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Abstract: Aiming at problems,of insufficient utilization of datasets and insensitivity to small object detection in the
field of traffic image recognition by targetidetection algorithm, this paper proposes an improved detection model based on
SSD (Solid State Disk) algorithm. The most important test set in the field of autonomous driving is selected as the dataset
for model training. Thréugh comparative experiments, the most appropriate division ratio of training set, validation set and
test set is selected. Experimental results show that compared with other control groups, reasonable dataset division has an
increase of 13% in accuracy of detecting targets and a decrease of 15% in detection time, which proves that reasonable
dataset diviSien canimprove model generalization and detection efficiency. Aiming at the problem that the algorithm is not
sensitive to small object detection, structure and parameters of the model is adjusted and size of the input image of the model
is modified.)The experimental results show that under the same image input size, the detection capability of small objects is
significantly improved, the overall detection capability is improved by 14.5%, and a higher detection rate is guaranteed. The
above all prove the effectiveness of the new algorithm.
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L(x,c,l,g) = N(Lm/ (x,0)+ aLloc (x,1,2)) (1) Convlutional+Relu 128 3x3 224 x 224
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Tab.3 Training results of division ratios for different dataset

BRI LB BRI el BdlieRisy Ll

L 45:5:50 40 :10:50 30 :20:50
Carl1] 0.6611 0.6761 0.6598
Van[2] 0.5111 0.5626 0.5607

Truck[3] 0.3473 0.4950 0.5409

Cyclist[4] 0.1365 0.2195 0.3061

Pedestrian[5] 0.1180 0.0915 0.3747
Person_sitting[6] 0.0911 0.2338 0.1485

Tram(7] 0.6227 0.6012 0.3726

Misc[8] 0.4126 0.3896 0.3079
mAP_VOC07 0.3626 0.4086 0.4015
FPS(fps) 78.43 71.43 72.07
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WMERAFTR
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Tab.4 Training results of the improved model

Bl PR AR T Fel 1 AR S|
300X 300 384X 1280

Car(1] 0.6754 0.6942
Van|[2] 0.5698 0.5779
Truckl3] 0.4872 0.5496
Cyclist[4] 0.2311 0.4179
Pedestrian[5] 0.0909 0.3709
Person_sitting[6] 0.1515 0.4881
Tram[7] 0.6216 0.3410
Misc[8] 0.4890 0.3687
mAP_VOC07 0.4145 0.4760
EPS(fps) 78.43 26.76
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Fig.2 Model testing result 1
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Fig.3 Model testing result 2
5 #5if(Conclusion)
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