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Abstract

The ability to identify important objects in a complex and dynamic driving
environment helps assistive driving systems decide when to alert drivers.
These assistance systems also require a model of the drivers’ situational
awareness (SA) (what aspects of the scene they are already aware of)
to avoid unnecessary alerts. This thesis builds towards such intelligent
driving assistance systems, we first address the problem of estimating the
importance of objects in a driving scenario. Next, we propose a model for
estimating a driver’s awareness of objects in the scene.

We tackle object importance estimation in a data-driven fashion and
introduce HOIST - Human-annotated Object Importance in Simulated
Traffic. HOIST contains driving scenarios with human-annotated im-
portance labels for vehicles and pedestrians. We additionally propose
a novel approach that relies on counterfactual reasoning to estimate an
object’s importance. We generate counterfactual scenarios by modifying
the motion of objects and ascribe importance based on how the modifica-
tions affect the ego vehicle’s driving. Strong performance on importance
estimation, and an explainable nature make it ideal for driving assistance.

Next, we tackle driver’s situational awareness (SA) estimation. Situational
Awareness is an internal human cognitive state, hence acquiring ground-
truth awareness labels is challenging. We first propose a novel interactive
labeling protocol that effectively captures dense, continuous SA labels
and use it to collect an object-level SA dataset in a VR driving simulator.
We formulate object-level driver SA prediction problem as a semantic
segmentation problem. This formulation allows all objects in a scene
at a timestep to be processed simultaneously, leveraging global scene
context and local gaze-object relationships together. Our experiments
show that this formulation leads to improved performance over common
sense baselines and prior art on the SA prediction task.
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Chapter 1

Introduction

Driver inattention contributes to a significant number of traffic accidents. For example,

the U.S. National Highway Traffic Safety Administration (NHTSA) reports that in

2022, approximately 3,308 people lost their lives in motor vehicle crashes involving

distracted drivers in the United States alone [37]. Advanced Driver Assistance

Systems (ADAS) are designed to assist drivers in safe driving. ADAS operating at

the lowest-levels of driving automation can alert drivers in safety-critical scenarios

using proximity/range sensors, surround cameras etc.

Recent times have seen a surge of commercial vehicles with ADAS operating

at Level 2-3 of driving automation. At these levels, the vehicle takes most of the

driving decisions and the human driver here plays a more supervisory role in driving

the vehicle, only intervening when necessary. However, prior research [12, 22] has

shown that drivers performing a supervisory role are more prone to distractions. A

distracted driver could thus prove disastrous in case they need to take over control

of the wheel since they might not be aware of a crucial vehicle or pedestrian in the

environment. Therefore, there is a pressing need to have systems that can identify

important objects in the scene, which can be used to alert drivers when necessary.

Further, naively alerting the driver to all important objects in the scene can be

counter-intuitive, due to effects like alert-fatigue. Prior work [60] has also shown that

the presence of multiple important objects can cause a drop in the driver’s Situational

Awareness. Monitoring the driver’s awareness of objects can help reduce obtrusive

and redundant alerts pertaining to objects that the driver is already aware of. Thus,

1



1. Introduction

modeling a driver’s situational awareness is critical for effectively alerting the driver

to important objects in the scene.

This thesis, aims to address these two problems. We first study object importance

estimation in a driving scenario. Next, we aim to model the driver’s situational

awareness, to estimate the driver’s awareness status of objects in the scene.

Driving assistance systems, which monitor the driver to filter unnecessary alerts

are not new. Fletcher et al. [20] propose a system that detects road signs, estimates

the driver’s awareness and provides feedback accordingly. Road signs are detected by

locating circular shapes in the input-image stream. Driver awareness is estimated

based on the deviation between the direction of the sign and the gaze direction.

However, they do not cull scene objects based on importance. Moreover, they also

assume that the driver gains awareness of the object whenever the deviation between

the raw gaze direction and the sign direction is within the tolerance limits. Bar et

al. [4] first identify all traffic objects that were missed by the driver, using the gaze

fixations of the driver. They further classify the missed objects into important and

unimportant. The object importance is estimated based on the gaze patterns from

previous drives with comparable traffic context. Similar to Bar et al., Wu et al. [54]

also relies on eye-gaze fixations to estimate awareness.

Building towards a system similar to the one proposed in prior literature, this

thesis first addresses the problem of identifying important objects in a driving scenario.

The goal is to identify all objects that the ego vehicle needs to be aware of for safe

decision making. Our first contribution in this direction is a novel dataset called

HOIST: Human-annotated Object Importance in Simulated Traffic. HOIST contains

driving scenarios with human labeled important objects. Additionally, it contains

data from all the sensor configurations offered by CARLA [14]. Next, we propose a

novel approach that performs counterfactual reasoning to estimate the importance

of objects in the scene. Our approach perturbs the motion of objects and compares

how it changes the ego vehicle’s behaviour, predicted using an autonomous driving

agent to ascribe importance. In addition to it’s strong performance on HOIST, its

explainable nature also makes it ideal for driving assistance.

Next, we propose a novel method for modeling a driver’s situational awareness.

The goal is to estimate a driver’s awareness of all objects in the scene. Our first

contribution comes in the form of a novel protocol for measuring the driver’s ground-

2



1. Introduction

truth awareness of objects in the scene. This protocol enables us to curate a large

scale driving dataset, with the driver’s eye gaze and explicitly labeled ground-truth

object awareness. Using this dataset we train a model that relies on scene information

and the driver’s eye-gaze to predict object level awareness.
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Chapter 2

Object Importance Estimation

using Counterfactual Reasoning for

Intelligent Driving

2.1 Introduction

Assistive and autonomous driving agents need to reason about objects within the

driving scene to make safe driving decisions. However, not all objects are equally

important. The ability to identify important objects would allow autonomous driving

systems to perform efficient path planning and resource management by reducing the

efforts spent on tracking and modeling. Moreover, prior work has also shown that

importance estimation can help reduce false positive alerts in assistive driving systems

that detect driver inattention and preemptively warn the driver (e.g., detecting a

jaywalking pedestrian and highlighting them on a HUD) [54]. Recent work has also

shown improvement in autonomous driving agents’ performance when trained to

de-prioritize unimportant objects [6]. Thus, in this work, we focus on the task of

important object identification in the context of driving.

In prior works [3, 18, 38, 39, 56] researchers have tried to identify salient regions in a

driving scene by modeling driver attention through eye-gaze fixations. However, in the

context of driving, the correlation between gaze and attention is questionable [28] (see
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2. Object Importance Estimation using Counterfactual Reasoning for Intelligent
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(a) Red boxes indicate vehi-
cles important for making
safe driving decisions by the
ego vehicle.

(b) The blue car is impor-
tant since its removal would
cause the ego vehicle to
speed up.

(c) The red vehicle is impor-
tant since its changing lanes
would risk a collision with
the ego vehicle.

Figure 2.1: We perform counterfactual reasoning to identify important vehicles in a
driving scenario. We modify the motion of vehicles, and ascribe importance based on
how the modification affects the ego vehicle’s driving.

Sec. 2) as the driver may not always look at important objects due to distractions [52],

inexperience [11], or paying attention via peripheral vision [5].

Prior works [21, 34, 58] also try to identify the importance of objects within the

scene directly. However, their definition of “important objects” is limited to objects

that influence the driving behavior of the ego vehicle. We extend this definition

of “important objects” to include all the objects that a driver should be aware

of, in order to drive the ego vehicle safely (Sec. 2.3.2) i.e., all objects necessary

to maintain sufficient situational awareness [17]. This includes objects that both

currently influence and can potentially influence the driving decisions of the ego

vehicle. This definition allows us to be proactive rather than reactive for identifying

hazardous objects. This is ideal for alert based assistive driving systems [54], where

its necessary to be ahead of objects and prepare the driver in case the objects act

6
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abnormally.

Moreover, the object-importance datasets proposed in prior works [21, 58] are

unimodal (only ego-view RGB videos) and do not benefit from multiple sensor

modalities (multi-view RGB cameras, LiDAR) for object detection and importance

estimation; further, these datasets are not publicly accessible. To address these

challenges, we introduce HOIST: Human-annotated Object Importance in Simulated

Traffic. HOIST consists of driving scenarios from representative routes of the Longest6

benchmark [10] with human-annotated object importance. While prior works [21,

34, 58] obtain annotations using ego-view driving videos, we collect annotations

using bird’s-eye-view RGB videos of the driving scene, as the bird’s-eye-view offers

more context regarding the driving scenario as compared to the front-view video. In

addition to the RGB videos, HOIST also contains data from all sensor modalities

and configurations supported by CARLA [14]

Our new dataset enables our second contribution: a novel approach for object

importance estimation. We propose to determine an object’s importance by answering

counterfactual questions about those objects. Specifically, we modify the motion of

objects in the scene and generate counterfactual scenarios. We gauge the change in

the ego vehicle’s driving under the counterfactual (estimated using an autonomous

driving model [9]) to estimate each object’s importance.

We evaluate our approach on HOIST for object importance estimation. The

results highlight the effectiveness of our approach in identifying important objects.

We also perform extensive ablation studies, to validate our design choices and analyze

the significance of the different components of our approach. The main contributions

of our work are:

• HOIST, a novel dataset containing simulated driving scenarios with human-

labeled important objects, which influence or can potentially influence the ego

vehicle’s driving. In addition to RGB videos, HOIST contains data from all the

sensors configurations offered by CARLA [14].

• A novel approach that employs counterfactual reasoning to estimate object

importance in driving scenarios. We modify the motion of objects to generate

counterfactual scenes and gauge the change in the ego vehicle’s behavior to

ascribe importance.

7
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• Benchmarking and ablation experiments on HOIST that substantiate the effec-

tiveness of our approach in detecting important objects in a driving scene. Our

code and dataset will be available on our project page1.

This chapter is adapted from our work [24] published in IEEE Robotics and

Automation Letters (RAL), 2024.

2.2 Related Works

Object Importance Estimation in on-road driving: The task of identifying

important objects in the context of driving has garnered increasing attention from

researchers. Prior approaches [21, 30, 58] learn to predict object importance using end-

to-end models, leveraging the ego vehicle’s goal [21], interactions between objects [58],

or the ego vehicle’s predicted behavior [34] to identify important objects. Since manual

annotation is time intensive, Li et al. also performs semi-supervised learning by

generating ranking based pseudo-labels for the unlabeled data. Instead of learning end-

to-end models for estimating object importance, our approach relies on counterfactual

reasoning.

Another line of works [30, 31], performs causal inference to identify risky objects.

Similar to our approach, they verify whether the removal of objects produces a change

in the ego vehicle’s driving decision. While these works only consider removal, we

perturb other dynamic attributes of the objects as well. A third category of works

attributes importance to objects using attention weights obtained from attention-

based models trained for a different task, such as trajectory forecasting [32, 33, 48],

or end-to-end driving [1, 40].

Driver’s Attention Prediction Methods: While driving, humans can selectively

attend to relevant objects in the scene [55, 57]. Hence, prior works [3, 39, 56] tried

to identify salient regions within a dynamic traffic scene by studying the driver’s

attention. Here, the driver’s eye gaze serves as a proxy for the driver’s attention. For

example, Palazzi et al. [39] proposes to use a multi-stream 3D convolutional network

that leverages RGB frames, optical flow, and segmentation maps to predict the driver

attention heatmap.

1https://vehicle-importance.github.io
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Baee et al. [3] models eye-gaze fixations as a sequence of states and actions

and proposes maximum entropy deep inverse reinforcement learning [61] to predict

maximally rewarding fixation locations. In our work, we directly estimate the

importance of objects within the scene, rather than detecting the driver’s attention

heatmaps.

Driver’s Attention Prediction Datasets: Typically, methods for driver attention

prediction leverage large-scale driver attention datasets comprising ego-centric driving

videos with the corresponding driver gaze [56]. DReyeVE [39] was the first large-scale

driver attention dataset recorded using eye-tracking glasses in a car. Recent driver

attention datasets [3, 18] have focused on accident scenarios. Pal et al. [38] argues

that driver gaze is insufficient in describing everything a driver should attend to, and

proposes to use ground truth gaze map combined with segmentation masks of all the

objects within the scene. Unlike these datasets, HOIST consists of data from a host

of sensor observations (RGB cameras, LIDAR, GPS) along with explicitly annotated

object importance, rather than using the driver gaze as a proxy for importance.

2.3 HOIST: Human-annotated Object

Importance in Simulated Traffic

We consider the problem of object importance estimation in the context of driving.

We define “important objects” as the objects that the driver should watch out

for in order to make safe driving decisions. Prior object importance estimation

datasets [21, 34] limit important objects to only those which currently influence the

ego vehicle’s driving decisions. Moreover, they only contain single-view RGB videos

and are not publicly accessible. Transcending these challenges, we curate HOIST:

Human-annotated Object Importance in Simulated Traffic. HOIST is a new dataset of

driving scenarios with human annotations of object importance. In addition to RGB

videos, HOIST also provides access to data from a host of different types of sensors,

including multi-view cameras and LIDAR. These different sensors will allow users to

use this dataset to evaluate different methods of object importance estimation, as

discussed in Sec. 2.4.

9
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2.3.1 Dataset Curation

We obtain the driving videos for HOIST from the Longest6 benchmark [10], which

consists of routes from the CARLA [14] driving simulator. The Longest6 benchmark

was introduced as a substitute for the official CARLA evaluation routes to overcome

the compute restrictions set by CARLA. It consists of the six longest routes from

each of the six towns in CARLA, resulting in a total of 36 routes. It preserves the

most challenging aspects of the CARLA evaluation routes in terms of traffic density,

weather conditions, and adversarial traffic scenarios. For our dataset, we select six

representative routes (one from each town) of the Longest6 benchmark. We drive the

ego vehicle through the six selected routes using a rule-based-expert [10], recording

simulation data along each route.

We extract the bird’s-eye-view videos from the simulation recording of each route

and split them into smaller 13 second videos. Unfortunately, the routes in the Longest6

benchmark majorly involve driving in a straight lane. Driving in straight lanes leads

to trivial cases for object importance estimation as the objects closely leading and

following the ego vehicle are generally deemed important. To ensure that we include

more diverse driving scenarios, we limit the number of videos with straight lanes and

include videos where the ego vehicle is undergoing complex driving maneuvers like

crossing intersections, turning, changing lanes, or stopping for pedestrians. We end

up with a total of 409 videos.

2.3.2 Human Annotations

We hire annotators on Prolific2 to collect annotations for the videos obtained in

the previous step (2.3.1). The annotators were first shown the bird’s-eye-view RGB

videos and were then asked to draw bounding boxes around important objects in

the last frame of the video. In our instructions, we defined important objects as

the ones the annotators would watch out for in order to drive the ego vehicle safely

if they were to take control of the ego vehicle from the point at which the video

ended. Our instructions allow annotators to select multiple important objects in the

driving scenario. We want to ensure that both objects that are important right now

2https://www.prolific.co/
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as well as other objects that could be important in the near future are included in the

dataset. Important object identification systems designed using our dataset would

be useful in proactively alerting human drivers to be aware of all important objects.

We instructed the annotators to focus on only two types of objects: vehicles and

pedestrians. 3.

Our annotators reported that they are more than 18 years of age and have a valid

US state-issued driving license. Each annotator did three practice rounds, two at the

beginning and one at the end. These practice rounds were straightforward and were

used to exclude annotators whose annotations demonstrated a lack of comprehension

of the task. We hired 188 annotators and each annotated 15 videos. To mitigate the

bias due to the driving habits of individual annotators, each video was annotated by

at least 5 different annotators. The fleiss’ kappa [19] inter-rater reliability between

the annotators for the entire dataset was 0.558. However, to remove the outliers from

the annotations we consider an object important in the ground truth data if it is

marked important by at least θ1 annotators. Objects marked important by fewer

than θ2 annotators are considered unimportant. We set θ1 = 3 and θ2 = 2. We

end up filtering 10.68 % objects. The inter-rater reliability after filtering the outlier

annotation is 0.657, showing substantial agreement according to [29].

2.3.3 Dataset Statistics

The HOIST dataset consists of a total of 409 videos with 642 unique human-annotated

important objects. Out of these 409 videos, 8.8% of the videos have 0 important

objects, 44.9% have 1 object, 32.2% have 2 important objects, and 13.9% have more

than 2 important objects. In this work, we only consider vehicles and pedestrians.

Out of the 642 total important objects, 597 are vehicles and 45 are pedestrians.

2.4 Estimating Object Importance

In this section, we describe our novel method for estimating the importance of objects

for making safe control decisions for the ego vehicle. Because the movement patterns

3Details about the interface and the prompts used to obtain the annotations are available on our
project page : https://vehicle-importance.github.io
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(a) Original (b) Counterfactual

Figure 2.2: The removal score is the L2 distance between the corresponding waypoints
of the true trajectory (shown in a) and the predicted trajectory after removing Car 0
(shown in b).

of vehicles and pedestrians are different from each other, we propose to use different

approaches to estimate their importance. For estimating the importance of vehicles,

we perform counterfactual reasoning about the vehicles (Sec 2.4.1). For pedestrians,

we find their proximity to the ego vehicle to be a very strong cue for importance

estimation (Sec 2.4.2). We explain both of these approaches in detail in the following

sections.

2.4.1 Vehicle Importance Estimation

For estimating vehicle importance, we perform counterfactual reasoning. We generate

counterfactual scenarios by modifying the motion of the non-ego vehicles; we ascribe

importance based on how the modifications affect the ego vehicle’s driving. We

modify the ego vehicle’s sensor observations to simulate modifications in the motion

of the non-ego vehicles. We then compare the changes in the ego vehicle’s trajectory

under the counterfactual. If the ego vehicle’s trajectory chnages significantly under

the counterfactual, the vehicle is deemed important (details below). We also perform

collision estimation under the counterfactuals to ascribe importance.

We leverage autonomous driving systems [9] to predict the ego vehicle’s trajectory.

Typical autonomous driving systems [9, 10, 42, 43, 53] perceive a scene through

various sensor modalities (e.g. multiview RGB cameras and LIDAR) and predict the

12
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Original Counterfac-
tual

(a) Hard-Stop perturbation.

Original Counterfac-
tual

(b) Speed-Up perturbation.

Original Counterfac-
tual

(c) Lane-Change perturba-
tion.

Figure 2.3: The velocity perturbation score assesses potential collision, when the
non-ego vehicle undergoes a velocity perturbation. A collision occurs when the
corresponding waypoints of the ego vehicle and the non-ego vehicle trajectories are
within a threshold. The collisions occur at the kth waypoint. The trajectories of the
ego vehicle and the non-ego vehicle are shown in in orange and green, respectively.

future trajectory for the ego vehicle. A trajectory is represented by a set of waypoints.

We query such a system with the true and the counterfactual sensor observations

and compare changes in the predicted waypoints. We predict importance using two

counterfactual scenarios:

Removal: To check if a vehicle affects the ego vehicle’s driving decisions, we verify

whether removing that vehicle from the scene would cause the ego vehicle to change

its trajectory. We remove vehicles by modifying the sensor observations input to the

autonomous driving system (See Section 2.4.3 for details). Consider the example

shown in Fig. 2.2. The importance of an object is calculated as the L2 distance

between the waypoints predicted using the true sensor observations (Fig. 2.2a) and

the counterfactual observations (Fig. 2.2b). We call this the Removal Score (RS).
Let wego,k be the kth predicted waypoint of the ego vehicle with the true sensor

observations, and let ŵi
ego,k be the kth predicted waypoint of the ego vehicle under

the counterfactual observation generated by removing the ith vehicle. The Removal

Score RS i for the ith vehicle is

RS i =
∑

k∈{1,2,...K}

||wego,k − ŵi
ego,k||2 (2.1)
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where K is the total number of predicted waypoints.

Velocity Perturbations: The Removal Score identifies vehicles that affect the ego

vehicle’s trajectory in the current state. However, a vehicle can become a safety

hazard if it suddenly changes its speed or direction. Thus, we check whether changing

the velocity of a particular vehicle would make it susceptible to collisions with the ego

vehicle (see Fig. 2.3). We simulate velocity changes by perturbing the trajectories of

the vehicles. Similar to the ego vehicle, we obtain the trajectories for non-ego vehicles

using an autonomous driving agent. Recent methods for autonomous driving predict

the trajectories of non-ego vehicles in the scene either by using deep models [9] or

by projecting it using a constant velocity model [42], where the constant velocity is

calculated using a moving average over the past timesteps.

We consider three possible velocity perturbations. To identify vehicles that would

become safety critical if they suddenly stopped, we generate a counterfactual scenario

in which the vehicle makes a hard stop. To simulate hard stopping, we collapse all

the waypoints of the vehicle into the first waypoint (See Fig. 2.3a). Next, we identify

the vehicles that would become safety critical if they suddenly sped up. For this,

we generate a counterfactual scenario where we increase the vehicle’s velocity. We

simulate this by increasing the distance between consecutive waypoints of the vehicle’s

trajectory (See Fig. 2.3b). Finally, to identify vehicles that would become safety

critical if they suddenly changed lanes, we simulate lane change maneuvers for each

object. We perturb the trajectories of the vehicles such that they first perform a

45-degree lane shift into an adjacent lane (left or right) and then follow a straight

line (See Fig. 2.3c).

Ego Vehicle Perturbations: In addition to the non-ego vehicles in the scene, the

ego vehicle might also have to deviate from its predicted trajectory under emergen-

cies. Therefore, as a defensive driving measure, we also perturb the ego vehicle’s

trajectory according to the three velocity perturbations. Simultaneously perturbing

the ego vehicle with the non-ego vehicles also allows us to simulate combinations of

perturbations (e.g., the ego vehicle changes its lane while a non-ego vehicle in the

adjacent lane speeds up.)

We consider a vehicle important due to velocity-based perturbations if it is

predicted to collide with the ego vehicle. A collision is predicted if a waypoint from

any of the non-ego vehicle’s trajectories (predicted or perturbed) is within the safety
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threshold distance of a waypoint from the ego vehicle’s trajectories (predicted or

perturbed). Moreover, a predicted collision that happens sooner is considered more

important than a predicted collision that happens later. Hence, we score vehicle

importance based on how soon they are predicted to collide with the ego vehicle.

Thus, the Velocity Perturbation Score (VS i) for the ith object is given by

di,k = ||wi,k − wego,k||2

k∗
i = argmin

k∈[0,··· ,K−1]

di,k

VS i =

−k∗
i if di,k∗i < τ

−K otherwise
(2.2)

Here, wego,k is the kth waypoint of the predicted (or perturbed) ego vehicle’s trajectory.

Similarly, wi,k is the kth waypoint of the ith non ego vehicle’s trajectory. K is the

total number of waypoints; k∗
i is the index of the waypoint at which the ego vehicle’s

trajectory is predicted to be closest to the ith vehicle. If this distance is less than the

safety threshold τ , then we assign to the vehicle a score of −k∗
i , i.e. a closer index of

collision corresponds to a higher score.

Combining the scores: The final importance score IS i for a vehicle i is given by

the maximum of the two scores:

IS i = max(RS i,VS i)) (2.3)

Here, RS i is the removal score for the ith vehicle, and VS i is the velocity perturbation

score for the ith vehicle. Both scores are normalized between 0 and 1 using their

maximum and minimum values across the dataset.

2.4.2 Pedestrian Importance Estimation

In the HOIST dataset, the movement patterns of pedestrians are significantly different

from vehicles. Vehicle movement is confined to the roads, and they typically adhere

to traffic regulations. Pedestrians have more freedom in their movement. They

sometimes violate traffic regulations and can even dart out onto the roads. Hence,

the mechanisms for estimating importance of vehicles do not necessarily apply to
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pedestrians. Since pedestrian movement is less constrained, their distance to the

ego vehicle is a strong indication for importance. Hence, we ascribe importance to

pedestrians based on their L2-distance from the ego vehicle. The importance score

(PSp) for a pedestrian p if given by:

PSp = −||xp − xego||2 (2.4)

Here, xp and xego are the locations of the pedestrian and the ego vehicle, respectively.

2.4.3 Implementation Details

We use LAV [9] to predict the ego vehicle trajectory in our experiments. LAV uses

LIDAR point clouds as input for predicting the trajectories of the vehicles. Thus,

the counterfactual observations for the Removal Score (RS) are created by removing

the points within the 3D bounding box of the concerned objects. We obtain ground-

truth bounding boxes from the simulator, although a 3D bounding box detection

module [50] can also be used. The average time taken to generate counterfactual

point clouds (by removing 8 vehicles on avg) for one frame is 0.068 seconds.

We query LAV with the counterfactual point clouds to generate the predicted

trajectories for the ego and non-ego vehicles. We quash the counterfactual point

clouds in a single batch, and predict all the trajectories in a single forward pass which

takes 0.127 seconds per frame on average (typically 8 counterfactual point clouds).

Overall our method takes 0.194 seconds per frame on average. We test our method

on a single NVIDIA RTX 3070 GPU. In addition to the ego vehicle trajectory, LAV

can also predict the trajectories of the non-ego vehicles in the scene. However, LAV

ignores the objects behind the ego vehicle. We use a constant velocity model for

predicting the trajectories of the vehicles ignored by LAV. We average the speed and

direction of the vehicles over 5 previous timesteps. Each trajectory predicted by LAV

consists of K waypoints; we set K = 20.
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2.5 Experiments

We evaluate our approach for important object identification against three baselines

using the HOIST dataset. Human annotations are used as ground truth. As mentioned

in 2.3.1, an object marked by at least θ1 annotators are considered important and

objects marked important by fewer than θ2 annotators are considered unimportant.

Objects marked important by fewer than θ1 but no less than θ2 annotators are

ignored, i.e., approaches are not penalized for identifying them incorrectly. For our

experiments, we set θ1 = 3 and θ2 = 2.

2.5.1 Comparison with Baselines

We compare our method with the following baselines for estimating object importance:

Everything Important: All objects within the scene are considered equally im-

portant. We do so to highlight the need for the important object identification

task.

Inverse Distance: Objects are deemed important based on their proximity to the

ego vehicle. The importance score is the negative L2 distance between the object and

the ego vehicle.

PlanT [40]: PlanT is a transformer-based planner for autonomous driving. However,

PlanT also outputs relevance scores for vehicles in the form of learned attention

weights. We use PlanT’s predicted relevance score as the importance score for the

objects in our dataset. PlanT model was trained on the longest6 benchmark by

imitation learning using a rule based expert driver. HOIST contains data from a

subset of the longest6 benchmark, and the ego vehicle in HOIST is also driven using

the same rule based expert. Therefore, our evaluations are “in-domain” for PlanT’s

training distribution.

Table 2.1 quantitatively compares our approach with the baseline approaches

discussed above. We report the Average Precision (AP), the Optimal Threshold F1

Score (OT-F1), and the Optimal threshold Accuracy (OT-Acc) values. The optimal

threshold F1 score and accuracy are the highest F1 score and accuracy values across

different thresholds.

The results in Table 2.1 show that our method outperforms all the baseline

approaches across the three metrics. Compared to our approach, the “Everything
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(a) Ground-
truth (human
annotation)

(b) Inverse-
Distance

(c) PlanT (d) Our ap-
proach

Figure 2.4: Qualitative comparison of our approach with the baselines. The objects
are marked as important based on the optimal threshold for the F1 Score for each
approach.
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Approach AP ↑ OT-F1 score ↑ OT-Accuracy ↑

Everything Important 0.159 0.277 90.5 %
PlanT 0.572 0.594 92.7 %
Inverse Distance 0.630 0.599 93.1 %

Ours 0.710 0.708 94.8 %

Table 2.1: Our approach outperforms the baseline approaches with a considerable
margin on all metrics.

Important” approach performs significantly worse (0.551 lower AP, 0.431 lower OT-F1

score, and 4.3% worse OT-Accuracy). This shows that attending to every object in

the scene is not necessary in order to make safe driving decisions for the ego vehicle.

Our approach also outperforms PlanT on all the metrics (0.138 lower AP, 0.114

lower OT-F1 score, and 2.1% worse OT-Accuracy). PlanT considers a very short

horizon when reasoning about the state of the ego vehicle and other objects. It only

predicts four waypoints into the future for the ego vehicles and reasons about the

states of the other objects only for the next timestep. Due to this, PlanT usually

assigns a high relevance score to only a few objects nearest to the ego vehicle. Further,

it does not consider perturbations in the trajectories of other objects, which can cause

it to miss some objects that would be important under perturbations.

Our approach also outperforms the “Inverse Distance” baseline (0.080 lower AP,

0.109 lower OT-F1 score, and 1.7% lower OT-Accuracy). This demonstrates that

proximity does not always indicate importance. Importance can be better estimated

by reasoning about the trajectories of the non-ego vehicles and their influence on the

ego vehicle’s driving. The qualitative examples in Fig. 2.4 shed more light on the

reasons behind the superior performance of our approach.

2.5.2 Ablations

We perform extensive ablation experiments to highlight the importance of the various

components of our approach and justify our design choices. We first ablate over the two

counterfactual scenarios, i.e., the removal score (RS) and the velocity perturbation

scores (VS). The results on the top half of Table 2.2 show that using these scores

alone perform worse on all three metrics compared to our method. This demonstrates

the complementary nature of the two scores and the benefit of combining them, as in
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Approach AP ↑ OT-F1 score ↑ OT-Accuracy ↑

Object Removal Score 0.466 0.444 91.7 %
Velocity Perturbations 0.621 0.670 94.2 %

Ours 0.710 0.708 94.8 %

Ours w/o Hard Stop 0.652 0.628 93.9 %
Ours w/o Speed Up 0.701 0.695 94.5 %
Ours w/o Lane Change 0.565 0.512 93.1 %
Ours w/o Ego vehicle Per-
turbations

0.635 0.600 93.7 %

Ours w/o Index based
Weighting

0.435 0.601 90.5 %

Table 2.2: Ablation experiments demonstrate the impact of the various components
and design choices of our method.

our method.

Next, we ablate over the three velocity perturbations. The bottom half of Table 2.2

shows that removing any of the three velocity perturbations worsens performance.

Removing the “lane change” perturbation results in an especially large drop in

performance (0.145 lower AP). This might be because the “lane change” perturbation

assigns a high importance score to objects moving in lanes adjacent to the ego vehicle.

Further, we try to understand the benefits of perturbing the ego vehicle trajectory.

The performance deteriorates (drop of 0.075 in AP) if we do not perform velocity

perturbations for the ego vehicle. Finally, we perform an ablation experiment to

assess the significance of index based weighting in the velocity perturbation score. We

score vehicle importance due to the Velocity Perturbations based on how soon they

are predicted to collide with the ego vehicle (Eq. 2.2). Without index based weighting

(treating all vehicles identified as important due to velocity perturbations with equal

importance), the performance drops drastically across all metrics (AP drops by 0.357,

OT-F1 score drops by 0.107, and OT-Accuracy drops by 4.3%). Removing index

based weighting results in a higher false positive rate as vehicles that influence the

ego vehicle’s decisions immediately are considered equally important as those which

affect the ego vehicle’s decisions later.
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Approach AP ↑ OT-F1 score ↑ OT-Accuracy ↑
(Only Vehicles)

Everything Important 0.151 0.265 91.0 %
PlanT 0.577 0.598 93.0 %
Inverse Distance 0.614 0.593 93.2 %

IS (Eq 2.3, Ours - Vehicles) 0.688 0.697 94.8 %

Table 2.3: Comparison of our approach with the baseline approaches for vehicle
importance estimation. Our approach outperforms the baseline approaches across all
3 metrics

2.5.3 Importance Prediction for Vehicles and Pedestrians

In a dynamic traffic scene, vehicles and pedestrians have different movement char-

acteristics, and hence we use different approaches for estimating the importance

of vehicles and pedestrians (see Sec 2.4.2). To understand the performance of our

approach on vehicles versus pedestrians, we also analyzed each of these categories

separately.

Table 2.3 compares our approach for vehicles (Sec 2.4.1) with the baseline ap-

proaches (Sec 2.5.1). We observe similar trends as for the full dataset (vehicles &

pedestrians). Our method outperforms the other baselines on all metrics.

Table 2.4 compares our approach for pedestrians only (Sec. 2.4.2) against the

baseline approaches (Sec. 2.5.1). As described in Sec. 2.4.2, we use inverse distance

for pedestrian importance estimation. Using inverse distance outperforms all the

other approaches across the three metrics. Its near-perfect AP (0.996) shows that

pedestrians are deemed important based on their distance from the ego vehicle. PlanT

only reasons over a short horizon (Sec 2.5.1), hence it frequently identifies pedestrians

closer to the ego vehicle as important, resulting in a good performance. We also

experiment with using our proposed approach for vehicles (IS, Eqn. 2.3) to estimate

pedestrian importance; this approach also does not perform as well as using inverse

distance, and hence we use inverse distance for estimating pedestrian importance in

our method. While IS is able to identify pedestrians as important when they venture

out on the road due to the removal score (RS), it fails to identify the pedestrians on

the sidewalks as important.
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Approach AP ↑ OT-F1 score ↑ OT-Accuracy ↑
(Only Pedestrians)

Everything Important 0.600 0.749 60.0 %
PlanT 0.974 0.926 90.0 %
IS (Eq. 2.3) 0.963 0.960 95.0 %

Inverse Dist. (Ours - Ped) 0.996 0.978 97.5 %

Table 2.4: Comparison of the baseline approaches for pedestrian importance estimation.
IS refers to our approach for vehicle importance estimation (Sec. 2.4.1, Eqn. 2.3).
Our approach outperforms all other approaches across all 3 metrics.

2.5.4 Failure Cases

Occasionally, our approach failed to correctly identify important objects. We analyzed

the reasons for these failures.

Errors in trajectory prediction: Our method leverages an autonomous driving

agent [9] to predict trajectories of the vehicles in the scene. Hence, Our method is

prone to errors made by the autonomous driving agent [9] in trajectory prediction.

Fig. 2.5a shows a driving scenario under which an incorrect removal score is predicted

for vehicles due to an error in the ego vehicle’s trajectory prediction. Since the

calculation of the Removal Score (RS) involves probing an autonomous driving agent

with true and counterfactual driving scenarios, analysing the error cases that arise

due to an incorrect removal score can help gain insights about the driving scenarios

where autonomous driving agents fail.

Vehicles in far-away lanes: As a defensive driving measure, We perturb the ego

vehicle trajectory along with the other vehicles in the scene. While perturbing the

ego vehicle’s trajectory improves overall performance (Table 2.2), sometimes this

approach marks vehicles with remote chances of collision as important. For example,

in Fig. 2.5b, the white vehicle is identified as important, even though the chances of

it colliding with the ego vehicle are slim.

Rear Vehicles: We devised the speed-up perturbation to identify rear vehicles as

important. However, In some cases even after speeding up the perturbed trajectory

of the rear vehicle does not result in a collision with the ego vehicle. In those cases,

our method fails to identify rear vehicles as important. These failures usually occur
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(a) Removing the black truck
(red box) incorrectly results in a
predicted slow down for the ego
vehicle (blue trajectory to red
trajectory).

(b) The white car (red box) is
incorrectly identified as impor-
tant. The perturbed trajectories
of the ego vehicle and non-ego
vehicle are shown in orange and
dark green, respectively.

Figure 2.5: Failure cases of our method.

when the autopilot controlling the rear vehicles is moving at a very slow speed or is

maintaining a large gap from the ego vehicle.
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Chapter 3

Modeling Drivers’ Situational

Awareness from Eye Gaze for

Driving Assistance

3.1 Introduction

Future Driving Assistance Systems (DAS) might be designed to warn users about

important [24] objects in their environment. However, you are not very likely to

adopt such a system if it naively alerts you about every important object on the road.

This leads to unnecessary and redundant alerts. Repeated exposure to such alerts

can lead to — a well documented phenomenon known as “alert fatigue” [2]. To

address this gap, we tackle the real-time object-level modeling of drivers’ Situational

Awareness (SA) [26], specifically the set of traffic objects (vehicles, pedestrians, and

two-wheelers) in the world that the driver is aware of at any given time.

Drivers’ eye gaze is closely linked to their situational awareness [23, 49, 60].

Hence a popular idea has been to approximate attention using raw eye-gaze fixations.

However, this is not accurate, since we regularly use our peripheral vision and memory

to build and maintain situational awareness while driving [23]. Additionally, drivers

can ostensibly “gaze” at objects without gaining situational awareness, due to effects

like inattentional blindness or saccading over objects without fixating on them [51].
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Figure 3.1: We collect drivers’ object-level situational awareness (SA) data via a novel
interactive protocol in a VR driving simulator. We use the generated data to train a
driver SA predictor from visual scene context and driver eye gaze. Casting this as
a semantic segmentation problem allows our model to use global scene context and
local gaze-object relationships together, processing the whole scene at once regardless
of the number of objects present.

Thus, we aim to learn a supervised model for predicting a driver’s situational

awareness from their eye gaze and the scene context. However, training such a model

requires a driving dataset with explicitly labeled drivers’ object-level situation aware-

ness. This dataset should be a collection of sequences of driving events comprising

the scene context, the driver eye gaze history over the scene, and labels of the drivers’

situational awareness over each traffic object.

To facilitate learning and the downstream assistance tasks, the labels need to

have certain characteristics:

1. Labels should be continuous, i.e., they should explicitly denote the start of the

drivers’ awareness over each object. This is important since the transition of

driver awareness is crucial for determining when it is appropriate to alert the

driver to the object.

2. Labels should be dense, i.e. we need an awareness label for every object that
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enters the field of view of the driver.

3. Labels should be collected in a way that does not affect the normal gaze behavior

of the driver to avoid distribution shift at test-time.

Most current SA labeling efforts are ineffective as they collect data either inter-

mittently or sparsely [13, 15, 16, 36, 47].

The most popular prior work Situation Awareness Global Assessment Technique

(SAGAT) [27, 60] pauses the simulated driving session, and measures SA through

post-hoc queries to the driver about traffic objects present in the scene. These

collected labels are intermittent — they are valid for the moment when the simulation

was paused and are sparse, as the driver is only probed about objects within certain

parts of the scene.

In this work, we first introduce a novel SA labeling protocol (Sec. 3.2) that produces

continuous and dense object-level SA labels. As a part of our protocol, drivers indicate

their awareness of all objects in their field-of-view, by pressing directional buttons on

the steering wheel controller (Fig. 3.1). Using our protocol, we collect a dataset of

80 episodes. In each episode, drivers are instructed to drive to an in-world goal inside

a VR driving simulator [44] while following the SA labeling protocol. We record their

driving actions, eye gaze, and SA labeling button presses along with the simulator

state.

We use the aforementioned dataset to train a SA estimation model that takes in

the scene context and a history of the driver’s eye gaze to predict a drivers’ object-level

SA status given the (Sec. 3.3). We cast this problem as a semantic segmentation

problem and show that it performs better than a common-sense gaze-intersection

baseline and prior work that uses handcrafted features [60].

In summary, our contributions (Fig. 3.1) are the following:

- SA Labeling Protocol: an interactive protocol for obtaining continuous and

dense SA labels for on-road agents in a driving scene, without disrupting the

driving task

- SA Data Collection: a driving dataset with continuous object-level SA labels,

traffic object states, and driver eye gaze collected using our protocol in a VR

driving simulator with 20 drivers

- SA Prediction Model: a learned gaze-based driver situational awareness

model which predicts SA over the scene on an object-level basis
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This chapter is adapted from our work [7] published in the 7th International

Workshop on Virtual, Augmented, and Mixed-Reality for Human-Robot Interactions.

3.2 Situational Awareness Data Collection

We collected our driver object-level SA dataset in a VR driving simulator (DReyeVR [44]).

Drivers were asked to drive safely following a series of directional goal signs (see RGB

image in Fig. 3.1) along scripted routes. The drives were instructed to simultaneously

follow the SA labeling protocol to record object-level SA labels.

Situational Awareness Labeling Protocol: Under our proposed SA labeling

protocol, drivers are instructed to push a button on their steering wheel as soon as

they perceive a vehicle, pedestrian, or two-wheeler (collectively, traffic objects). For

each new traffic object they perceive, they are instructed to press one of four buttons

to indicate their awareness (see Fig. 3.2). The button to be pressed is determined by

the relative position of the target object to the ego-vehicle. For instance, if there is

an object in front of the vehicle, the forward button should be pressed. The steering

wheel used has two sets of four buttons; the set of buttons on the left is used for

vehicles and the right one is used for 2-wheelers+pedestrians. An example sequence

of traffic objects and their corresponding button presses is shown in Fig. 3.2.

The awareness labels are generated by associating button clicks with target objects.

The direction is used to associate button presses with target objects. An object in a

scene is considered ‘unaware’ until it is associated with a button press, after which

it’s status is flipped to ‘aware’. More details about how the awareness labels are

generated can be found in the supplementary material.

Route & traffic design: Each route consists of a predefined source, destination,

and path. Each route also contains in-world navigational goal signs to direct the

drivers along the path. Routes were designed to have an average drive time of about

4 minutes. Each route was driven by a maximum of 8 drivers and a minimum of 4

drivers and there were a total of 15 unique routes. Participants were pre-assigned

routes so each route would be seen equally but some chose to terminate early due to

VR-induced nausea, causing an imbalance in the final number of routes.

At least one safety critical scenario such as a jaywalking pedestrian was included

in each route. We did so to ensure that driver gaze before and during safety critical
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time

PedestriansVehicles

Figure 3.2: Example sequence of right hand turn with object-level driver responses.
The top row shows the scene from the driver view and the bottom row shows the same
scene via a birds-eye view. Labels are shown as colored arrows above the respective
traffic object. Labels correspond to buttons on the steering wheel (right). Blue
corresponds to vehicle labels and red to pedestrian labels.

scenarios was also represented in the dataset. More details on the scenarios can be

found in the supplementary material. The traffic along each route was randomly

generated. However, multiple objects appearing in the scene from any single direction

could lead to ambiguities in associating objects with button clicks. Hence, we limit

the number of new objects of each type appearing simultaneously at intersections

in each direction to one. Note that having different sets of buttons for vehicles and

pedestrians(+two wheelers) allows us to disambiguate between object types appearing

in the same direction.

Data collection details: We ran our SA protocol with 20 participants, each with

1+ year of holding a valid US or international driver’s license. Each participant was

given a set of scripted instructions and were first given time to interact and familiarize

themselves with the interface and the simulator. Once they were comfortable with

driving in the simulator, they were introduced to the secondary labeling task and

asked to perform it while completing a trial route. Participants saw a maximum 5

non-trial routes each, but some participants did not complete all 5 routes due to

the onset of discomfort from VR cybersickness. We collected a total of 80 routes

worth of data which resulted in about 340 minutes of recorded driving time. The

data collection was approved by the university’s IRB. Some additional details about

the data collection are provided in the supplementary material.
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Inputs
FPN

Gaze Fixations
Transformed to 2D

RGB

Binary Object Mask

Gaze history map

Ignore Mask

Predicted 
Awareness Label

Ground Truth 
Awareness Label

Saccade Filtering

Supervision with Dice Loss

Raw 3D Gaze

Figure 3.3: Object-wise SA prediction algorithm. A history of raw driver gaze is
filtered to exclude saccades and then transformed to 2D pixels in the current camera
position. These are used to create a gaze history map which is input together with an
object segmentation of the scene (or optionally, RGB). The Feature Pyramid Network
(FPN) then produces a 3 class segmentation (unaware, aware, background). During
training, loss is ignored for objects which entered into the driver awareness prior to
the gaze history window.

3.3 Modeling Driver SA

In modeling driver situational awareness, our goal is to predict a driver’s awareness

status over all dynamic traffic objects in the scene at a given time using scene

information and the driver’s gaze. Specifically, for any given traffic object obj,

we would like to produce a prediction of the binary awareness status Aobj where

Aobj ∈ {aware, unaware}.
Problem formulation: We cast the problem of driver SA modeling as a

segmentation problem, where the input is a visual representation of the scene in front

of the user and the user’s gaze, and the output is a prediction of the objects in the

scene that the driver is aware of.

The model takes the scene context and the gaze history of the driver and outputs

a segmentation map with 3 classes: aware, unaware, & background. Object-level

awareness labels are then derived from the output segmentation by taking the mode
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class of the pixels corresponding to each object while ignoring the background class,

giving us Aobj for each object that is visible in Ot.

Gaze representation: We represent the gaze as a history map, which is obtained

from a sequence of 3D gaze over a historical window of length W seconds. Each

gaze sample is a 3D ray Gi pointing in the direction of the driver’s gaze, which we

project into the camera coordinates to convert to a 2D pixel location. The 3D point

on this ray we project into 2D is the first point of intersection with the world. We

transform the gaze into 2D pixel coordinates gi = MtGi ∀ i ∈ {1, 2, ..., Ng}, where
Mt represents a transform from world coordinates to the coordinates of the camera

used at timestep t. Gaze pixel locations are represented as a fixed size dot (see “Gaze

history map” in Figure 3.3). Additionally, since drivers cannot gain new awareness

during gaze saccades (see saccadic suppression, Ch 2. [25]), we perform gaze event

detection using the I-BMM classifier [46] and exclude saccades from the gaze map.

Ignore Mask We also use an additional “ignore mask” to zero out losses from

traffic objects that entered the user’s awareness more than W seconds ago. Consider

a vehicle that entered the user’s awareness 15 s prior to the current timestep. If we

use a history window W = 10 s, the driver gaze correlated with awareness of that

vehicle is no longer represented, though the vehicle is still labeled as aware. If we

penalize the network during training for mis-classifying that object, we are penalizing

a prediction for which the network has incomplete information.

Visual scene representation: The visual scene representation uses a binary

object mask to represent the scene; We choose to use a fixed size (600× 800) image

representation from a viewpoint in front of the ego-vehicle to control the scope of

experiments. The binary object mask was obtained directly from CARLA, but could

be replaced by any off-the-shelf vehicle/pedestrian segmentation algorithm.

Model and training details: We used a Feature Pyramid Network [35] seg-

mentation model with a MobileNetV2 [41] backbone (pre-trained on ImageNet). The

backbone was chosen for its low number of parameters (2M) and runtime efficiency.

While our dataset contained a similar number of aware to unaware objects, unaware

objects usually were further from the ego-vehicle and occupied much smaller portions

of the input images. We calculated the ratio of the unaware pixels to aware pixels

in the label masks as about 1:20 and used an unaware class weight of 20 (back-

ground weight=10−5). We trained with the Dice loss due to its ability to handle class
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imbalanced data [59].

3.4 Evaluation & Discussion

Baselines: We compare our method to three baselines: the majority class, a common-

sense gaze intersection baseline, and a prior art baseline using handcrafted features.

The “majority class” baseline simply predicts the majority class in the test set

(“unaware”: 53% share). The “gaze intersection” baseline performs a simple

check: if the driver’s gaze is within the segmentation mask of a traffic object (vehicle,

pedestrian, or 2-wheeler) in the past T seconds, it assigns the aware label to it (others

assigned unaware). We use T = 10, matching the other baselines.

The prior art baseline (“handcrafted features”) is an SVM model that takes

several handcrafted features as input and produces a binary label output [60]. We

re-implemented their model based on the paper description (authors’ code or data

were not publicly available). The original work lists 5 sets of features, computed across

a 10s analysis window (similar to the gaze history window in our method): Gaze point-

based, Human visual sensory dependent, Object spatial-based, Object property-based,

and Human short-term memory-based. We implemented the first 3 of these feature

sets and the object type feature (vehicle vs pedestrian) from the “Object property-

based” set. Most of the “Object property-based” features were excluded since they

were difficult to compute and required privileged scene information (e.g. one feature

required the state of the corresponding traffic light for every traffic object in scene;

another was manually annotated). Human short-term memory-based features were

also excluded since they were difficult to compute and did not contribute much (< 1%

point) to overall performance in the original evaluation [60]. The original SVM was

trained on 1078 training samples. Since neither the trained model nor code were

available, we trained our implementation of the SVM on a subset of our training data.

We trained the SVM on 10 episodes in our train set, which is about 3× the training

data used in the original work. SVM implementations generally cannot handle very

large datasets since the entire dataset is loaded into memory during training and

mini-batch SVM training is non-trivial. To train the SVM, we used a machine with

128GB RAM but could only use 15% of the training set.

Experimental settings: Our dataset contains 80 episodes of which we used
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Model inf. Acc. Prec. Recall
cmplx. (↑) (↑) (↑)

Majority
class

1 52.99% 0.53 1

Gaze
intersec-
tion

1 46.87% 0.41 0.54

Handcrafted
fea-
tures [60]

N 65.47% 0.66 0.69

Ours 1 79.21% 0.83 0.77

(a) Performance of our model & baselines

Model Ablation Acc. Prec. Recall

No ignore mask 71.07% 0.79 0.62
Raw gaze 73.69% 0.84 0.61
Gaze heatmap 76.13% 0.85 0.65
No gaze fading 77.22% 0.85 0.69
Gaze 20s hist. 74.05% 0.83 0.60
Gaze 5s hist. 78.62% 0.87 0.70
RGB 59.92% 0.83 0.30

Ours (Full) 79.21% 0.83 0.77

(b) Ablations for our model

Table 3.1: Prediction performance of models and baselines on the SA prediction task.
Our model outperforms the non-trivial baselines on all 3 metrics and scales better
as objects in the scene increase. [inf. cpmlx. = inference time complexity with N
objects, Acc. = Accuracy, Prec. = Precision]

64 (80%) for training. 10% of the training episodes were used as the validation set.

The test set was a separately held out set of 16 episodes. It was partitioned so that

participants were disjoint between the train and test set. This is important since we

want to test the generalization to new users; it would be impractical to put every

new driver through the SA protocol when deploying such a system.

We use 3 metrics to evaluate and compare methods: object-level accuracy, preci-

sion, and recall. For precision and recall, the positive class is the “unaware” class.

This is because downstream applications such as driver assistance systems which

alert the driver will care about how well our system can predict which traffic objects

the driver is not aware of. “Precision” is thus a measure of how often our prediction

of an object being unaware is correct — errors are “aware” objects classified as

“unaware.” This type of error can lead to alert fatigue for an end-user [2]. “Recall,”

on the other hand, indicates how many of the “unaware” objects in the dataset were

correctly predicted — these are objects that the driver wasn’t aware of but our

system predicted that they were.

Results & Discussion Our quantitative evaluation results can be found in

Table 3.1. The naive gaze-intersection baseline, as expected, performs the worst,
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confirming that it is not enough to simply count which objects were “gazed-at”.

The prior art handcrafted features baseline performs better but significantly worse

than our method. In terms of runtime, the prior art baseline has 2 expensive parts:

computing features per object and doing SVM inference (this can be batched across

objects). On average each part takes 5 ms, resulting in a total average runtime of

(5N + 5)ms on an AMD 5955WX CPU (for N objects in scene). In contrast, our

network takes 11ms total for a forward pass (on a 4090 GPU) and does not scale

with the number of scene objects. Some qualitative comparisons of model outputs

can be seen in Fig. 3.4.

Our ablations (Table 3.1, right) show the performance impact of several design

choices described in Sec. 3.3. In terms of gaze representation, the ignore mask (used

to avoid penalizing mispredictions of awareness transitions outside the gaze history

window) was the most important during training — responsible for an 8% accuracy

drop when removed. Using saccade filtered gaze instead of raw gaze was the next most

important. We also investigated the use of gaze heatmaps as the gaze representation

similar to previous work [8, 39], in which each gaze point is represented by an isometric

2D Gaussian that could accumulate in weight at fixations; this performed about

3% worse than using fixed sized dots. This is similar to the issue of representing

corrective clicks in an interactive segmentation task, where a similar result has been

found [45]. The results indicate that the use of gaze fading was only responsible for

about 2% of the model’s performance. This suggests that the presence and location of

a gaze point within the gaze history window contains most of the information about

awareness rather than the exact temporal order of the gaze. Finally, using an RGB

image as input resulted in 20% worse accuracy with the same model size (except the

initial layer), as the model now has to simultaneously perform segmentation and SA

modeling.

Limitations: Our proposed SA labeling protocol is mainly limited by the fact that

some traffic configurations can lead to ambiguity in assigning a button — whenever

there is more than one new object of the same type (vehicle or pedestrian) from the

same cardinal direction relative to the driver. We created an interface for manual

annotation to resolve ambiguities post-hoc. The biggest limitation of our model is its

static, memoryless nature. Since SA is inherently a temporal signal, improvements can

probably be achieved by performing temporal modeling. Currently, our method treats
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Binary Object 
Mask

RGB + Gaze 
(red overlay)

Ground Truth 
Awareness

Gaze 
Intersection

Handcrafted 
features Ours  (Full)

Figure 3.4: Qualitative results for our model and baselines. Each row represents
an independent driving scene. The RGB image shows the most recent 10s of gaze
overlaid as red dots.

each timestep as independent and would require an external module to implement

memory.
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Chapter 4

Conclusion and Future Work

We focus on the task of important object identification in the context of driving. We

define important objects as the ones a driver would watch out for in order to drive the

ego vehicle safely. This definition of importance is better suited for the development of

situational awareness support systems than prior works which only consider vehicles

currently influencing the ego-vehicle’s trajectory. We put forth a new public dataset

named HOIST, which contains human-annotated importance labels for vehicles and

pedestrians in simulated driving scenarios. Unlike prior works, HOIST consists of

multi-modal sensor data used by state-of-the-art autonomous driving agents. We

further contribute a novel approach that relies on counterfactual reasoning to identify

object importance within dynamic traffic scenes. Our approach outperforms various

baselines for the task of important object identification on HOIST. In this work, we

have shown the effectiveness our approach in identifying important objects in the

HOIST dataset. In the future, we wish to extend our approach to provide safety

alerts to drivers in real-time.

We proposed a new interactive protocol to record human drivers’ object-level

situational awareness that produces continuous and dense awareness labels. We use

it to record a SA dataset with 20 drivers in a VR driving simulator. Additionally, we

use this dataset to train a driver object-level SA model by casting it as a semantic

segmentation problem. Our model outperforms baselines and prior work while scaling

better to arbitrary numbers of objects in the scene. In the future, we plan to use

our driver SA model in the inner loop of a driver assistance system that provides

37



4. Conclusion and Future Work

intelligent alerts or interventions in safety-critical situations and evaluate this in a

simulator-based user study. We also commit to releasing our code and data publicly

upon acceptance in the hope that it will facilitate more work in the domain.
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