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Abstract. Prior works have addressed the problem of driver intention
prediction (DIP) by identifying maneuvers after their onset. On the other
hand, early anticipation is equally important in scenarios that demand
a preemptive response before a maneuver begins. However, there is no
prior work aimed at addressing the problem of driver action anticipation
before the onset of the maneuver, limiting the ability of the advanced
driver assistance system (ADAS) for early maneuver anticipation. In this
work, we introduce Anticipating Driving Maneuvers (ADM), a new task
that enables driver action anticipation before the onset of the maneuver.
To initiate research in ADM task, we curate Driving Action Anticipation
Dataset, DAAD, that is multi-view: in- and out-cabin views in dense
and heterogeneous scenarios, and multimodal: egocentric view and gaze
information. The dataset captures sequences both before the initiation
and during the execution of a maneuver. During dataset collection, we
also ensure to capture wide diversity in traffic scenarios, weather and
illumination, and driveway conditions. Next, we propose a strong baseline
based on a transformer architecture to effectively model multiple views
and modalities over longer video lengths. We benchmark the existing
DIP methods on DAAD and related datasets. Finally, we perform an
ablation study showing the effectiveness of multiple views and modalities
in maneuver anticipation. Project Page: https://cvit.iiit.ac.in/
research/projects/cvit-projects/daad.
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1 Introduction

An ideal ADAS system should be capable of anticipating a potentially wrong
maneuver moments before the driver intends to initiate it. That is, a system that
actively learns from visual cues preceding the onset of a maneuver and alerts the
driver beforehand. As an illustration, consider a scenario where a driver on a
highway signals an intention to switch lanes. Despite activating the turn signal
to indicate a move to the right lane, the driver, failing to check blind spots,
remains unaware of a rapidly approaching vehicle in that lane. Consequently,


https://orcid.org/0000-0003-4465-7066
https://orcid.org/0000-0003-4448-5794
https://orcid.org/0000-0002-7448-2271
https://orcid.org/0000-0001-6767-7057
https://cvit.iiit.ac.in/research/projects/cvit-projects/daad
https://cvit.iiit.ac.in/research/projects/cvit-projects/daad

2 A. Wasi et al.

Start of Maneuver End of Maneuver

Ego View

o (e

)

Before the Maneuver

Intention: Right Turn

! &\ Datasets ©v)

Right View

. DAAD

(DM AN) < - - -
Dataset

1
1
1
1
1
1
1
1
1
1
1
1
1
' {
I Multi-View
Maneuver Anticipation : Multi-Modal W
_____ After the Maneuver | & o )
Fig. 1: Overview of DAAD dataset for ADM task. Left: Shows previous datasets
containing maneuver videos from their initiation to their execution (DM), whereas our
DAAD dataset features longer video sequences providing prior context (BM), which
proves beneficial for early maneuver anticipation. Right: Illustrates the multi-view

and multi-modality (Gaze through the egocentric view) in DAAD for ADM.

proceeding with the lane change without recognizing the potential collision risk
could result in a hazardous situation. In this instance, relying solely on the
turn signal did not encompass the surrounding traffic context, leading to the
execution of the maneuver without due consideration of the potential dangers. In
such cases, early anticipation enables the ADAS to prepare for the maneuver by
adjusting the speed and checking for incoming traffic to avoid any safety hazards.
The existence of such a system holds great significance in accident prevention,
underscoring its crucial role in improving overall road safety. Existing ADAS
systems detect critical maneuvers only after the driver has initiated them ,
leading to the onset of a hazardous situation. The brief time frame between
identifying a potentially risky maneuver and the impending collision often proves
insufficient for an effective response.

The closest attempt to address the challenge of anticipating the driver’s ma-
neuver (ADM) is found in Driver Intention Prediction (DIP) [14,21][22l[24,30}37],
which aims to predict the maneuver during its execution. Existing DIP methods
attempt to predict the maneuver post its onset, essentially engaging in video
recognition rather than anticipatiorﬂ This limitation arises from the nature of
DIP datasets. Due to their relatively short length, these datasets
provide minimal to no contextual information about the scene before the driver
initiates the maneuver, constraining the potential for early anticipation as shown
in Fig. [l These datasets have maneuver clips with an average duration of less
than 6 seconds, and at times, as brief as a second (see Fig. 3| for video dura-
tion statistics), encapsulating the maneuver from its initiation to execution (see
DM in Fig. [1]). Furthermore, their limited field of view constrains their capacity
to comprehensively capture the surroundings of the vehicle, impeding effective
inference. Table [I] enlists the in- and out-cabin views, modalities, and gaze in-
formation for the existing datasets.

3 By "anticipate", we refer to the model’s ability to predict a maneuver a few seconds
before its actual execution.
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On the other hand, most of the existing DIP methods rely on recurrent
models like LSTMs that struggle to capture long-range temporal dependencies
[16]. These models exhibit memory and computational limitations in processing
videos that are typically longer than 5 seconds|[4/7], limiting the scope for early
anticipation. Moreover, since these methods are not compatible with multi-viey|
and multimodal data, they cannot model cues captured by di erent views that
prove to be discriminative for early maneuver anticipation as shown in Fig[1].

To address these shortcomings, we introduce the DAAD dataset comprising
videos with sequences before the onset and during the execution of maneuvers.
We refer to these sequences 88M (Before the Maneuver) and DM (During the
Maneuver) as shown in Fig.[]. The existence of BM provides a scope for early
maneuver anticipation. The dataset captures the egocentric view, side-mirror
(i.e., blindspot) views, front and rare view, and the in-cabin view in dense and
heterogeneous scenarios (see Fi@]. 3). Moreover, to address the shortcomings of
DIP methods, we introduce a multi-view multi-modal vision transformer capable
of modeling multi-view and cross-modal videos over longer durations for ADM.

In summary, our contributions are: (i) Introduce DAAD, a multi-view and
multi-modal driving action anticipation dataset with longer video sequences, cov-
ering scenes before the onset of the maneuver that proves to be discriminative for
early maneuver anticipation; (ii) Propose a multi-view multi-modal transformer
with hybrid fusion and learnable memory that e ectively utilizes the temporal
information for maneuver anticipation task; (iii) Present quantitative benchmark
results for the DAAD dataset across multiple baseline models, and showcase our
method, demonstrating improved maneuver prediction performance.

2 Related Work

Action Anticipation. It is the task of predicting actions or movements be-
forehand. The eld of action anticipation has seen signi cant progress, stimu-
lated by the promising outcomes achieved in video recognition| [10, 26, 47, 53].
It encompasses a diverse spectrum of problems in movement |25] and interac-
tion [15,(16,/28] across short and long videos [32, 47]. Traditionally, recurrent
networks |11, 12, 35] were used for action anticipation. However, with the ad-
vent of transformers [45] all the state-of-the-art action anticipation [16, 18, 51]
are based on vision transformers [7]. Recently, the eld of action anticipation
has witnessed a drift in interest from third-person videos [13, 20,22, 46] to rst-
person [5,6,12,16,31,39], and multi-modal videos [3,17,34,43,51]. However, there
is no such dataset that addresses the issue of maneuver anticipation in driving.
Driver Intention Prediction. Numerous end-to-end deep learning architec-
tures are introduced in the literature to tackle DIP challenge [14,21,22,24,30,37].
[14,37] use a combination of 3D ResNets and LSTM. However, they perform
poorly on longer video sequences [16, 47]. [30] proposed a vision transformer

4 We use "multi-view" for more than two views. None of the aforementioned datasets
other than AIDE [50] are multi-view. However, it has only 3 maneuver classes with
3 seconds long videos.
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Table 1: Comparison of datasets. Our dataset is unique in containing longer multi-
view multi-modal videos both in-cabin and out-cabin, along with eye gaze derived from
Aria eye tracking cameras. Among others, DAAD is further diversi ed by capturing
varying tra c densities, weather conditions, time of day, and the type of routes.

: Duration Trac Multi-  Multi- Day & Weather
Dataset Views Size (hours) Resolution Areas Drivers Density View  Modal Eye Gaze Night  Diversity Anomalies
In- Out-
cabin _cabin
BraindCars  [21] 1 1 2 10 N/A urban, 10 Low 7 7 7 7 7 7
Suburban
VIENA 2 [1] 0 1 225M 2083  1920x1280 N/A 15 N/A 7 7 7 7
Urban,
HDD  [36] 0 1 275K 104 1280x720 Suburban N/A  Medium 7 7 7 7 7 7
Urban &
LBW [23] 1 1 123K 7 N/A Suburban 28 Low 7 7 7
AIDE  [50] 1 3 561K 24 1920x1080 N/A N/A  Medium 7 7 7
2 4

Urban,

DAAD (Ours) Rural

6.6M 85 1920x1080 18 High

with learnable memory tokens [38] and a context-aware loss function. However,
their encoder [7] struggles to leverage the temporal information and, instead,
relies heavily on appearance. Our work explores a task e ectively contributing
towards both early anticipation and maneuver prediction.

Gaze from Ego-View. Gaze is known to provide strong indicators related
to driver intent [27]. Earlier works in driving use gaze information for driver
intention and attention anticipation. Many of these datasets are either captured
in synthetic environments or lab settings [2, 48, 52]. Recent works [23, 33, 34,
49] show being captured in the real world, exploiting the ground-truth gaze
information and videos from the front-facing camera, and drivers' face. Inspired
by these, we incorporate egocentric gaze information in building a transformer
for maneuver anticipation.

DIP Datasets. Brain4Cars [21] is a real-world dataset that introduces the
DIP problem statement. It consists of 700 videos of lengths up to6 seconds.
VIENA 2 [1] is a large-scale synthetic DIP dataset consisting ofl5; 000 short
videos. Another popular dataset is HDD [36], which introduces stimulus and
cause in driving. Recently, the AIDE [50] dataset was introduced that facilitates
contextual information from inside and outside the vehicle. All of these datasets
have inherent limitations associated with their length of maneuver and have no
context information of the scene before the onset of the maneuver. We address
these issues in our proposed dataset that captures long video clips from multiple
in- and out-cabin, and ego-centric view along with the gaze.

3 The DAAD Dataset

We introduce the DAAD dataset here. First, we outline the data capture setup
and then present the annotation process for dierent driving intentions with
causes and agents. Finally, we analyze the dataset attributes.

3.1 Data Capture and Collection

Data Capture Platform. To create the DAAD dataset, the cameras were
arranged as shown in Fig. 2. The vehicle used for data capture encompassed
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Fig. 2: Data capture setup. (a) Out-cabin setup: Four cameras are oriented towards
frontal-view, side-mirror (left, right) views, and rear-view, (b) In-cabin setup: Driver-

facing camera along with Aria [42] glasses for an egocentric view,(c) Eye gaze derived
from Aria eye tracking cameras: Shown from egocentric view during a left turn, going

straight, and a right turn respectively.

both the in-cabin and out-cabin views. DAAD comprises multiple data streams,
synchronized and timestamped, and is captured at a rate 080 frames per second.

Video Data. The vehicle was equipped with ve monocular (GoPro 8) cam-
eras with 1080p resolution. These cameras are positioned both outside the cabin
(front, rear, left-side mirror, right-side mirror) and inside the cabin, speci cally
facing the driver. The out-cabin cameras o er a comprehensive view of the sur-
rounding tra ¢ context along with side blind spot regions that are essential for
maneuver anticipation. The in-cabin camera non-intrusively captures the driver's
actions during the maneuvers.

Driver Gaze. Gaze is captured using Aria [42] eye-tracking cameras. The device
o ers an eye-tracking resolution of 320 240, along with 8 MP video from the
RBG camera with a resolution of 1408 1408

Data Collection. The dataset was collected for85 hours over 1400kms on 24
di erent routes, spanning over 2 months. The diversity of the driving data is
in terms of varying lighting conditions (morning to night), weather, drivers ( 18
participants, 15 male, 3 female), driver experience (from5 to 35 years), road
tra ¢ density (from low to high), landscapes (main road, residential, highway,
market, semi-urban, and rural), and the vehicles used. Furthermore, the dataset
incorporates anomalies such as animals, potholes, and other objects that may
pose interference during maneuvers. Table 1 compares DAAD against earlier
driving datasets. Fig. 4 shows data samples in naturalistic unstructured driving
conditions with respect to maneuvers, and Fig. 3 illustrates the diversity of our
dataset.



6 A. Wasi et al.

Fig. 3: Dataset statistics . Top Row: Number of videos for various types of routes,
time of day, weather conditions, and tra c density. Bottom Row: Average maneuver
duration for di erent datasets, average video lengths for our dataset, years of driving
experience, and the absolute gaze di erence from the mean.

3.2 Annotation Process

We annotate di erent driver intentions with appropriate causes. Each of the
driving videos is annotated using one to four labels i.eintention , cause, static
agent, and dynamic agent . Fig. 5 shows annotated instances for each label.
The intention labels deal with the type of maneuver. Here, the labels used
are go straight (ST), right turn (RT), left turn (LT), right lane change(RLC),
left lane change(LLC), slow/stop (SS), andU-turn (UT). The cause labels are
contingent on the current tra c context (existence of static and/or dynamic
agent(s)). For example, a driver may be willing to take a right lane change
(intention) to avoid congestion (cause) in a particular road lane, or, a driver
may slow down or stop (intention) to let the other vehicle (dynamic agent) yield
or cut-in (cause). Important to note is that not all of the videos in this dataset
have static and dynamic agents in the scene. Therefore, theause label does
not need to be there in every case. Furthermore, alynamic agent can be a
vehicle, a pedestrian, or others (animal, bike, etc.), and astatic agent can be
a tra c light, a speed breaker, or a pothole among others. Pertinent to mention
is that in this work, we stick to the usage of intention labels.
Sanity Check. We use the VIA video annotator [9], an open-source tool, to
annotate the dataset. For data annotation, we used professional annotators with
bespoke training, and an expert annotator doing quality checks to maintain
consistency. For the rst 100 videos, a group of ve annotators individually
provided annotations. Following this, an expert annotator assessed and recti ed
any discrepancies, ensuring accuracy and consistency in the annotations. Finally,
all the videos were annotated, with each of the ve annotators labeling a portion
of the dataset and an expert annotator evaluated for correctness. With this
process, less tharnl% of the overall videos were incorrectly annotated and xed
by experts.
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Fig. 4: Data samples. DAAD in comparison to Brain4Cars [21], VIENA 2 [1] and
HDD [36] datasets. DAAD exhibits great diversity in various driving conditions (tra ¢
density, day/night, weather, type of routes) across di erent driving maneuvers.

3.3 Data Statistics

Fig. 3 gives a detailed overview of the dataset statistics. The dataset has a total
of 2;028 video samples, with a varying length of5 to 35 seconds. Each sample
consists of six video clips from ve camera views and one Aria RGB ego-centric
view. For each sample, speci ¢ label and gaze information is provided. Following
the AIDE [50], a strati ed sampling approach is applied and the dataset is split
into training ( 65%), validation (15%), and testing (20%) sets. This division is
performed without considering held-out subjects, acknowledging the inherent
data imbalance stemming from the naturalistic nature of the dataset.

Fig. 5: Annotated instances. For driver intention (intended maneuver), cause be-
hind a maneuver (if any), and the dynamic and static agents responsible for the cause.
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