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Abstract— Driver gaze monitoring is crucial for road safety,
but existing methods rely on expensive, cuambersome technolo-
gies like wearable eye trackers or fixed-camera setups. To
address this, we propose a low-cost approach using dashcams to
capture driver gaze data. We introduce DashGaze, a large-scale
dataset for training appearance-based gaze estimation models,
featuring over 900,000 frames collected over 10 hours with 28
unique drivers. DashGaze includes synchronized views of the
road, driver, and driver’s egocentric perspective, along with
the driver’s gaze in both the driver and ego views. We also
present DashGazeNet, a baseline model that generalizes well
to unseen drivers and diverse conditions, achieving gaze angle
errors within 8.5°and gaze location errors within 225 pixels.
Our code and data are available at https://github.com/
ThrupthiAnn/DashGaze

I. INTRODUCTION

Driver gaze monitoring has emerged as a critical compo-
nent in ensuring driving safety, with applications in reducing
distraction-related risks and enhancing situational awareness.
Advanced Driver Assistance Systems (ADAS) can lever-
age gaze data to assess driver attention and fatigue levels,
prompting timely alerts for potentially hazardous events
[1]. However, the practical implementation of driver gaze
estimation has been hindered by the reliance on costly and
cumbersome solutions, such as wearable eye trackers or
calibrated camera setups. This work proposes an alternative
approach, utilizing dashcams as a low-cost, easily deployable
means for capturing driver gaze data, thereby addressing
the need for more accessible and practical gaze monitoring
systems.

To overcome the limitations of existing gaze monitoring
systems, we propose a novel data collection framework
that transfers the gaze from an eye tracker to the dash-
cam view. Using our collection framework, we propose
DashGaze, a large-scale dataset specifically designed for
training appearance-based models using only a single dash-
cam. Unlike previous dashcam datasets like DGaze [2],
DashGaze captures the complexities of real-world driving
scenarios with 28 unique drivers, totaling over 900,000
frames. The dataset includes synchronized views of the road
scene, driver scene, and egocentric perspective, enabling
correlation of driver gaze with driving context and behavior
analysis. The dataset provides gaze ground truth in egocentric
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Fig. 1: Is it possible to capture driver gaze through a
dashcam? In this work, we present a large-scale naturalistic
driver gaze dataset and propose a method for dashcam-based
driver gaze estimation.

and road views, along with blink, fixation, and IMU data.
Captured on Indian roads, DashGaze is highly realistic,
encompassing diverse driver behaviors, weather, road, and
traffic conditions.

that are adaptable to diverse driving conditions.

We present DashGazeNet, our baseline dashcam-based
model for driver gaze estimation. Our experiments show
that this model, trained on the DashGaze dataset, performs
well on unseen drivers and camera positions and general-
izes effectively to the real setting, indicating the dataset’s
robustness. Our model is able to estimate the gaze angle
within 8.5°and gaze location within 225 pixels. Additionally,
our model compares favourably with popular gaze estimation
algorithms. Our contributions are as follows:

« We propose a novel data collection framework to col-
lect gaze data using dashcams. Using our framework,
introduce Dash-Gaze — a novel, large-scale dataset for
appearance-based gaze mapping on the road. To our
knowledge, this is the largest dataset collected under real
driving conditions suitable for dashcam-based driver
gaze estimation.

« We introduce DashGazeNet, a baseline model for pre-
dicting driver gaze on the road from facial input. We
describe calibration procedures to adapt the model to
various drivers and dashcam positions. Experimental
results demonstrate the generalizability of our dataset,
exhibiting minimal domain gap relative to real-world
conditions.

Our data and method code will be released on acceptance.
We will also publicly release our entire framework’s code
on acceptance, for wide usage as well as extension to newer
hardware.
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TABLE I: Comparison of the DashGaze dataset with other
gaze datasets on the following parameters: 1. Is it a driving
dataset; 2. Is dashcam the modality of capture; 3. Does
the data represent natural behaviour or is it collected in
simulation? 4. Does the dataset capture unstructured road
events typical to the Global South? 6. Is the gaze ground truth
continuous or categorical?; 7. Is the road view available?;
8. Is the driver view available?; 9. Is the driver’s ego view
available?; Evidently, our dataset scores a ‘Yes’ on all these
parameters.

II. RELATED WORKS

Gaze Datasets. The task of annotating eye gaze direction
based solely on visual cues poses challenges for human
annotators. To address this issue, most available gaze datasets
are typically compiled using eye-trackers [4], [15], [16] or by
instructing subjects to focus on predetermined gaze targets
[31, [5], [17]. These targets may be points on a screen [17],
[18], [19], [20], or objects in 3D space [3], [5], [21]. NVGaze
[22] was collected by asking users to look at targets in a VR
headset. The use of eye trackers in gaze data collection has
the advantage of providing unconstrained behavioral data.
On the other hand, object targets allow the face to remain
unobstructed by the eye tracker, facilitating the training of
appearance-based gaze models. Rt-GENE [4] combines the
benefits of both methods by collecting data using an eye
tracker and subsequently inpainting the eye tracker.

Driver Gaze Datasets. Several datasets have also been
collected to particularly study driver behaviors, activities,
and attention [8], [12], [23], [24], [25], [26]. Our focus is
on datasets designed for gaze estimation. Few large-scale
datasets concentrate on the task of “gaze zone prediction,”
[91, [8], [7], [11] where the interior of the car is divided into
fixed “zones,” such as the “rearview mirror” or “dashboard,”’
and the goal is to predict which zone the driver’s gaze
falls on at any given time. As point-annotation of driver
gaze is challenging, some datasets have used markers inside
or outside the car [12], while others have been collected
using simulators [10], [2] or parked cars [12], [9]. However,
these methods do not capture realistic driving behavior. The
Dr(eye)ve [13] and LBW [14] datasets address this issue by

using eye trackers to collect true behavioral data while the
driver is naturally driving on roads.

Appearance-based gaze estimation requires a dataset with
annotated views of the driver and road. Two existing datasets,
Look-Both-Ways (LBW) [14] and DGAZE [2], share sim-
ilarities with ours but differ in their collection methods.
LBW utilizes multiple calibrated sensors including stereo
cameras and RGB-D cameras to capture facial RGB-D video
, driving scene stereo videos, and ground-truth gaze from
eye-tracking glasses to estimate the driver’s visual focus
of attention. Unlike the multi-sensor setup of LBW, our
approach employs a single, uncalibrated dashcam. DGAZE
uses a single dashcam setup, but the dataset is collected in
simulation by instructing users to look at annotated points on
a road video, and thus it does not capture realistic driving
behaviour and is limited in scope. Our dataset improves on
DGAZE by capturing real-world driving behavior in diverse
situations on actual roads.

Driver Gaze Estimation. Methods for driver gaze estima-
tion have been proposed in earlier literature focusing on the
task of driver gaze zone estimation, where the driver’s gaze
is classified based on which specific ‘gaze zone’ it belongs
to [27], [28], [29]. In some studies, depth information from
RGB-D cameras has been utilized effectively for accurate
gaze zone estimation [30], [31]. To address the issue of
identity bias, Yu et al. [32] proposed a multimodal approach
that utilized geometric features. Context-aware methods that
utilize cues from the driver’s environment and face for
gaze zone prediction have also been proposed. For instance,
Stappen et al. [33] introduced ‘X-AWARE’, a context-aware
approach. Additionally, Yuan et al. [34] used a domain
prior of typical gaze patterns to auto-calibrate gaze zone
estimation. In contrast to gaze zone estimation, some works
aim to predict the continuous driver gaze [35], [36], [37],
[38]. Probabilistic models for gaze estimation using the
driver’s head pose have also been proposed by Shirpour et
al. [39] and Jha et al. [40].

Recently, a few methods have been proposed for detecting
driver gaze using multiple sensors. Some of these sensors
include infra-red cameras [41], RGB-D cameras [30], and
dual cameras [38]. Lemley et al. [42] proposed a low-cost
solution for driver gaze estimation using noisy cameras.
Sonom-Ochir et al. [43] proposed a dashcam-based approach
that utilizes an SVM classifier on features extracted from
Convolutional Neural Networks (CNNs). To address the
challenge of occlusion due to eyeglasses, Rangesh et al. [44]
used IR cameras and a gaze-preserving cycle Generative Ad-
versarial Network (GAN) to remove eyeglasses and estimate
the driver’s gaze accurately. Unlike these methods, our gaze
estimation algorithm detects continuous gaze targets using
only a single-camera view of the driver.

III. THE DASHGAZE DATASET

The DashGaze dataset is a video dataset capturing driver
gaze on the road, aimed at facilitating the development of
dashcam-based gaze mapping models ready for deployment.
Each frame includes a triplet: (i) road view from the dash-
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Fig. 2: Overview of the DashGaze dataset. Each frame
consists of driver view, road view and ego view. We also
provide face bounding box and fiducial points, head IMU
data, driver gaze coordinates with respect to the road view,
blink and fixation data.

(a) Driver view

(b) Road view

Fig. 3: Data samples showing variations in the DashGaze
dataset w.r.t. lighting, pose, camera position, traffic and
weather conditions.

cam, (ii) driver view from the dashcam, and (iii) driver’s
egocentric view (see Figure 2), which captures cases where
the driver’s gaze falls outside the road view, like the rear view
mirror or the side windows. For each frame, we provide gaze
location on the ego and dash frames, azimuth and elevation
of the gaze, fixation and blink information, and IMU (Inertial
Measurement Unit, gyroscope, and accelerometer) data of the
head. This section discusses the data acquisition procedure,
dataset statistics, and analysis of driver gaze behavior.

A. Data Acquisition

Hardware configuration: We use the Pupil Invisible eye
tracker [45] for tracking driver gaze. The eye tracker provides
the 2D gaze location in the driver’s ego-centric view. It
also provides blink, fixation, IMU, and gaze angles. The eye
tracker is connected to an Android phone (OnePlus 8), which
powers the tracker and records the gaze information. This
phone is mounted on the car windscreen. It simultaneously
captures the road view using the rear camera and the driver
view using the front camera. Figure 4 shows our hardware
setup and views from the various cameras. Note that our
framework can be used with newer generations of eye
trackers to further improve on our dataset. To increase the
variation and generality of the dataset, we moved the position
of the dashcam between sessions. Figure 4 (right) shows
three exemplar positions of the dashcam with respect to the
driver.

Temporal synchronization: During data collection, we first
turn on the dash-cam, followed by the eye tracker. We find
the temporal disparity between the two streams of data using
audio alignment. The ego-centric video is sampled at 30Hz,

Dash cam

Eye trachar
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Fig. 4: Data collection setup used for the DashGaze dataset.
(LEFT) We use three cameras in our setup. A wide-angle
camera mounted on the eye-tracker captures the driver’s ego
view. We use OnePlus 8 Android phone as our dashcam,
which is mounted on the windscreen. The front camera
captures the driver while the rear camera captures the road
view. (RIGHT) We varied the position of the dashcam in
different sessions to make the dataset more general. Shown
above are three positions of the dashcam (in orange): under
the rear-view mirror (top), centre of the windscreen (middle)
and in the top right corner of the windscreen (bottom)

Dashcam view Ego view

Fig. 5: (a) Illustration of our spatial alignment algorithm.
Here, we could find a good homography from ego frame
to road frame at timestep 0, but not at timesteps 1 and 2.
We transfer the gaze from E, to R, through Ey and Ry. (b)
An example of matches between road and ego frames (c)
Transfer of gaze (in red) from ego to road frame using the
homography found in (b)

whereas the gaze and IMU data is sampled at 200Hz. We
match each gaze and IMU sample to the nearest video frame.
For each video frame, we average all the gaze samples and
IMU samples corresponding to it to obtain a single value per
frame, as recommended by the Pupil Invisible eye tracker
team.

Spatial alignment: We describe our process to transfer
egocentric gaze provided by the eye tracker to the road
view below. We transfer the gaze point to the road view
by computing a homography between the road view and
ego-centric view using ORB keypoints [46] matched with
the MLESAC algorithm [47] (a variation of RANSAC).
We do not get enough matches on some road-ego frame
pairs due to resolution differences, blurred frames and view
differences between two frames resulting from the driver’s



Dataset Gaze Subjects Size
LISA [11] Gaze zones 10 47K frames
MDM [12] Markers 59 50.2 hrs *

Dr(eye)ve [13] Continuous 8
LBW [14] Continuous 28
DashGaze Continuous 28

0.5M frames (6 hrs)
0.1M frames (7 hrs)
0.9M frames (10 hrs)

TABLE II: A comparison of recent driver gaze datasets that
feature subjects driving on roads. *For MDM, only a portion
of the dataset is on the road. Naturalistic gaze is not provided

Weather
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Fig. 6: Distribution of DashGaze dataset with respect to
weather, time of day and camera position

head movement. It is easier to match two consecutive frames
of the same stream (road or ego). We use this fact to
‘propagate’ the good homographic transformation obtained
between road-ego frames to all frame pairs where good
matches are not possible. This is illustrated in Figure 5.
About 1.6% of the gaze points were obtained in this manner.
If the driver gazes at an object inside the vehicle, the
homography-based transformation maps the gaze point to a
location in the road view where the gaze vector intersects the
road scene, as the vehicle interior is not visible. Additionally,
due to the narrower field of view of the road-facing camera,
many gaze points fall outside its frame. In such cases, gaze
coordinates are still recorded relative to the road view, even
if they lie beyond its boundaries. To provide context, the
egocentric view is available for all frames.

Our dataset complies with the Institutional Review Board
(IRB) protocols. Each driver is over 18 and has a valid
driving license. Each participant signed a consent form
agreeing to share their data and participate in the study.
Along with the driver, an instructor occupied the front seat.
The drivers were instructed to drive naturally. Some video
captures have one or more passengers in the back seat to
increase variation.

B. Dataset Statistics

To the best of our knowledge, the DashGaze dataset is the
largest driving ’in-the-wild’ dataset with driver and road-
facing cameras (See Table II). Our dataset consists of 28
participants and 32 unique drives. Each drive is more than
10 minutes long and thus supports long-term driver behaviour
modelling. The dataset has over 0.9M frames, corresponding
to over 10 hours of video.

The DashGaze dataset is designed to be as varied and
naturalistic as possible. We used 5 different cars for col-
lecting the data. Our participants varied in age from 18
to 62. Figure 3 shows the variations in driver frames and
road frames. Our dataset covers three weather conditions
and dashcam positions. The dataset was collected at various
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Fig. 7: The DashGazeNet architecture, depicted in the ac-
companying image, employs five input branches, including
driver view, face, left eye, right eye, and landmarks, to
estimate gaze angle and location using a multi-task learning
approach. Notably, the architecture includes a separate self-
supervised session branch for each dataset session, thereby
enhancing the accuracy and precision of the model.

times throughout the day. The distribution of our dataset with
respect to weather, time of day and camera position is given
in Figure 6. In 25% of the data, the driver wore the Pupil
Invisible eye tracker with prescription lenses inserted into
the frame. In the remaining 75%, the eye tracker was worn
without lenses.
IV. DASHGAZENET: DASHCAM-BASED DRIVER GAZE
ESTIMATION

We aim to estimate the gaze angle and the target location
of the driver’s gaze on the road using only the driver-view
dashcam as input. This setting ensures maximum flexibility
during deployment and prevents biases that could otherwise
lead the model to predict only salient objects. Predicting both
gaze angle and location is essential, as gaze angle provides
a continuous representation of the driver’s visual attention,
independent of scene constraints, while target location helps
determine which object the driver is looking at. This in-
formation is valuable for applications such as advanced
driver assistance systems and driver behavior analysis. Since
dashcam and head positions vary across drivers and sessions,
we design our model to be calibration-free, and ensures
works across most settings without per-session adjustments.
Rather than optimizing for state-of-the-art accuracy, our
goal is to demonstrate the feasibility of using dashcam-
based data for general-purpose, appearance-based driver gaze
estimation. The DashGazeNet model is a multi-branch multi-
task, calibration-free model for appearance-based driver gaze
prediction (see Figure 7 for the overall architecture). We
describe our architecture and method below.

A. DashGazeNet Architecture

Accurate gaze estimation requires knowledge of head
position, head orientation, and eye gaze direction. To capture
these factors, we design our model with multiple input
branches, similar to [2]. Each branch provides complemen-
tary information: the full driver-view image captures global



context, the cropped face provides head pose information,
the eyes offer fine-grained gaze cues, and facial landmarks
supply geometric constraints.

The first branch N;(I; € R3*22X224) has a ResNet50
architecture and takes the entire driver-view image as input.
We downsample the input image to 224 x 224 pixels. The
face branch Ny (Ir € R3*?24¥22% has a ResNet50 architec-
ture and takes in an image of the driver’s cropped face
resized to 224 x 224 pixels. We detect and crop the face
using MTCNN [48]. The left-eye and right-eye branches
NLE(ILE S R?’XSOX]OO) and NRE(ILE € R3X50X100) have four
convolutional layers followed by a linear layer. They are
fed the left and right eye images respectively, cropped and
resized to 50 x 100. The landmark branch Ny (I, € R'?) is a
fully connected branch that takes the x and y locations of five
facial landmarks provided by MTCNN with respect to the
driver view. All the input branches N;,Np,Nrg,Ngg,andNy,
output feature vectors of length 500.

The gaze location branch, N, is the main output branch
of DashGazeNet. It receives as input Igj,., which is the
concatenation of feature outputs from the input branches:
NF(IF)» NLE(ILE), NRE(IRE), N[(I[), and NL(IL). It then
predicts the x and y coordinates of the gaze relative to the
road view.

The gaze angle branch Nguu, learns the azimuth and
elevation of the gaze vector with respect to the face (not
the driver camera). Recent studies show that the appearance
of the left and right eyes differ for the same angle, and thus,
it is beneficial to use both eyes for gaze estimation [4], [49].
In our dataset, we notice that sometimes the left or right eye
or face may not be fully visible. Hence, we combine the
features of all the input branches with learned weights:

IGang = wr *Np(Ir) +wp Ny (I;) +wp « N (I1)
+wee * N (ILe) + wrE * NRE (IRE) (1)

where all the weights w are learned. Both Ng;, and Ngayg are
three-layer fully connected networks with the second layer
having dimensions of 500 x 250.

We use mean squared error as a loss for gaze location
and gaze angle. We learn the gaze location and the eye
gaze angle (azimuth and elevation) in a multi-task manner
to achieve better performance and learn more robust and
universal representations [50]. Thus, the combined loss is:

D
Leioc = Y (Noioc(Ioc) — §i)° 2)
i=1
D ~
LGang = Z(NGang (IGang) - li)z (3)
i=1
LG = Lgjoc + )“LGang (4)

where D is the number of samples, g; is the ground truth
gaze location, [; is the ground truth gaze angle, and A is a
hyperparameter.

Calibration-free gaze estimation: As stated in Section
III-A, the placement and angle of the dashcam vary between
sessions, affecting both the road and driver views. Addi-
tionally, differences in driver height and seat adjustments

introduce further variations. These factors would typically
necessitate a calibration procedure at the start of each ses-
sion, which is inconvenient and hinders adoption. Our goal is
to develop a model that adapts to session-specific conditions
without calibration or additional setup.

We achieve this through test-time training, allowing the
model to adapt during inference. Session-specific variations
introduce inconsistencies in the appearance-based model’s
inputs, making accurate gaze estimation challenging. To
effectively address this, we employ different session heads,
where each session head adapts to intra-session variations,
such as lighting changes and head movements, while col-
lectively, the session heads model inter-session differences,
including seating position and camera angles. This design
enables the model to generalize across multiple sessions and
drivers without requiring explicit per-session calibration. Ad-
ditionally, each session head is a lightweight, fully connected
network, ensuring computational efficiency while allowing
robust adaptation to session-specific conditions. To ensure
robustness across sessions and drivers, the session head is
designed to model session-specific features using only the
left eye, right eye, and facial landmarks. We exclude the
driver’s face and full driver-view image to prevent the model
from learning shortcuts to distinguish between sessions.
Since the session head is a lightweight, fully connected
network, we can maintain a separate session head for each
session.

The session head is a three-layer fully connected network,
with the second layer having dimensions of 500 x 250. Its
input consists of concatenated feature outputs from Ny g, Ngg,
and Np. During training, we assign a separate session head
N;,, to each session s in the training set without sharing
weights. Each session head learns a self-supervised task of
detecting translations in facial landmark points. We train
this by alternating batches of original and augmented facial
landmarks, where each sample’s landmarks are randomly
shifted by -20 and 20 pixels. All landmark points within
a single sample are shifted by the same amount. A cross-
entropy loss function is used to classify whether a sample
has been translated:

Li:f,’S.Y (N;?ESS (I;YESS) ? y) = (y log (N;?ESS (I‘fL)SS ))
+(1 _y)log(l _Ngess(lgess))) (5)

where y = 1 for translated samples and y = 0 otherwise.
The total training loss for our model is:

S
L=Lg+ Z L, (6)
s=1

§=

During inference, we treat all incoming samples as belong-
ing to a new session not seen during training. The trained
session heads are discarded, and a new session head Ni,
is created. For each batch of test samples, we compute
the gaze location and angle. We then alternate batches of

translated landmarks, performing a single weight update per



Location Angular Azimuth  Elevation
Method error (px)  error (deg) (deg) (deg)
Gaze360 [3] N/A 36.44 29.38 32.61
ETHX-Gaze [20] N/A 37.77 34.39 29.37
I-DGaze [2] 669.93 N/A N/A N/A
DashGaze 225.06 8.48 7.92 6.36

TABLE III: Comparison of gaze estimation errors across
different methods. We report angular errors (eqn. 7) as well
as azimuth and elevation errors in degrees for DashGazeNet,
Gaze360, and ETH-XGaze. We report gaze location errors
(in pixels) for DashGazeNet and I-DGaze.

batch using the loss in Equation 5. This enables the model
to adapt to test-time conditions in a self-supervised manner.
V. EXPERIMENTS AND RESULTS

This section comprehensively evaluates DashGazeNet’s
performance for gaze angle and location estimation on the
DashGaze dataset. We present qualitative results for the
DashGazeNet architecture, including an ablation study that
assesses the various components of the model.

A. Experimental Setup

We split our data into 82% train, 10% validation and 8%
test. While splitting the data, we ensured to not split a driving
session into different splits. We ensured that the sessions
in the test split had a variety of lightings, drivers, camera
positions and cars.

Since our model outputs both gaze angles (azimuth and
elevation) and gaze locations (x and y coordinates relative
to the road view), we compare our results with other gaze
estimation algorithms for both gaze angle and gaze location.
In all cases, we quantify gaze error as the mean angular
deviation (in degrees) between the predicted and ground truth
gaze directions. The location error is calculated as the mean
of the Euclidean distance between the predicted and ground
truth coordinates.

ZCOS
;,leli—li-n (8)

where g; and [; are the i, predictions for gaze angle and
location, and g; and lA, are the ground truth. N stands for the
number of samples. We also report the RMSE of azimuth
and elevation in Table III.

EAng - gl gl (7)

EL{)c =

B. Baseline Gaze Estimation Results

We compare our gaze angle estimates with Gaze360 [3]
and ETHX-Gaze [20], two popular off-the-shelf gaze estima-
tors designed for ‘in-the-wild’ scenarios. We use the static
models provided by the authors. Since our model outputs
gaze angles relative to the face rather than the driver’s view,
we employ a head pose estimator [52], [53] to estimate the
driver’s head pose and adjust our gaze angles accordingly.
Table III presents the results of this experiment. The angular
error across the entire test set for DashGazeNet is 8.48°,
compared to 37.77°for ETHX-Gaze and 36.44°for Gaze360.

Angular errors in various settings
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Fig. 8: Graph comparing the angular error (in degrees) of
gaze estimation across different settings. Errors are shown
for three different camera placements, as well as for subsets
where the driver is wearing lenses, not wearing lenses, dur-
ing daytime sessions, and nighttime sessions. (lower values
indicate better performance)

Fig. 9: Qualitative results of DashGazeNet gaze angle predic-
tion on randomly selected samples. Arrow colors represent
the following: red: Gaze360 [3], yellow: ETHX-Gaze [20],
green: DashGazeNet, and white: ground truth.

We compare our gaze location estimation with the I-
DGaze model [2]. Like DashGazeNet, [I-DGaze uses only
the driver-side video to infer the two-dimensional gaze target
location on the road video. We trained the I-DGaze model
on the Dash-Gaze train set with the same hyperparameters as
in the original work. We see from Table III that our model
significantly outperforms I-DGaze. The lower performance
of I-DGaze may be attributed to its limited ability to adapt
to the wide variability present in the DashGaze dataset.
This shows that the Dash-Gaze dataset is collected in a
more unconstrained setting than DGaze and requires more
contextual information to estimate gaze on the Dash-Gaze
dataset.

Figure 8 compares the angular error of Gaze360, ETHX-
Gaze and DashGazeNet over different settings. For camera
placement, we observe that placing the dashcam on the
top left of the windscreen gives the worst performance
across the three methods. The best results for Gaze360 and
DashGazeNet are obtained when the dashcam is placed in the
middle of the windscreen, while ETHX-Gaze gets the best
results with the dashcam placed directly under the rear-view
MirTor.

Figure 9 shows some qualitative comparison of gaze angle
prediction on random samples. We see that the gaze angles
predicted by DashGazeNet is close to the ground truth
gaze in most cases, despite different drivers and dashcam
positions. We also note that the gaze prediction is robust to
various lighting and occlusions.



Variation Azimuth Elevation Location
1 No TTT 8.12° 6.15°  319.32pix
2 TTT all features 8.13° 6.80°  296.07pix
3 eyes + landmarks 9.67° 6.37°  287.69pix
4 weighted features 8.07° 6.14° 1047.22pix
5 DashGazeNet 7.92° 6.36°  225.06pix

TABLE IV: Results of ablation study on the DashGazeNet
model. The numbers are errors (lower is better)

C. Ablation Studies

We examines the impact of various parts of the
DashGazeNet architecture on the model’s performance. In
Table 1V, we see the results of four variants of our model.
The first row shows the results of a variant that does not
use test time adaptation. This model cannot predict the gaze
location well on unseen sessions. The second row uses a
variant of test time training where the session branch was
asked to predict which session a sample came from during
training. During inference, a new session branch predicted if
a sample was translated. The session branch took the con-
catenated feature vectors of all input branches as input. The
third-row variant is the same as the second row except that
only the eye and landmark features were used for training
the session model. We see a marked improvement in the
gaze location prediction in this variation. The fourth model
variant learned weights for each input branch and combined
the input branch features using weighted addition. While this
improves the performance of gaze angle estimation, gaze
location prediction does not work. Finally, we have our
model, the DashGazeNet. It is similar to the third variant,
except it uses weighted addition to combine the features for
the gaze angle branch. In addition, one session branch for
each session during training predicts whether a sample has
been translated. This architecture gives the best results for
gaze angle and gaze location predictions.

VI. DISCUSSION: POTENTIAL SOCIETAL IMPACT

Driver gaze tracking offers significant benefits for cre-
ating advanced driver assistance systems (ADAS), driver
education, and in designing better roads and infrastructure
with minimal distractions. However, gaze-tracking technol-
ogy raises significant privacy concerns, particularly regarding
appearance-based methods that can be deployed without a
person’s consent. Unauthorized use of gaze tracking can
lead to severe privacy violations, especially if the data is
exploited for market research, capturing personal interests, or
targeting advertisements without the individual’s knowledge.
In the context of driving, malicious actors could misuse gaze
tracking data to design distracting signboards, intentionally
diverting drivers’ attention and increasing the risk of acci-
dents. These potential abuses highlight the need for stringent
regulations and ethical guidelines to protect individuals’
privacy and ensure that gaze-tracking technology is used
responsibly and transparently.

VII. CONCLUSION

This work presented the DashGaze dataset, which is a
largescale driver gaze dataset that offers both road view

and driver view to enable training of appearance-based
driver gaze estimation models using only a dashcam. Our
dataset is the most comprehensive of its kind and offers
diverse variations in pose, lighting, roads, weather, and traffic
conditions. We also introduced DashGazeNet, an appearance-
based driver gaze estimation model trained on the DashGaze
dataset. Our experiments showed the model’s generalizability
and potential to be implemented in real-world scenarios.

The proposed method has far-reaching implications for
various downstream applications, including enhanced ADAS
functionality, improved driver behavior analysis, optimized
road sign and obstruction design, and more effective driver
training programs. As a result, we believe that our work will
contribute to safer roads by enabling the development of
more accurate and reliable gaze-based systems, ultimately
saving lives and reducing the risk of accidents. In future
studies, we plan to streamline the method to work on edge
devices in real time.
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