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Introduction

Background:

• How to explore the interaction between image 
aesthetic rules and crops is the key to finding views 
with good composition.

• It is subjective to evaluate candidate crops, which 
mainly depends on aesthetic knowledge, but it is not 
a n  e a s y  t a s k  f o r  p e o p l e  w i t h o u t  e x t e n s i v e 
photography experience.

• Exis t ing methods  most ly  f ind good views  by 
extract ing general  aesthet ic  features  of  crops 
without fully exploring the aesthetic rules.



Introduction

Contribution:

• We propose a Composition-Guided Image Cropping 
Aesthetic Assessment Network (CGICAANet), 
which automatically finds the best crop with good 
composition and enhances the consistency between 
the predicted crops and labels.

• We construct a composition pattern module (CPM) 
to adaptively explore suitable composition rules for 
the images in a direct and interpretable way.

• To enhance the consistency between candidates and 
annotations, we design an effective multi-task loss 
to train the CGICAANet so that the predicted scores, 
sorting order and characteristics of the candidates 
can  fo rce fu l l y  app rox im a te  t he  anno t a t i ons 
simultaneously.



Overview of the CGICAANet



Feature Extraction

• Backbone network • Multi-scale feature aggregation module (MFAM)

• Low-level features usually contain much detailed 
information, while the high-level features contain 
rich semantic information.

• By cascading MFAM, high-level and low-level 
features at  different  scales  can be effect ively 
aggregated in a progressive manner.

• Compared with single-scale features, the multi-scale 
features are beneficial to suppress noise distractions 
and boost the discrimination of the features.



Composition Pattern Module (CPM)

• Each composition pattern contains several non-
overlapping partitions.

• For the p-th pattern, we divide the input global 
feature map F and saliency map S into Kp non-
overlapping partitions



Feature Fusion Module (FFM)

• We dynamically adjust the weights of the two features through learning.



Loss Function

• The Smooth L1 loss is broadly used in regression problems due to its robustness to outliers.

• Since the regression loss implicitly models the sorting order of different candidate boxes, we also utilize a ranking loss 
to explicitly reflect the score gap between different regions.

• The CIoU loss is used to make the predicted candidate crop close to the labeled box, which considers the overlap area, 
center point and aspect ratio of crops.
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