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Path Predictions by LSTM Using Object Attributes and Semantic Environment

Hiroaki MINOURA, Tsubasa HIRAKAWA, Takayoshi YAMASHITA and Hironobu FUJIYOSHI

Path prediction methods with deep learning architectures consider the interactions of pedestrians with the feature of the

surrounding physical environment. However, these methods process all pedestrian targets as a unified category, making it

difficult to predict a suitable path for each category. In real scenes, both pedestrians and vehicles must be considered.

Predicting the path that corresponds to a target type is possible by considering the types of multiple targets. Therefore, to

achieve path prediction compatible with individual categories, we propose a path prediction method that simultaneously

represents the target type as an attribute and considers physical environment information. Our method inputs feature vectors

that represent i) past object trajectory, ii) the attribute, and iii) the semantics of the surrounding area into a long short-term

memory, making it possible to predict a proper path for each target. Experiments prove that our approach can predict a path

with higher precision. Also, we analyze its effectiveness by introducing the attribute of the prediction target and the physical

environment’s information.
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Fig. 1 The overview of the proposed method
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Table 1 The detailed network architecture of the proposed method

layer kernel size output size remarks
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Fig.4 Examples of original scene (left) and annotated scene labels (right) in the SDD

Table 2 Training and test data details

train test
Number of scenes 52 8
bicycle 2,369 545
pedestrian 2,696 500
cart 71 15
attribute
car 75 5
bus 17 2
skateboarder 137 15
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Table3 Quantitative results for prediction methods (unit : pixel)

Metric KF S-LSTM trajectory trajectory + trajectory + trajectory +

attribute environment attr. + env.
Final disp. error 174.42 206.22 196.13 173.04 172.12 109.44
Avg. disp. error 116.02 125.41 86.42 76.32 76.01 53.20
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Fig. 6 Examples of prediction results of each method on SDD

Table4 Quantitative results of each attribute

input Final disp. error Avg. disp. error
bicycle 113.82 51.25
pedestrian 43.22 23.14
cart 85.52 53.68
car 129.53 58.68
bus 151.74 76.34
skateboarder 132.79 61.67
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Table 5 Quantitative results introducing obstacle map or scene

input Final disp. error Avg. disp. error
Obstacle map 130.12 59.42
Scene label 109.44 53.20
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Fig. 8 Examples of prediction results with different environment information
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Fig.9 Selected failed prediction results
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