90 includes a memory
91 and a processor 92 coupled to each other. The processor 92 is configured to execute
program instructions stored in the memory 91 to implement steps in any image detection
method embodiment or steps in any image detection model training method embodiment.
In an implementation scenario, the electronic device 90 may include, but is not limited to,
a microcomputer and a server. In addition, the electronic device 90 may also include
mobile devices such as a notebook computer and a tablet computer, or the electronic

device 90 may also be a surveillance camera, etc., which is not limited here.

[ 00227] The processor 92 is further configured to control itself and the memory 91 to
implement the steps in any image detection method embodiment, or to implement the
steps in any image detection model training method embodiment. The processor 92 may
also be referred to as a Central Processing Unit (CPU). The processor 92 may be an
integrated circuit chip with signal processing capabilities. The processor 92 may also be a
general-purpose processor, a Digital Signal Processor (DSP), an Application Specific
Integrated Circuit (ASIC), a Field-Programmable Gate Array (FPGA), or other
programmable logic devices, discrete gates or transistor logic devices, discrete hardware
components. The general-purpose processor may be a microprocessor or the processor
may also be any conventional processor, etc. In addition, the processor 92 may be jointly

implemented by the integrated circuit chip.
[ 00228] The solution above can improve the accuracy of image category detection.

[ 00229] FIG. 10 is a diagram of a structure of an embodiment of a computer readable
storage medium 100 according to embodiments of the disclosure. The computer readable

storage medium 100 stores program instructions 101 run by a processor. The program
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instructions 101 are configured to implement the steps in any image detection method

embodiment, or to implement the steps in any image detection model training method

embodiment.
[ 00230] The solution above can improve the accuracy of image category detection.
[ 00231] In some embodiments, the functions or modules contained in the apparatus

provided in the embodiments of the disclosure can be configured to execute the method
described in the foregoing method embodiments. For implementation of the apparatus,
reference can be made to the description of the foregoing method embodiments. For
brevity, details are not repeated here.

[ 00232] A computer program product of the image detection method or the method for
training the image detection model provided by the embodiments of the disclosure
includes a computer readable storage medium having program codes stored thereon, and
instructions included in the program codes can be configured to execute the steps in any
image detection method embodiment or the steps in any image detection model training
method embodiment. Reference may be made to the foregoing method embodiments, and

the details are not repeated here.

[ 00233] The embodiments of the disclosure also provide a computer program. The
computer program, when executed by a processor, implements any method according to
the foregoing embodiments. The computer program product may be implemented by
hardware, software, or a combination thereof. In an optional embodiment, the computer
program product is embodied as a computer storage medium. In another optional
embodiment, the computer program product is embodied as a software product, such as a
Software Development Kit (SDK).

[ 00234] The above description of various embodiments tends to emphasize the
differences between the various embodiments, the same or similarities can be referred to

each other. For brevity, details are not repeated here.

[ 00235] In the several embodiments provided in the disclosure, it should be understood
that, the disclosed method and apparatus may be implemented in another manner. For
example, the apparatus embodiments described above are merely exemplary. For
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example, the division of the modules or units is merely the division of logic functions,
and may use other division manners during actual implementation. For example, units or
components may be combined, or may be integrated into another system, or some
features may be omitted or not performed. In addition, the coupling, or direct coupling,
or communication connection between the displayed or discussed components may be
the indirect coupling or communication connection through some interfaces, apparatuses,

or units, and may be electrical, mechanical or of other forms.

[ 00236] The units described as separate components may or may not be physically
separated, and the components displayed as units may or may not be physical units, and
may be located in one place or may be distributed over network units. Some or all of the
units may be selected based on actual needs to achieve the objectives of the solutions of

the implementation of the disclosure.

[ 00237] In addition, functional units in the embodiments of the disclosure may be
integrated into one processing unit, or each of the units may be physically separated, or
two or more units may be integrated into one unit. The integrated unit may be
implemented in the form of hardware, or may be implemented in a form of a software

functional unit.

[ 00238] If implemented in the form of software functional units and sold or used as an
independent product, the integrated unit may also be stored in a computer readable
storage medium. Based on such an understanding, the technical solutions provided by the
embodiments of the disclosure essentially or the part that contributes to the existing
technology or a part of the technical solution can be embodied in the form of a software
product, and the computer software product is stored in a storage medium, including
several instructions that cause a computer device (which can be a personal computer, a
server, or a network device, etc.) or a processor to execute all or part of the steps of the
method described in each embodiment of the disclosure. The foregoing storage medium
includes: a USB flash drive, a mobile hard disk drive, a Read-Only Memory (ROM), a
Random Access Memory (RAM), a magnetic disk, or an optical disk and other media
that may store program codes.
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Industrial applicability

[ 00239] In the embodiments of the disclosure, image features of a plurality of images
and a category relevance of at least one image pair are obtained, and the plurality of
images include reference images and target images, any two images in the plurality of
images form an image pair, and the category relevance indicates a possiblity that images
in the image pair belong to a same image category. The image features of the plurality of
images are updated using the category relevance. An image category detection result of
the target image is obtained using the updated image features. In this way, image features
corresponding to images of the same image category can be made closer, and image
features corresponding to images of different image categories can be divergent, which
facilitates improving robustness of the image features, and capturing the distribution of

image features, and in turn facilitates improving the accuracy of image category detection.
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CLAIMS

1. An image detection method, comprising:

obtaining image features of a plurality of images and a category relevance of at least
one image pair, wherein the plurality of images comprise reference images and target images,
any two images in the plurality of images form an image pair, and the category relevance

indicates a possiblity that images in the image pair belong to a same image category;

updating the image features of the plurality of images using the category relevance;

and

obtaining an image category detection result of the target image using the updated

image features.

2. The method of claim 1, wherein obtaining the image category detection result of the target

image using the updated image features comprises:

performing prediction processing using the updated image features to obtain
probability information, wherein the probability information comprises a first probability
value that the target image belongs to at least one reference category, and the reference

category is an image category to which the reference image belongs; and

obtaining the image category detection result based on the first probability value,
wherein the image category detection result is used for indicating an image category to which

the target image belongs.

3. The method of claim 2, wherein the probability information further comprises a second

probability value that the reference image belongs to the at least one reference category;

before obtaining the image category detection result based on the first probability

value, the method further comprises:
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when a number of times for which the prediction processing is performed satisfies a
preset condition, updating the category relevance using the probability information, and re-
performing the step of updating the image features of the plurality of images using the

category relevance; and

obtaining the image category detection result based on the first probability value

comprises:

when the number of times for which the prediction processing is performed does not
satisfy the preset condition, obtaining the image category detection result based on the first

probability value.

4. The method of claim 3, wherein the category relevance comprises a final probability value
that each pair of images belong to a same image category; and updating the category

relevance using the probability information comprises:

taking each of the plurality of images as a current image, and taking image pairs

comprising the current image as current image pairs;

obtaining a sum of the final probability values of all the current image pairs of the

current image as a probability sum of the current image;

respectively obtaining a reference probability value that the images in each image pair
of current image pairs belong to the same image category using the first probability value and
the second probability value; and

adjusting the final probability value of each image pair of current image pairs

respectively using the probability sum and the reference probability value.

5. The method of any one of claims 2 to 4, wherein performing prediction processing using

the updated image features to obtain probability information comprises:

predicting a prediction category to which the image belongs using the updated image
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features, wherein the prediction category belongs to the at least one reference category;

for each image pair, obtaining a category comparison result and a feature similarity of
the image pair, and obtaining a first matching degree between the category comparison result
and the feature similarity of the image pair, wherein the category comparison result indicates
whether respective prediction categories to which the images in the image pair belong are the
same, and the feature similarity indicates a similarity between image features of the images in

the image pair;

obtaining a second matching degree between the prediction category and the reference
category of the reference image based on a prediction category to which the reference image

belongs and the reference category; and

obtaining the probability information using the first matching degree and the second

matching degree.

6. The method of claim 5, wherein when the category comparison result is that the prediction
categories are the same, the feature similarity is positively correlated with the first matching
degree; when the category comparison result is that the prediction categories are different, the
feature similarity is negatively correlated with the first matching degree, and the second
matching degree when the prediction category is the same as the reference category is greater
than the second matching degree when the prediction category is different from the reference

category.

7. The method of claim 5 or 6, wherein predicting the prediction category to which the image
belongs using the updated image features comprises:

predicting the prediction category to which the image belongs using the updated image

features based on a conditional random field network.

8. The method of any one of claims 5 to 7, wherein obtaining the probability information
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using the first matching degree and the second matching degree comprises:

obtaining the probability information using the first matching degree and the second

matching degree based on loopy belief propagation.

9. The method of any one of claims 3 to 8, wherein

the present condition comprises: the number of times for which the prediction
processing is performed does not reach a preset threshold.

10. The method of any one of claims 1 to 9, wherein the step of updating the image features of
the plurality of images using the category relevance is performed by a graph neural network
(GNN).

11. The method of any one of claims 1 to 10, wherein updating the image features of the

plurality of images using the category relevance comprises:

obtaining an intra-category image feature and an inter-category image feature using

the category relevance and the image features; and

performing feature conversion using the intra-category image feature and the inter-
category image feature to obtain the updated image features.

12. The method of any one of claims 1 to 11, further comprising:

when the images in the image pair belong to a same image category, determining an

initial category relevance of the image pair as a preset upper limit value;

when the images in the image pair belong to different image categories, determining

the initial category relevance of the image pair as a preset lower limit value; and

when at least one image of the image pair is the target image, determining the initial
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category relevance of the image pair as a preset value between the preset upper limit value

and the preset lower limit value.

13. A method for training an image detection model, comprising:

obtaining sample image features of a plurality of sample images and a sample category
relevance of at least one sample image pair, wherein the plurality of sample images comprise
sample reference images and sample target images, any two sample images in the plurality of
sample images form a sample image pair, and the sample category relevance indicates a

possibility that images in the sample image pair belong to a same image category;

updating the sample image features of the plurality of sample images using the sample

category relevance based on a first network of the image detection model;

obtaining an image category detection result of the sample target image using the

updated sample image features based on a second network of the image detection model; and

adjusting a network parameter of the image detection model using the image category
detection result of the sample target image and an annotated image category of the sample
target image.

14. The method of claim 13, wherein obtaining an image category detection result of the
sample target image using the updated sample image features based on a second network of

the image detection model comprises:

performing prediction processing using the updated sample image features based on
the second network to obtain sample probability information, wherein the sample probability
information comprises a first sample probability value that the sample target image belongs to
at least one reference category and a second sample probability value that the sample
reference image belongs to the at least one reference category, and the reference category is

an image category to which the sample reference image belongs; and

obtaining an image category detection result of the sample target image based on the
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first sample probability value;

before the adjusting a network parameter of the image detection model using the
image category detection result of the sample target image and an annotated image category

of the sample target image, the method further comprises:

updating the sample category relevance using the first sample probability value

and the second sample probability value; and

adjusting a network parameter of the image detection model using the image category
detection result of the sample target image and an annotated image category of the sample

target image comprises:

obtaining a first loss value of the image detection model using the first sample

probability value and the annotated image category of the sample target image;

obtaining a second loss value of the image detection model using an actual
category relevance between the sample target image and the sample reference image

and the updated sample category relevance; and

adjusting the network parameter of the image detection model based on the

first loss value and the second loss value.

15. The method of claim 14, wherein the image detection model comprises at least one
sequentially connected network layer, and each network layer comprises a first network and a
second network; and before adjusting the network parameter of the image detection model

based on the first loss value and the second loss value, the method further comprises:

when a current network layer is not a last network layer of the image detection
model, using a next network layer of the current network layer to re-perform the step
of updating the sample image features of the plurality of sample images using the
sample category relevance based on a first network of the image detection model and
subsequent steps, until the current network layer is the last network layer of the image

detection model;
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adjusting the network parameter of the image detection model based on the first loss

value and the second loss value comprises:

weighting first loss values corresponding to respective network layers by using
first weights corresponding to respective network layers to obtain a first weighted loss

value;

weighting second loss values corresponding to respective network layers by
using second weights corresponding to respective network layers to obtain a second

weighted loss value; and

adjusting the network parameter of the image detection model based on the

first weighted loss value and the second weighted loss value;

wherein the lower the network layer in the image detection model is, the larger

the first weight and the second weight corresponding to the network layer are.

16. An image detection apparatus, comprising:

an image obtaining module, configured to obtain image features of a plurality of
images and a category relevance of at least one image pair, wherein the plurality of images
comprise reference images and target images, any two images in the plurality of images form
an image pair, and the category relevance indicates a possiblity that images in the image pair

belong to a same image category;

a feature updating module, configured to update the image features of the plurality of

images using the category relevance; and

a result obtaining module, configured to obtain an image category detection result of

the target image using the updated image features.

17. An image detection model training apparatus, comprising:

a sample obtaining module, configured to obtain sample image features of a plurality
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of sample images and a sample category relevance of at least one sample image pair, wherein
the plurality of sample images comprise sample reference images and sample target images,
any two sample images in the plurality of sample images form a sample image pair, and the
sample category relevance indicates a possibility that images in the sample image pair belong

to a same image category;

a feature update module, configured to update the sample image features of the
plurality of sample images using the sample category relevance based on a first network of the

image detection model;

a result obtaining module, configured to obtain an image category detection result of
the sample target image using the updated sample image features based on a second network

of the image detection model; and

a parameter update module, configured to adjust a network parameter of the image
detection model using the image category detection result of the sample target image and an

annotated image category of the sample target image.

18. An electronic device, comprising a memory and a processor coupled to each other,
wherein the processor is configured to execute program instructions stored in the memory to
implement the image detection method of any one of claims 1 to 12 or the method for training

the image detection model of any one of claims 13 to 15.

19. A computer readable storage medium having stored thereon program instructions that
when executed by a processor, implement the image detection method of any one of claims 1
to 12 or the method for training the image detection model of any one of claims 13 to 15.

20. A computer program, comprising computer readable codes, wherein when the computer
readable codes run in an electronic device, a processor of the electronic device implements the
image detection method of any one of claims 1 to 12 or the method for training the image

detection model of any one of claims 13 to 15.
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