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[Abstract]  With acceleration of the urbanization process, pedestrian-vehicle conflicts have become a signif-
icant issue that modern society urgently needs to solve. In complex traffic scenarios, pedestrian crossing behavior
leads to frequent traffic accidents. Accurately and timely anticipating pedestrian crossing intentions is crucial for
avoiding pedestrian-vehicle conflicts, improving driving safety, and ensuring pedestrian safety. An Efficient Action-
Conditioned Interaction Pedestrian Crossing Intention Anticipation Framework (EAIPF) is proposed in this paper to
anticipate pedestrian crossing intention. EAIPF introduces in a pedestrian action encoding module to enhance the
representation ability of multimodal action patterns and discover deep skeletal context information. At the same
time, the scene object interaction module is introduced to explore interaction information with objects and under-
stand advanced semantic clues in traffic scenes. Finally, the intention anticipation module fuses pedestrian action
and object interaction features to achieve robust anticipation of pedestrian crossing intentions. The proposed method
is verified on two public datasets, JAAD and PIE, achieving the accuracy of 89% and 90%, respectively, indicat-
ing that the proposed method can accurately anticipate pedestrian crossing intentions in complex traffic scenarios.
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SingleRNN'm GRU 0.8310.7710.67|0.70 | 0.64 | 0.58 | 0.54 | 0.67|0.67 |0.68|0.65]0.59|0.34|0.26|0.49
LSTM 0.81 [0.75[0.64|0.67|0.61|0.510.48]0.610.63[0.59(0.78|0.75]0.5410.4410.70
MultiRNN'! GRU 0.8310.80[0.710.690.7310.61 [0.50|0.74]0.64|0.8|0.79]0.79|0.58|0.45|0.79
Stacked RNN"! GRU 0.8210.7810.67|0.67|0.68|0.60[0.60|0.66|0.73/0.61|0.79(0.79|0.58|0.46|0.79
Hierarchical RNN'" GRU 0.82(0.77 | 0.67 | 0.68 | 0.66 | 0.53 |0.50 |0.63]0.64|0.61|0.8|0.79(0.590.47|0.79
SFRNN'' GRU 0.8210.7910.69|0.67|0.70 | 0.51]0.45|0.63|0.61 |0.64|0.84]0.84|0.65|0.54|0.84
Cc3ph? 3DConv | 0.77 | 0.67 | 0.5210.630.44]10.61|0.51|0.75|0.63]0.91]0.84|0.81|0.65|0.57]0.75
13D 3DConv | 0.80 | 0.7310.62|0.67|0.58]0.62|0.56[0.730.680.79]0.81]0.74|0.63|0.66|0.61
Optical 0.8110.83]0.72]0.60|0.90|0.62]0.51|0.75]0.65|0.88|0.84]0.80]|0.63|0.55/|0.73
pPCPAPY 3DConv | 0.86(0.91]0.780.69 0.8 |0.50|0.470.59|0.61]0.58]0.70|0.85|0.51|0.36]0.87
Ped Graph+"” GCN 0.89(0.90 [0.81]0.83]0.79]10.70 | 0.70 | 0.76 | 0.77 | 0.75|0.86 | 0.88 | 0.65 | 0.58 | 0.75
Ours GCN 0.90 1 0.87 [0.82]0.8 |0.7810.69|0.65|0.77]0.7310.81 0.8 | 0.84|0.79|0.86 | 0.73
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