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Destination Prediction of Moving Objects Based on Convolutional Neural Networks and
Long-Short Term Memory
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Abstract Destination prediction of moving objects is an important part of location-based service. There are always some difficult
problems in this field,such as sparse data and long-term dependence. In order to solve these problems effectively, firstly,a trajec-
tory segmentation method based on the minimum description length strategy (MDL) is introduced, which can obtain the best tra-
jectory segmentation,improve the similarity between tracks and realize the simplification of trajectories. Then,the segmented data
are processed by image processing and local extraction,and the trajectory destination is clustered to add labels to the trajectory
data. Finally, this paper proposes a deep learning framework CNN-LSTM based on convolution and long-short term memory. In
this framework,local image data and labels firstly are taken as the input of the CNN model,and the effective information is pre-
served through the depth extraction of spatial features. Then,the LSTM algorithm is used for training and destination prediction.
Extensive experiments are carried out on real trajectory dataset of moving objects . The results demonstrate that the CNN-LSTM
method proposed in this paper has a strong learning ability and can better capture the spatiotemporal correlation of trajectories. In

comparison to state-of-the-art and latest prediction algorithms, this method has high accuracy of destination prediction.
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13. BestModel= save(Model) 5
14. RETURN BestModel.
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k3 FTF CNN-LSTM AR B G b 79 0 3 3

A VNS RREAL BestModel 5 1 100 4138 804 Validate_data
it < T T AU T A 0 DX B2 00 4 S Range_list

1. Test_data=IMDL(Validate_data) ;

2. W TR 00D AR R AT PR AR Ab B

3. FOR % j AN B #cdl DO

4 Batch_x,y=get_sequent_data(Test_data ,j) ; / 3REBUNILE

B A 900 A5 A

5. vali_score=BestModel. add( Batch_x.y); //fif & & &9 Il %
TR A7 T

6. END FOR

7. Range_list =Find_position(vali_score) ;
/7 AR IR T B ST A A X I I A
8. RETURN Range_list.
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Fig. 7 Corresponding training error and test error of 20%

of data length
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Fig. 8 Corresponding training error and test error of 30%
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Fig. 9 Corresponding training error and test error of 40%
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Fig. 10 Corresponding training error and test error of 50%
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