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Dishes detection based on lightweight SSD
YAO Huaying, PENG Yaxiong, LU Anjiang
(College of Big Data and Information Engineering, Guizhou University, Guizhou 550025, China )

[ Abstract] In order to be able to deploy a dishes detection system on devices with limited computing power such as mobile devices
to help people know the dish information, this paper makes lightweight to the traditional object detection model SSD, which
improves the detection accuracy and detection speed. First, use MobileNetV2 to replace the VGG-16 of the SSD model to reduce the
size of the model and increase the speed. Then use the attention mechanism and shuffle channel algorithm to design a new attention
Inverse Residual block to enhance the feature extraction ability; optimize the IOU calculation method, change the regression
positioning loss function, and accelerate the convergence of the model. Finally, trained on the self —built Chinesefood dataset.
Experiments show that comprehensive the detection speed, model size and accuracy and other evaluation indicators, the Att_
Mobilenetv2_SSDLite lightweight object detection model proposed in this paper is better than SSD and other object detection models.
[ Key words] object detection; MobileNetV2; SSD; attention mechanism; lightweight neural network
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Fig. 1 Network architecture of SSD
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Tab. 1 SSD network parameters

Conv Channel  repeat Stride Output  Feature
Conv2d_1 64 2 2 150x150 -
Conv2d_2 128 3 1 150x150 -
Conv2d_3 128 3 2 75%75 -
Conv2d_4 512 3 2 38x38 -
Conv2d_5 512 3 1 38x38 4

FCo6 1024 1 1 19x19 -

FC7 1024 1 1 19x19 6
Conv2d_8 512 1 2 10x10 6
Conv2d_9 256 1 2 5%5 6
Conv2d_10 256 1 1 3x3 4
Conv2d_11 256 1 1 1x1 4
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Fig. 2 Comparison of residual structure and inverse residual structure
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Tab. 2 MobileNetV2 network parameters

Conv Channel repeat Stride Output
Conv2d 32 1 2 150x150
Inverted Residual 16 1 1 150x150
Inverted Residual 24 2 2 75%75
Inverted Residual 32 3 2 38x38
Inverted Residual 64 4 2 19x19
Inverted Residual 96 3 1 19x19
Inverted Residual 160 3 2 10x10
Inverted Residual 320 1 1 10x10
Conv2d 1280 1 1 10x10
Avgpool 7x7 - 1 - 10x10
Conv2d K-classes - 1 1x1
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Fig. 3 Network architecture of Att_Mobilenetv2_SSDLite
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Tab.3 network parameters of Att_Mobilenetv2_SSDLite

Conv Channel repeat Stride  Output predict

Conv2d 32 1 1 150x150 -
Att=Inverted Residual 16 1 1 150%150 -
Att=Inverted Residual 24 2 2 75%75 -
Att—Inverted Residual 32 2 2 38x38 -
Att—=Inverted Residual 64 2 2 19x19 -
Att-Inverted Residual 96 2 1 19x19 %
Att—Inverted Residual 1024 2 2 10x10 vV
SperableConv2d 512 1 2 5%5 %
SperableConv2d 256 1 2 3%3 vV
SperableConv2d 256 1 1 1x1 v
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Tab. 4 SSD and Att_Mobilenetv2_SSDLite network parameters

SSD
Size aspect retios area candidate box  boxes
38x38 11,2,1/2} 4 5776
19%19 11,2,3,1/2,1/3} 6 2 166
10x10 11,2,3,1/2,1/3} 6 600
5%5 11,2,3,1/2,1/3} 6 150
3x3 11,2,1/2} 4 36
1x1 11,2,1/2} 4 4

%5 Att_Mobilenetv2_SSDLite % &%
Tab. 5 Att_Mobilenetv2_SSDLite network parameters

Att_Mobilenetv2_SSDLite

Size aspect retios area candidate box boxes
19%x19 11,2,1/2} 4 1 444
10x10 11,2,3,1/2,1/3} 6 600
5%5 11,2,3,1/2,1/3} 6 150
3x3 11,2,3,1/2,1/3} 6 54
1x1 11,2,3,1/2,1/3} 6 6
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Tab. 6 Comparison of model detection with different numbers of

prediction layers

Features Model
Model /ps mAP AR

number size

Att_Mobilenetv2_SSDLite 4 114.40 94.8% 84.1% 10.4M

Att_Mobilenetv2_SSDLite 5 105.45 96.3% 84.2% 11.5M
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Tab. 7 Comparison of different structural
Model Features number Att—Inverted—Residual Sperable—Conv2d Lewmh Ips mAP AR Model size
Att_Mobilenetv2_SSDLite 5 Y v 2 105.45 96.3% 84.2% 11.5M
Mobilenetv2_SSDLite 5 - vV v 109.73 95.4% 84.1% 11.4M
Att_Mobilenetv2_SSD 5 v - 2 107.54  96.1% 85.5% 36.1M
Att_Mobilenetv2_SSDLite 5 Vv Vv - 96.02 94.7% 83.0% 11.5M
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Tab. 8 Comparison of different models

Model fps mAP AR Model size
At_Mobilenetv2_SSDLite  105.45 96.3% 84.2%  11.5M
Mobilenety1_SSD 90.55 95.3% 85.2%  52.1M
SSD300 4594  97.6% 88.5%  104.5M
Tiny SSD300 39.61  943% 82.1% 23 M
Tiny YOLO 3522 96.6% 85.7%  60.5M
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