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Abstract

With the rapid development and widespread adoption of Internet and multime-
dia photography technologies, the volume of image resources has expanded dra-
matically. Locating users’ most preferred images quickly and effectively among
vast image information resources has become a critical challenge in the field of
image recommendation. To address this problem, we propose an aesthetic im-
age recommendation method based on user preferences. This approach extracts
deep features from images using deep convolutional neural networks and ob-
tains an image ranking score through SVMRank. Simultaneously, it computes
aesthetic features using manually annotated aesthetic attributes (such as color
harmony, composition rules, sharpness, and simplicity) to derive an aesthetic
score. Finally, weighted cross-validation is employed to generate recommen-
dation results that satisfy users. Experimental results demonstrate that this
algorithm is an effective aesthetic preference recommendation method.

Full Text

Preamble
User-Specific Method for Aesthetic Image Recommendation

Xu Yongbo, Su Shimei, Fan Longging
(School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001,
China)

Abstract: With the rapid development and popularization of Internet and mul-
timedia camera technology, the volume of various image resources has expanded
dramatically. How to quickly and effectively find users’ favorite images among
numerous image information resources has become an important issue in the
field of image recommendation. To address this problem, this paper proposes a
user-preference aesthetic image recommendation method. The method extracts
deep features of images using deep convolutional neural networks, obtaining an
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image ranking score through SVMRank. Simultaneously, it calculates aesthetic
features from manually labeled image aesthetic factors (such as color harmony,
composition rules, clarity, and simplicity) to obtain an aesthetic score. Finally,
weighted cross-validation yields a recommendation result that satisfies users. Ex-
periments demonstrate that this algorithm is an effective aesthetic preference
recommendation method.

Keywords: deep convolutional neural network; aesthetic rules; user preferences

0 Introduction

Traditional image retrieval systems primarily fall into two categories: text-based
image retrieval [1,2] and content-based image retrieval [2,4]. Text-based image
retrieval, the earliest popular approach, matches user-input keywords with tex-
tual descriptions of images in the database and returns images with high simi-
larity. However, this method suffers from semantic gap and cold start problems.
Content-based image retrieval, currently the most commonly used approach, re-
trieves images based on features such as color, shape, and texture [5,6,7]. The
retrieval process involves three main steps: extracting low-level image features,
designing feature fusion methods, and performing similarity matching to return
results.

With the vigorous development of mobile Internet and social networks, peo-
ple can access massive information resources (including digital images) online.
Moreover, digital cameras and camera phones enable everyone to capture scenes
anytime and anywhere, causing individual image collections to grow exponen-
tially. As an important information carrier, images offer many advantages over
text. For instance, images present information more intuitively and richly, ac-
curately reflecting object shapes while also conveying color and texture informa-
tion. How to quickly and effectively find users’ favorite images among numerous
image information resources has become a critical problem in image recommen-
dation.

Recent advances in neural networks [12,16,18,27] have enabled researchers to
extract deep image features to replace handcrafted features. Lu et al. [16] pro-
posed a two-column deep convolutional neural network to simultaneously cap-
ture global and local features, overcoming the inability of traditional handcrafted
features to accurately express semantics. Wang et al. [27] utilized deep learning
networks to automatically complete feature learning from different perspectives
of the same image, obtaining more comprehensive image aesthetic feature de-
scriptions. While neural networks accelerate feature extraction and improve
classification accuracy, the absence of aesthetic factors remains a limitation.

As image processing has advanced, researchers have derived a series of mod-
ern aesthetic rules from high-quality photographs. Applying simple aesthetic
and photographic rules to image classification and recommendation can effec-
tively enhance computational performance in distinguishing high-quality from
low-quality images. Researchers have conducted extensive experiments rang-
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ing from low-level visual features to high-level compositional features. Tong et
al. [11] proposed a set of low-level visual features to differentiate professional
from amateur photography. Datta et al. [12] computed a 56-dimensional fea-
ture vector to understand images. For more professional photography settings,
Luo et al. [13] proposed an image subject region extraction scheme. Mavridaki
et al. [14] first proposed and used pattern aesthetic attributes, achieving good
results by combining simplicity and composition attributes. Dhar et al. [15]
proposed describable features based on content, composition, and lighting to
predict the interestingness of input images.

To improve user query efficiency, researchers have incorporated personalized
user information [10,17~20,26] into recommendation systems to suggest rele-
vant images that may interest users, making results more targeted and better
aligned with individual needs. Li et al. [20] proposed a novel recommendation
system that provides image sets related to personal preferences and interests.
Zhang et al. [10] added personalized tags to represent user preferences, offering
a new effective approach to overcome the semantic gap and achieve personalized
recommendation. However, image descriptive information or tag settings carry
user subjectivity, which is detrimental to personalized recommendation.

This paper proposes a user-preference image recommendation model that effi-
ciently addresses these issues. The method uses user-selected images to repre-
sent preferences and employs deep convolutional neural networks (DCNN) to
extract image features, ensuring full capture of intrinsic image diversity. Simul-
taneously, it uses widely recognized computational methods for image aesthetic
rules to calculate aesthetic features, ensuring user aesthetic characteristics are
satisfied. The main contributions are twofold: (a) proposing a user-preference
image recommendation method that combines user preferences with DCNN;
and (b) integrating aesthetic computational rules with DCNN into the image
recommendation algorithm.

1 Recommendation Algorithm

The proposed method is illustrated in Figure 1 [Figure 1: see original paper].
The approach consists of two main components: (a) using DCNN to extract deep,
indescribable features from input images, then applying SVMrank for classifica-
tion and ranking experiments to obtain a DCNN score for each image; and (b)
calculating aesthetic features of input images through aesthetic experiments to
obtain a set of aesthetic vectors, which are then fed into an SVM classifier to
produce an aesthetic feature scoring model. By multiplying with corresponding
weight values, these two scoring models are cross-combined to obtain the final
recommendation result. The detected images that match user preferences are
input again into the system, yielding a set of images sorted by descending DAS
scores, which are then recommended to users.
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1.1 DCNN Scoring Algorithm

The DCNN network employed in this paper was designed and proposed by
Krizhevsky et al. [21]. First, the training image dataset undergoes preliminary
cropping to unify each input image to 227x227 pixels, and the cropped images
are fed into the DCNN network, which outputs a deep feature set for the image
dataset. On the other hand, user-selected preference images are similarly pro-
cessed and input into the DCNN network to obtain a deep feature set for user
input images. Figure 2 [Figure 2: see original paper| shows the effect of neural
network convolution on images. Finally, similarity retrieval is performed be-
tween the feature set of user input test images and the dataset feature set, with
weighted fusion of scores obtained from different models for the same image,
followed by normalization to obtain the DCNN score for user input test images.
The image similarity retrieval method adopts the work of Tian et al. [22].

Assume U = {I,1,1,9, s Lym} is the set of images selected by the user as
preferences, where I, represents a user-preferred image. Features are extracted
from the entire training set to obtain a model I'. For a given image I, its visual
features are extracted to retrieve similar images from I'. For retrieval purposes,
Equation (3) is used to explore images adjacent to user preference images in the
joint visual space.

U is the adjacent visual space of user-preferred images. For each user preference image, a dynamic strategy is

The preference function model is shown in Equation (4):
D()- A(-)- DAS() - DAS()

1.2 Aesthetic Scoring Algorithm

This paper employs widely recognized representative aesthetic rules in the aes-
thetic analysis phase, such as image color, simplicity, contrast, and composition
[14].

1.2.1 Color To evaluate image color harmony, this paper uses adjacent colors
(subordination color) (Figure 3a), cooperate colors (Figure 3b), and complemen-
tary colors (Figure 3c). Conventional color analysis methods are adopted: first
converting color images from RGB format to HSV (hue, saturation, value) for-
mat, then analyzing and computing the image color distribution histogram, and
finally converting the HSV format back to RGB format for display. After ob-
taining the image color distribution histogram, thresholds are set based on the
proportion of each color in the distribution. If a single color occupies a high
proportion, the image uses adjacent colors; if the image contains two colors
with high proportions simultaneously, it can be determined as either cooperate
colors or complementary colors. The color wheel shown in Figure 3 [Figure 3:
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see original paper] can determine which category the image belongs to. Using
the color wheel to measure image color composition can accurately determine
whether the color matching is reasonable, providing convenience for users to
select images with reasonable color coordination.

1.2.3 Clarity In image quality evaluation, clarity is one of the important
factors for judging image quality. This paper adopts the method proposed by
E. Mavridaki et al. [14] to detect image clarity, using Equation (1) to extract
clarity features, obtaining a 635-dimensional clarity feature vector for the test
image. Subsequently, similarity classification is performed with the clarity fea-
ture model of the entire dataset on SVM.

Q= MiNZI:Zy:\/(I(x’y)—l(a?—I—1,y))2—|—(I(aj7y)_](x’y+1))2

where I(x,y) corresponds to the grayscale value or brightness component at
position (x,y), and M x N is the total number of pixels in the image.

1.2.4 Composition Reasonable composition can better express image con-
tent, making the subject prominent and the form novel and unique. Researchers
have proposed many image composition principles, such as rule of thirds, golden
ratio composition, symmetrical composition, and diagonal composition. This pa-
per mainly employs three composition rules: “center composition,”“rule of thirds
composition,” and “golden ratio composition.” To detect the “center composition
rule,” this paper uses the objectness measure proposed by Alexe et al. [24] to
detect the subject position in the input image, then calculates the Euclidean
distance and angle between the subject position and the image center. For de-
tecting “rule of thirds composition” and “golden ratio composition,” similar
calculation methods are used to estimate the Euclidean distance and the angle
between the subject position and the image center. The Euclidean distance and
angle calculations are shown in Equation (2):

d =+/(CenX — ObjCenX)? + (CenY — ObjCenY)?

where CenX,CenY represent the center coordinates of the image, and
ObjCenX,0bjCenY represent the center coordinates of the subject region.

2 Experiments
2.1 Dataset

The experiments in this paper use the CUHKPQ public dataset collected and
organized by Luo et al. [13]. The CUHKPQ dataset contains 17,673 images,
each provided by amateur photographers to professional photography websites
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with manually labeled ground truth quality. The entire dataset is divided into
seven categories: ‘people,” ‘plants,’” ‘night,” ‘static,” ‘architecture,” ‘animals,’
etc. Additionally, each image is rated (high or low quality) by ten independent
viewers. Considering user subjective preferences, this paper assumes that com-
parisons within the same category are more detailed. Therefore, experiments
are conducted on individual categories and the entire dataset to verify this as-
sumption. During experiments, the dataset is randomly divided into two parts,
with one part used as the training set and the other as the test set.

2.2 DCNN Experiments

As shown in Figure 2, this paper first requires users to randomly select m images
they like, then uses DCNN to extract deep features from these images, using
these m images to represent user preferences in images. Meanwhile, DCNN is
used to extract features from the selected training dataset, and the following
described image retrieval method is employed to obtain a user preference model.

Assume U = {I,;,I,9, .., L, } is the set of user-selected preference images,
where I, represents a user-preferred image. Features are extracted from the
entire training set to obtain a model I'. For a given image I, its visual features
are extracted to retrieve similar images from I'. For retrieval purposes, Equation
(3) is used to explore images adjacent to user preference images in the joint visual
space.

S(I)={I,,I T, I €V}

where U is the adjacent visual space of user-preferred images. For each user
preference image, a dynamic strategy is adopted to select m retrieved images
from T', and these images are concatenated into retrieval results S(I;). Once
the entire retrieval result is obtained, it can be used to learn a user preference
function. Finally, when a user inputs an image to the preference function, n
recommended images can be obtained (where n = 1,2,3,...; users can set the
value of n themselves). The preference function model is shown in Figure 5
[Figure 5: see original paper].

2.3 Aesthetic Experiments

Inputting user-selected preference images m into the aesthetic rule calculation
model yields corresponding binary classification features for aesthetic rules. Fi-
nally, using an SVM classifier, an aesthetic rule scoring model for the input m
images is obtained. The algorithm flowchart is shown in Figure 6 [Figure 6: see
original paper].

User satisfaction results are shown in Table 1 . Through data analysis of user
satisfaction and actual user feedback during experiments, recommending 5 im-
ages each time (the specific quantity can be set by users) yields the highest user
satisfaction without causing multiple selections or visual fatigue.
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2.4 Comprehensive Experiments

Finally, the preference model generated by DCNN and the traditional aesthetic
scoring model are weighted and cross-validated using Equations (5) and (6) to
obtain the final user preference recommendation model.

DAS=a-T+83-D

a+p=1

where DAS is the final score for recommended images, used to recommend
images to users in descending order. « is the user weight for DCNN scores, and
B is the user weight for aesthetic rule scores.

Table 2 shows the average precision (AP) for each category of images with dif-
ferent recommendation quantities. Users select their preferred images from each
category as initial input, which serves as an expression of user preferences. Af-
ter similarity retrieval as configured in this paper, a training data sequence is
obtained. Images liked by users are labeled as 1, and disliked images as 0, to cal-
culate the AP value for each category. Table 2 shows that when recommending 5
images to users, the AP values for animal (73.5%), people (80.2%), and architec-
ture (81.7%) categories are the highest. When recommending 10 images, static
(80.4%) achieves the highest value. When recommending 15 images, landscape
(80.8%) is highest. When recommending 20 images, night scene (80.7%) has the
highest AP value. To improve recommendation accuracy, when users select im-
ages from a single category, the preference recommendation model recommends
the quantity of images with high AP values. To more intuitively observe differ-
ences in AP values across different recommendation quantities, the data from
Table 2 is plotted as a line chart in Figure 7 [Figure 7: see original paper].

3 Experimental Results Analysis

In the experiments, 53 participants aged 19-56 were selected for image recom-
mendation experiments, and their feedback data was collected. The definition
of satisfaction degree is shown in Equation (7), and results from 5 random users
are displayed in Figure 5 [Figure 5: see original paper].

Number of photos liked by user

User Satisfaction Degree =
& Number of photos recommended at one time

To verify the effectiveness of the proposed preference recommendation algorithm,
MAP values were calculated and compared with current work, as shown in Table
3 . ZDE et al. [8] used Galois lattices and emergent semantic information to
determine final recommendation lists by finding similarities between relevant
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users, achieving a MAP value of 67.23% when recommending 20 images. Liu
et al. [9] used sparse topic modeling of image content and classical probabilistic
matrix factorization to obtain useful image information, achieving MAP values
of 62.32% when recommending 5 images, 56.56% when recommending 10 images,
and 54.62% when recommending 20 images. Li et al. [20] used different methods
to calculate a MAP value of 75.0% when recommending 5 images. The proposed
preference recommendation algorithm achieves a MAP value of 76.9% when
recommending 5 images, which is higher than [8,9,20]. The MAP value when
recommending 10 images (73.3%) is also significantly higher than Liu et al. [9]’
s result (56.56%). When recommending 20 images, the MAP value (74.8%) is
substantially higher than ZDE [8]'s (67.23%) and Liu [9]'s (54.62%). Comparison
with previous work Su [25] also shows improvement in MAP values. Comparing
MAP values across different recommendation quantities reveals that the MAP
value is highest (76.9%) when the recommendation quantity is 5, making it the
optimal recommendation quantity.

4 Conclusion

This paper proposes a user-preference image recommendation algorithm using
deep convolutional neural networks (DCNN), support vector machines (SVM),
and traditional aesthetic rule calculation methods. The algorithm first uses
DCNN to extract deep features from user input images, thereby learning user
preferences in deep features. Second, it calculates and learns user aesthetic pref-
erences for input images using aesthetic rules. Finally, the two are weighted and
cross-combined to obtain the final user preference model. When users input an
image into this preference model, satisfactory preference images can be recom-
mended. Since different people have different levels of visual fatigue, users have
different requirements for the number of recommended results. Therefore, this
paper allows users to determine the number of recommended images. Exper-
iments demonstrate that the proposed user-preference image recommendation
algorithm can recommend satisfactory images to users.
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