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Abstract Concept sketching, as a higher order human visual cognitive activity, is an important tool to assist designers in recording, 

ideating, creating, and evaluating ideas and has a positive impact on the generation of innovative concepts. In order to simulate this 

higher order visual cognitive behaviors of designers and to achieve intelligent assistance in creative sketching, a deep learning-based 

design integrated framework for intelligent generation of product concept sketches is proposed, which includes two core modules: an 

end-to-end sketch design GAN (Sketch2Render-GAN) and a sketch-neural style transfer network (Sketch-NST). The first module 

implements sketch generation and rendering, while the second performs sketch style features transformation. The hand drill and 

bicycle helmet were used as design objects respectively, and experimental results show that the proposed approach framework can 

quickly obtain many innovative concept sketches and implement automatic sketch rendering and style transformation. The findings 

also show that the approach framework helps designers to break through design solidification at the visual perception level and 

increase design efficiency. Furthermore, a smart-sketch design generator (S-SDG_v0.1) was developed to facilitate human-machine 

design collaboration between designers and AI models, which effectively reduces the threshold of designers to apply intelligent 

algorithms to assist design. 

Key words visual cognition deep learning generative design sketch design GAN 
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Abstract A fine-grained styles recognition convolutional neural network (FSR-CNN) based on composite 
learning pipelines is proposed to effectively extract product style features with differences. The first one is 
the attention learning pipeline, which is based on the residual structure and embeds coordinate attention, 
convolutional block attention and multi-head attention in a string-parallel combination to form a 
lightweight hybrid attention residual network (HA-ResNet) fo
the transfer learning pipeline is used to fine-tune the pre-trained GoogLeNet to expand the capacity of 
HA-ResNet model for extracting multi-
both are fused and the MLP classifier is used to identify the product style types. Experiments are performed 
on a self-built bicycle helmet dataset and compared with other classical deep convolutional neural network 
models. The experimental results show that the FSR-CNN model exhibits higher accuracy and stronger 
robustness, providing a new model algorithm architecture for product styles fine retrieval and reuse. 
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3 1

7×7 2 3 64

LN BN GELUs

(MaxPool2d)

64 128

1 1 128 256

(AdaptiveAvgPool2d) 7×7

Dropout ( 0.6) (Convolutional block attention module

CBAM) (Multi-head attention MHA)

5×5 GELUs ReLU  

2.2.1   
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WERTHEIMER[31]

( ) (

) ( )
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(Coordinate attention block CAB)[32]
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CAB 3 1 128 28 CAB
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2.3  GoogLeNet  

GoogLeNet

(Hebbian principle) Inception block [13]
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GoogLeNet 9 Inception block LeNet-5[10] AlexNet[9] NiN[11]
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HA-ResNet FSR-CNN
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FSR-CNN
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                                  (6) 
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3.1   

1

6 502 / 6 217 285 5

( ) ( ) ( ) ( )

( ) 1  
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/  1 337 878 1 047 1 455 1 500 

 58 52 45 62 68 

 1Sleek 2Sci-fi 2Streamline 4Hale 5Wrap 

3.2   

3.2.1   

FSR-CNN max_epoch 800 batch_size 88 AadmW[35]

2E-6 1 0.9 2 0.999

5E-2 6:4  

5 FSR-CNN

6

725 87.79%  
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7 DCNNs LeNet-5[10] AlexNet[9] VGG11[12]

VGG16[12] GoogLeNet[13] GoogLeNet(pretrained)[13] ResNet18[14]

7

2

7 8 FSR-CNN 0.4

FSR-CNN

 

2   

      

1 LeNet-5 1E-4 1E-3 88 AdamW 

2 AlexNet 3E-6 5E-2 88 SGD 

3 VGG11/VGG16 1E-5 1E-3 88 Adam 

4 GoogLeNet 5E-5 1E-3 88 AdamW 

5 GoogLeNet(pretrained) 1E-6 1E-1 88 AdamW 

6 ReNet18 6E-6 5E-2 88 AdamW 
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8  8  

FSR-CNN 7 3

FSR-CNN F1 4 7 DCNNs

GoogLeNet 6

GoogLeNet  

3  FSR-CNN  

     F1   

0 FSR-CNN 0.835 0.845 0.835 0.836  

1 LeNet-5 0.670 0.685 0.670 0.669  

2 AlexNet 0.677 0.677 0.677 0.668  

3 VGG11 0.695 0.697 0.695 0.680  

4 VGG16 0.737 0.754 0.737 0.734  

5 GoogLeNet 0.712 0.713 0.712 0.696  

6 GoogLeNet(pretrained) 0.821 0.826 0.821 0.822  

7 ReNet18 0.688 0.699 0.689 0.678  

3

FSR-CNN

(Confusion matrix) 9 FSR-CNN
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9  FSR-CNN  
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(4Hale) (5Wrap) 4 5 3 5 (2Sci-fi)

4 8 2 4
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5 4

(7)~(9) F1 4 F1
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    F1   

 1Sleek 0.82 0.88 0.85 58 

 2Sci-fi 0.69 0.73 0.71 52 

 3Streamline 0.94 0.73 0.83 45 

 4Hale 0.79 0.92 0.85 62 

 5Wrap 0.97 0.87 0.91 68 
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      F1  

0 FSR-CNN  0.835 0.845 0.835 0.836 

1 HA-ResNet  0.639 0.668 0.639 0.625 
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0.796 0.811 0.796 0.797 
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