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humans

learning & 
optimization

control

How can we ensure safety in autonomous systems 
that operate with people in the real-world?
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1.5x speed
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Robust Decision-Making and Control

We wish to safely and efficiently control a vehicle, 
despite uncertainty and disturbances:

𝑥 𝑘 + 1 = 𝑓 𝑥 𝑘 , 𝑢 𝑘 + 𝑣 𝑥 𝑘 , 𝑢 𝑘 , 𝑑 𝑘
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Sensor Noise & Environment Uncertainty Model Mismatch
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X. Ma, K. Driggs-Campbell, and M.J. Kochenderfer. Improved Robustness, Safety, and Efficiency with Adversarial Reinforcement Learning. IV 2018. 
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Sensor Noise & Environment Uncertainty Model Mismatch Long-Term Interactions
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K. Brown, K. Driggs-Campbell, and M.J. Kochenderfer. “Modeling and Prediction of Human Driver Behavior: A Survey.” Available on arXiv, 2020.



Are pedestrian-vehicle interactions any different?

7J. Morton and M.J. Kochenderfer. “Simultaneous Policy Learning and Latent State Inference for Imitating Driver Behavior.” ITSC 2017.
N. Djuric, et al. “MultiNet: Multiclass Multistage Multimodal Motion Prediction.” arXiv:2006.02000, 2020.

Simulations and datasets 
are not readily available.
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Are pedestrian-vehicle interactions any different?
Simulations and datasets 
are not readily available.

Experiments are a bit of a production.
In validation, pedestrians 
are the most challenging.

P. Du and K. Driggs-Campbell, Finding Diverse Failure Scenarios in Autonomous Systems Using Adaptive Stress Testing, To appear in SAE Journal of Connected and Automated Vehicles, 2019.
A. Corso,* P. Du,* K. Driggs-Campbell, and M.J. Kochenderfer, Adaptive Stress Testing with Reward Augmentation for Autonomous Vehicle Validation, ITSC 2019.



Today’s Destinations
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Effective Pedestrian Prediction Methods for Safe Vehicle-Pedestrian Interactions Inferring Occluded Pedestrians



Pedestrian Prediction Methods

Physics-based Methods

ሶ𝑥𝑡 = 𝑓 𝑥𝑡, 𝑢𝑡 , 𝑡 + 𝑤𝑡
𝑥𝑡: human state
𝑢𝑡: control input
𝑤𝑡: process noise

Pattern-based Methods

P[𝑥𝑡+1|𝑥1:𝑡] = P[𝑥𝑡+1|𝑥𝑡−(𝑛−1):𝑡]

𝑥𝑡+1 = 𝑓 𝑥𝑡−(𝑛−1):𝑡
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12A. Rudenko, et al. "Human motion trajectory prediction: A survey." The International Journal of Robotics Research, 2020.
Trajectory Forecasting Benchmark:  trajnet.stanford.edu

Method (rank) Final Disp. Mean Disp.

Vanilla LSTM (1) 1.191 0.355

Physical Comp (6) 1.229 0.366

Social Forces (10) 1.266 0.371

Trajectory Forecasting Benchmark

Pedestrian Prediction Methods



Intention-Aware Predictions
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Problem 1: How to infer human’s intent?
Problem 2: How to predict future trajectory?

B. Majecka. "Statistical models of pedestrian behaviour in the forum." Master's thesis, School of Informatics, University of Edinburgh (2009).



Intent-Guided Prediction

• When we observe motion, we usually care very 
little about the surface behaviors

→Intentions determine how we understand, recall, 
react, and predict

• When observing continuous motion, humans 
often agree where boundaries separating distinct 
actions lie, corresponding to intent

• In human motion prediction, incorporating intent 
(or goals) significantly improves predictions

14D. Baldwin and J. Baird. “ Discerning intentions in dynamic human action.” Trends in Cognitive Sciences, 2001.
K. Driggs-Campbell, et al., Identifying Modes of Intent from Driver Behaviors in Dynamic Environments, ITSC 2015.



Intention-Aware Predictions

15
Z. Huang, A. Hasan, and K. Driggs-Campbell. “Intention-aware Residual Bidirectional LSTM for Long-term Pedestrian Trajectory Prediction,” 2020.



Filter Comparisons
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Mutable Intention Filter
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Nominal pedestrian predictions are modeled 
using the Generalized Potential Field Approach:
• A set of sources represent obstacles in the 

map and generate a repulsive force
• A set of sinks represent goal locations and 

pose an attractive force on the pedestrian
The sum of the forces act as a control input to a 
linear state space model of the pedestrian:

𝑥𝑡 = 𝐹𝑥𝑡−1 + 𝐺𝑢𝑡−1 + 𝑤𝑡

𝑦𝑡 = 𝐻𝑥𝑡−1 + 𝑣𝑡
where 𝑥𝑡 is the pedestrian state, 𝑦𝑡 is the 
measurement, 𝑤𝑡 and 𝑣𝑡 are Gaussian white 
noise tuned to match real-world data

Intention-Aware Predictions

F. Particke, L. Patino-Studencki, J. Thielecke, and C. Feist, “Pedestrian tracking using a generalized potential field approach.” VISIGRAPP, 2017.



Intention-Aware Predictions
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Ground Truth
Social force (iLM)
LSTM
Warping Method



Trajectory Warping with Residuals
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Observation Prediction

Displacement

(1, -0.1)

(1, -0.3)

Observation Prediction

Offset

(0.01, -0.02)

(0.2, -0.9)

: Nominal prediction

Observation & prediction from: A. Gupta, et al. "SocialGan: Socially acceptable trajectories with generative adversarial networks." CVPR, 2018.



Residual Method: Warping LSTM
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ෝ𝒙𝟏:𝒕+𝑻𝒈 = 𝒙𝟏:𝒕 ෥𝒙𝒕+𝟏:𝒕+𝑻𝒈



Intention-Aware Predictions
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Prediction Results

Effectively warps the nominal 
prediction to capture human 
tendencies

Simultaneously estimating intent 
with prediction provides improved 
performance and bonus utility

23
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Online Monitoring for Vehicle-Pedestrian Interaction

P. Du, Z. Huang, T. Liu, T. Ji, K. Xu, Q. Gao, H. Sibai, K. Driggs-Campbell, and S. Mitra. “Online Monitoring for Safe Pedestrian-Vehicle Interactions.” ITSC 2020.
24



Online Monitoring for Vehicle-Pedestrian Interaction

Z. Huang, A. Hasan, and K. Driggs-Campbell. “Intention-aware Residual Bidirectional LSTM for Long-term Pedestrian Trajectory Prediction,” 2020.
S.  Duggirala,  S.  Mitra,  and  M.  Viswanathan,  “Verification  of annotated models from executions,” EMSOFT 2013.
C. Fan, B. Qi, and S. Mitra, “Data-driven formal reasoning and their applications  in  safety  analysis  of  vehicle  autonomy  features,” IEEE Design & Test, 2018.
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Online Reachability with DryVR

• Compute the reachable set 
𝑅𝑒𝑎𝑐ℎ𝐴 Θ, 𝑝, 𝑇 , given system 𝐴 with  
state space 𝑋, mode p ∈ 𝑃, set of 
initial states Θ, and look-ahead time 𝑇

• DryVR uses a sensitivity function 𝛽 to 
bounds distance between trajectories

• Θ is partitioned into regions from 
which a numerical simulation 𝜉(𝑥𝑖 , 𝑡)
is computed for 𝑇 time 

• An over-approximation of the 
reachable set 𝑅𝑒𝑎𝑐ℎ𝐴(Θ, 𝑝, 𝑇𝐿𝑜𝑜𝑘) is 
obtained by bloating 𝜉(𝑥𝑖 , 𝑡) with 𝛽
and then taking a union

26
DryVR: Data-driven verification and compositional reasoning for automotive systems, C. Fan, B. Qi, S. Mitra & M. Viswanathan, CAV 2017

ሶ𝑥 = 𝑣 cos 𝜃 , ሶ𝑦 = 𝑣 sin 𝜃 , ሶ𝜙 = 𝑢, ሶ𝑣 = 𝑎, ሶ𝜃 =
𝑣

𝐿
tan𝜙

where (𝑥, 𝑦) is the position, 𝑣 is the speed, 𝜃 is the steering 
angle, 𝜙 is the heading angle, and 𝐿 is the length of the vehicle 



Online Monitoring for Vehicle-Pedestrian Interaction

P. Du, Z. Huang, T. Liu, T. Ji, K. Xu, Q. Gao, H. Sibai, K. Driggs-Campbell, and S. Mitra. “Online Monitoring for Safe Pedestrian-Vehicle Interactions.” ITSC 2020.
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2. Reachability (and often decision-making and control) assumes 

single (most likely) trajectory prediction
3. Scaling to multiple agents adds complexity
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Today’s Destinations

29

Effective Pedestrian Prediction Methods for Safe Vehicle-Pedestrian Interactions Inferring Occluded Pedestrians
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O. Afolabi*, K. Driggs-Campbell*, et al., People as Sensors: Imputing Maps from Human Actions, IROS 2018.

Can we make improved inferences about
the state of the environment by observing
other agents’ behaviors?



Imputing Maps from Human Actions

Consider the occluded region as a map we must estimate.

Occupancy Grid Approach:    𝑝𝑡 𝑚 𝑥1:𝑡 , 𝑧1:𝑡 = ς𝑖=1
𝑛 𝑝𝑡 𝐦𝑖 𝑥𝑡 , 𝑧𝑡

Use people as sensors to improve mapping:

𝑝𝑡 𝑚 𝑥1:𝑡 , 𝑧1:𝑡 , 𝑎1:𝑡 =
𝑝 𝑎𝑡−𝜏:𝑡 𝑚 𝑝𝑡 𝑚 𝑥𝑡 , 𝑧𝑡

𝑝 𝑎𝑡−𝜏:𝑡
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O. Afolabi*, K. Driggs-Campbell*, et al., People as Sensors: Imputing Maps from Human Actions, IROS 2018.



People as Sensors
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O. Afolabi*, K. Driggs-Campbell*, et al., People as Sensors: Imputing Maps from Human Actions, IROS 2018.



Imputing Maps from Human Actions

O. Afolabi*, K. Driggs-Campbell*, et al., People as Sensors: Imputing Maps from Human Actions, IROS 2018.



Real-World Tests and Additional Complexities

35



Center for Autonomy

Acknowledgements



Today’s Destinations

37

Effective Pedestrian Prediction Methods for Safe Vehicle-Pedestrian Interactions Inferring Occluded Pedestrians


