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Abstract : In recent years,the object detection algorithm based on deep learning has developed rapidly. However, it can’t
be widely used in embedded platforms because the network is too large. This paper optimized the model size of SSD
(Single Shot Multi-box Detector ) network, introduced the lightweight convolutional neural network—MobileNetv2,
analyzed the inverted residual and linear bottleneck structure in MobileNetv2, and compared SSD and its lightweight
version—SSDLite. We proposed a lightweight vehicle and pedestrian detection model which named LVP-DN ( Lightweight
Vehicle and Pedestrian Detection Network ). First,the MobilNetv2 was used to instead of VGG as the basic network to
perform feature extraction. Then,the SSDLite was used to replace the original structure,in order to reduce the model size
and speed up the detection process. It is improved that the accuracy of network detection for pedestrians by optimizing the
ratio of the default box. We compared the impact of three factors on network performance on the KITTI and PASCAL
VOC datasets. The factors are the input image size, different basic network and whether used the pre-training models.
The experimental results show that compared with other popular object detection models, the vehicle and pedestrian
detection models proposed in this paper have achieved good results in the evaluation standards such as accuracy,speed,
and model size.
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Table 1 MobileNetv2 network parameters

L2 i E HE YR WIEY KR HK AT PR
Conv2d 32 1 - 2 224%224%3
Inverted Residual 16 1 1 1 112x112x32
Inverted Residual 24 2 6 2 112x112x16
Inverted Residual 32 3 6 2 56x56x24
Inverted Residual 64 4 6 2 28x28x32
Inverted Residual 96 3 6 1 28x28x64
Inverted Residual 160 3 6 2 14x14x96
Inverted Residual 320 1 6 1 7x7x160
Conv2d 1x1 1280 1 - 1 7x7%320
Avgpool - 1 - - Tx7x1280
Conv2d 1x1 k - - - 1x1xk
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Table 2 SSD network parameters

HBRE BB EE HEERE PRk Wha¥R| B2 BB #EE &R LK EihadeR
Convl 3x3 64 2 1 300%300 Fc6 3x3 1024 1 1 19%19
Pooll 2x2 1 1 2 150%150 Fe7 1x1 1024 1 1 19x19
Conv2 3x3 128 2 1 150%150 || Conv6_1 1x1 256 1 1 19x19
Pool2 2x2 1 1 2 75%75 Conv6_2 3x3 512 1 2 10x10
Conv3 3x3 128 3 1 75%75 Conv7_1 1x1 128 1 1 10x10
Pool3 2%x2 1 1 2 38%x38 Conv7_2 3x3 256 1 2 5%5
Conv4 3x3 512 3 1 38x38 Conv8_1 1x1 128 1 1 5x5
Pool4 2x2 1 1 2 19x19 Conv8_2 3x3 256 1 1 3x3
Conv5 3x3 512 3 1 19x19 Conv9_1 1x1 128 1 1 3x3
Pool5 3x3 1 1 1 19x19 Conv9_2 3x3 256 1 1 1x1
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Table 3 LVP-DN network parameters

BIHZE Wi EERE PR Wil BIHZE Wi EERE PR HWladeE
Conv2D 32 1 2 256x256 Inverted Residual 160 3 2 16x16
Inverted Residual 16 1 1 256x256 Inverted Residual 320 1 1 16x16
Inverted Residual 24 2 2 128%x128 Extras IRblock_1 512 1 2 8x8
Inverted Residual 32 3 2 64x64 Extras IRblock_2 256 1 2 4x4
Inverted Residual 64 4 2 32x32 Extras IRblock_3 256 1 2 2%2
Inverted Residual 96 3 1 32x32 Extras IRblock_4 128 1 2 1x1
LVP-DN A I B AL 5 i, Rl 3 435 Fd4 HEERT R
E/‘J CI’%?E lz] Rﬂ‘ %ﬂ Ej(i)\ @%L lﬁﬂi E’\J&ﬁﬂﬂ %% 4 E]',/jf\‘ }fﬁ Table 4 Feature map scale and aspect ratio
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Fig. 5 LVP-DN detection process
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SEEGAERANGR 5 i X HGES 1.2 13 4 AT45 R AT %, DL MobileNetv2 1 S St % 45 7] LLUAT 20820 ]
LERAY ) SR (R /D 8.2 ~8.9 MB) , i BRoAR Y (14 ARG (I 7RPS ) |, 17 G IS 5 S AR B A5 5 ). Xk
FEo 1.3 F1 2 4 F7 025 S mT LA 2, AR I 9 45 5% F SSDLite 25 #4J IRF 4% DA A v 441 4 48 T (AL R sk /> 4.2 ~
4.9 MB, Kl 3 B2 T1 13FPS, mAP $27F 1.3%~1.6%) . £ I, A SC3 ) LVP-DN /2% % I MobileNetv2 +
SSDLite £5#4 Y PEREEUAS T S LA
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Table 5 The results on different base networks Table 6 The results on LVP-DN networks with
and detection structures different input scales
SRk 4% BRI R/ N/MB i EE/FPS K5/ mAP FIZpEisl  RIEIAUNMB EEE/FPS K51 /mAP
MobileNet+SSD 26.3 43 55.1% LVP-DN(300) 13.2 63 56.6%
MobileNetv2+SSD 18.1 50 55.3% LVP-DN(512) 132 63 75.5%
MobileNet+SSDLite 22.1 56 56.7%
LVP-DN(300) 13.2 63 56.6% LVP-DN(800) 13.2 63 83.6%

(3) M T X E BT HA AT 4 Ak H AR I P26, 4595 7E PASCAL VOC2007+2012 Fidfi 5 I X A Al
AT, vOC2007 PR AE AT IFAS. Hirr, Tiny SSD A1 Tiny YOLO 2 H RTECA AT I PRI 82 510 B Fr
a0 X 2%

LA RUNGE T F7s A SCHR HY B R 25 2544 Mo- 7 RE BRI AT
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