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ABSTRACT
Can a smartphone administer a driver license test?We ask this ques-
tion because of the inadequacy of manual testing and the expense of
outfitting an automated testing track with sensors such as cameras,
leading to less-than-thorough testing and ultimately compromising
road safety. We present ALT, a low-cost smartphone-based system
for automating key aspects of the driver license test. A windshield-
mounted smartphone serves as the sole sensing platform, with the
front camera being used to monitor driver’s gaze, and the rear cam-
era, together with inertial sensors, being used to evaluate driving
maneuvers such as parallel parking. The sensors are also used in
tandem, for instance, to check that the driver scanned their mirror
during a lane change.

The key challenges in ALT arise from the variation in the subject
(driver) and the environment (vehicle geometry, camera orienta-
tion, etc.), little or no infrastructure support to keep costs low, and
also the limitations of the smartphone (low-end GPU). The main
contributions of this paper are: (a) robust detection of driver’s gaze
by combining head pose and eye gaze information, and performing
auto-calibration to accommodate environmental variation, (b) a
hybrid visual SLAM technique that combines visual features and a
sparse set of planar markers, placed optimally in the environment,
to derive accurate trajectory information, and (c) an efficient real-
ization on smartphones using both CPU and GPU resources. We
perform extensive experiments, both in controlled settings and on
an actual driving test track, to validate the efficacy of ALT.
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1 INTRODUCTION
Road safety is a major public health issue, with road accidents
causing an estimated 1.25 million fatalities and many more injuries
each year [7], placing it among the top ten causes of death. Many
studies have found that the primary factors responsible for road
accidents centre on the driver [8]. A significant contributor is that
drivers are often not trained or tested adequately, e.g., an estimated
59% of licenses in India were issued without conducting a test [10].

The reasons for inadequate or improper testing of drivers are
many. It is tedious for a human inspector to thoroughly monitor
and evaluate all aspects of a license applicant’s driving. Indeed, it is
quite challenging for an inspector, who is seated beside the driver,
to turn and monitor the driver’s gaze, say to know whether the
driver is scanning the mirrors. The human involvement also creates
incentives for shortcuts and corruption. Efforts at automation, cen-
tered around instrumenting driving tracks, have been stymied by
poor test parameters coverage and high cost (e.g., a system with 15
pole-mounted cameras, for monitoring just the vehicle trajectory
during driving maneuvers on a track, costs about USD 100K [11].)

Our goal is to have a smartphone administer the driver license
test in an automated manner. We present ALT, a step towards
Automating License Testing using a smartphone. Dependence on
the smartphone and little else makes ALT low-cost, scalable, and
hence amenable to broad deployment. Figure 1a shows the overview
of ALT. The smartphone in ALT is mounted on the windshield or
dashboard, such that its front-facing camera has a view of the dri-
ver’s face and monitors the driver’s gaze, while the rear-facing
camera has a view of the road for evaluating driving maneuvers.

Driver license testing entails two broad components: (1) how
well and safely a driver performs in regular driving scenarios (e.g.,
scanning mirrors before performing lane changes or turns), and
(2) how much control the driver exhibits during special maneuvers
(e.g., driving in a figure of 8 or parallel parking). Testing a driver on
the former entails monitoring vehicle maneuvers (e.g., lane change)
and driver actions (e.g., mirror scanning) in tandem, while testing
on the latter focuses largely on the maneuvers but requires them
to be tracked with precision (e.g., whether the vehicle was parallel
parked within the designated box or not). We leverage prior work
for detecting speeding, lane changes, turns, etc. [20, 47, 54]. In ALT,
we focus on the novel technical challenges pertaining to driver
testing and our contributions are:

1. Driver gaze monitoring: During maneuvers such as lane
change or turn, it is important to know whether the driver scanned
the mirrors before executing the maneuver. Even during regular
driving, it is important to know that the driver is scanning the
mirrors regularly to maintain situational awareness. It is quite
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(a) System overview (b) Layout of the driving test track (c) Smartphone mounting in ALT
Figure 1: Overview of ALT.

tedious and hence challenging for a human inspector, who sits
beside the driver, to monitor the driver's gaze.

In principle, the front camera of the smartphone inALTcould be
used to monitor the driver's gaze. However, challenges arise because
of variation in the environment (e.g., phone orientation, vehicle
geometry) and across drivers (e.g. seating position). To address these
challenges,ALTcombines head pose and eye tracking information
to determine the driver's gaze. Furthermore,ALTemploysauto-
calibration, where we cluster observations of gaze direction over
time to learn the positions of the mirrors relative to the driver
automatically, without requiring any manual per-driver training
(Section 3). This is more robust than past work, which has used
�xed thresholds or focused on the head pose in isolation [32, 54].

2. Fine-grained vehicle tracking: Fine-grained tracking of a
vehicle's trajectory and movement are key to evaluate driving ma-
neuvers. For instance, it is necessary to know whether the vehicle
was parked within a designated box during parallel parking, or that
it did not roll back while climbing up an incline (see Section 2.2 for a
description of these driving tests). Both GPS positioning and inertial
tracking fall short of the requirement of �ne-grained resolution.

In ALT, we develop a novelhybrid visual SLAM technique, aided
by a minimal deployment of �ducial markers (just printed on sheets
of paper, as shown in Figure 5(c)). The hybrid visual SLAM approach
tracks vehicle trajectory using just a smartphone camera and re-
duces trajectory error to 20 cm across various maneuvers. This
improves on prior work, yielding better accuracy than approaches
based just on visual features [45]. It uses fewer �ducial markers
and avoids the need for prior mapping, in contrast to approaches
based just on �ducial markers [27] (Section 4).

3. E�cient smartphone implementation: For e�ciency, our
implementation ofALTtakes full advantage of the typical low-
end, non-Nvidia GPUs available on these platforms. We perform
several optimizations towards e�cient facial-landmarks tracking
for driver's gaze estimation and fuse inertial and GPS data to speed
up execution of visual localization on smartphones (Section 8).

We have evaluatedALT's e�cacy in automating aspects of driver
license testing, with multiple drivers in actual driving test tracks.
We performed an extensive evaluation of driver's gaze and driving
maneuvers. We obtained an accuracy (F1 score) of 91% for mirror
scan detection and the trajectory derived using the proposed hybrid
approach outperforms the state-of-the-art visual SLAM (simulta-
neous localization and mapping) techniques. Our implementation

of ALTas an Android app can support processing at up to 10 fps
(frames per second) on a low-end smartphone.

Besides the above, there are also other aspects ofALTthat help
address the inadequacies of manual testing today and improve
the integrity of the testing process (see [28] for more details). For
instance, continuous face recognition helps ensure that the person
taking the test is the same as the one to whom the license is being
issued. However, in the interest of focusing on the novel research
elements, we do not discuss such additional aspects in this paper.

2 SYSTEM DESIGN
2.1 Driving test overview
In ALT, we focus on a driving test conducted on a testing track like
that pictured in Figure 1b. It comprises several segments, each de-
signed to test the driver's skills in the context of a speci�c maneuver.
In each maneuver, various parameters are monitored to evaluate
the driving. These parameters are generally derived based on the
rules for the issuance of driving licenses per the regulations of the
respective countries [1, 2]. Some of these parameters according to
Indian Central Motor Vehicles Rules [1] include the driver's ability
to maneuver the vehicle in reverse, obey tra�c signal lights, the
driver's gaze for situational awareness, maintaining smooth speed
pro�le, and so on. Based on extensive conversations with personnel
involved in driver training and license testing across multiple cities,
we arrived at the following set of tests to focus on automating in
ALT(although the speci�cs of the tests may vary, we believe that
these tests are representative of those in other countries too [3]):

(1) Reverse S maneuver:The driver reverses through an S-shaped
track and is expected to do so without changing direction (i.e.,
rolling forward) more than twice.

(2) Reverse Parking (RP): The driver reverses into the designated
parking spot. The driver is expected to execute this maneuver
without changing direction (i.e., rolling forward) more than
twice and park their vehicle within the designated box.

(3) 8-formation: The driver is expected to drive through an 8-
shaped section with proper speed control and without changing
direction (i.e., stopping and reversing). The driver is expected
to enter and exit the 8 section at the designated points.

(4) Incline start: The driver is asked to bring the vehicle to a stop
on an inclined road segment and then asked to start moving
forward again, without rolling back more than 12 inches or
stalling the engine.
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(5) Turns and Lane change: The driver drives through a left/right
turn and/or lane change, where the driver's gaze is monitored
to check if they scanned the mirrors correctly before executing
the turn or lane change.

Current driving tests are typically conducted manually, with
an inspector seated beside the driver. This is prone to shortcuts
and provides inadequate coverage as the human inspector may not
be able to monitor all aspects of the candidate's driving behavior
such as mirror scanning. This motivates the need for automating
driving license tests. In an automated setup, the system has to
objectively evaluate various parameters in each maneuver and
determine whether the driver passed the driving test or not. The
accuracy requirement for evaluating these parameters are relatively
high. For example, the system should be able to accurately detect
a mirror scan even if the driver performs one quick glance during
a lane change. Similarly, for trajectory estimation, the positioning
error should be under 15-20 cm, so that the system can evaluate
various parameters accurately, e.g., whether the vehicle is parked
inside the designated area or how much it rolled back during an
incline start. Furthermore, the system should be able to process
the videos and evaluate all the parameters in near real-time so that
soon after the test, the candidate knows the result and the mistakes,
if any, committed during the test.

2.2 ALTDesign Choices and Setup
For reasons of cost and ease of setup, the automation system should
ensure there is little or no instrumentation of the infrastructure.
Furthermore, the license test is typically conducted on the driver's
own vehicle, so there is little scope for extensive instrumentation
of the vehicle.

Accordingly,ALTuses a minimal setup comprising a windshield-
mounted smartphone as the sole sensing platform. This setup is
used to gather multiple sensor streams, including imagery captured
simultaneously from the front (driver-facing) and rear (road-facing)
cameras at 1080p and 30 fps, along with the inertial sensor and GPS
data. Based on extensive discussion and evaluation with the drivers
in our deployments, we have found the optimal placement of the
smartphone in the vehicle to be just below the center mirror (as
shown in Figure 1c), as it does not obstruct driver's view.

It is clear that the tests noted in Section 2.1 require precise and
continuous monitoring of the trajectory and movement of the vehi-
cle, along with driver's gaze. To do these with just a smartphone
is challenging.ALTmakes novel contributions in addressing the
following technical challenges.

2.2.1 Robust monitoring of driver's gaze . Past work on dri-
ver gaze detection has focused on just tracking the driver's head
pose [32, 38, 54]. We argue that this is insu�cient; indeed, as our
results in Section 6.2 show, a pure head pose based approach tends
to fail in real-world settings in which a driver often scans the sur-
rounding environment with quick glances, without turning their
head much. Therefore, to robustly track the driver's gaze, it is im-
perative to track the eyes as well as the head pose of the driver. To
address this, we train a deep neural network (DNN) tocombine the
head pose information and eye patch image to obtain the direction of
the driver's gaze(Section 3.2).

2.2.2 Accurate vehicle trajectory tracking: The maneuvers
noted above require accurate, sub-meter tracking using a single

(i.e., monocular) smartphone camera. One possible approach is to
use visual SLAM to derive trajectories, wherein visual features, or
keypoints, detected in successive frames are used to obtain corre-
spondences and thereby estimate camera pose. However, the feature
points obtained tend to be fragile, resulting in noisy matching across
frames. Also, this approach lacks knowledge of the true scale of
the 3D scene, as detailed in Section 4.1. To overcome these issues,
recent work [27] has used an exhaustive deployment of �ducial
markers of known size in the environment to enable accurate trajec-
tory estimation. However, this involves plastering the environment
with markers to ensure that at least few are within view of the
camera at all times and moreover requires recording the ground
truth location of each marker, both of which are tedious.

We present anovel hybrid-visual-SLAM technique that combines
visual features and sparse �ducial markers to obtain the accurate
trajectory of the vehicle. Speci�cally, we introduce �ducial markers,
in the form of April Tags [48], in a scene. Each marker provides four
correspondence points (corners of the marker), that can be localized
with pixel-level precision. The proposed SLAM technique detects
these markers and uses the corresponding features to compute
correct camera pose information, while adjusting scale based on
the known �ducial marker size (see Section 4.2). Furthermore, by
also leveraging visual features in the image scene, the need for
�ducial markers in the environment is reduced and the need for
knowing their exact positions and mapping the environment is also
avoided.

2.2.3 E�icient realization of ALTon smartphones . Since a
smartphone is used as the sole sensing and computation platform,
we perform several optimizations to runALTe�ciently on smart-
phones. To derive the driver's gaze, we use a standard facial land-
mark model [35], which yields 68 landmarks, as the starting point
but then identify a subset of 22 landmarks that yields a signi�cant
speedup up to1:5� , while trading o� some accuracy (Section 8.1).
Furthermore, we leverage the GPU available on a low-end smart-
phone to run our DNN model for driver gaze estimation, yielding
over2� speedup as compared to running on the CPU. Finally, while
the hybrid SLAM approach, by default, uses all the frames to esti-
mate the vehicle's trajectory, the fact is that in between successive
frames, there is very little or no displacement and hence the visual
features obtained will be almost the same. Therefore, we discard
all frames with little or no displacement to trade o� some accuracy
for speed of execution.

3 ROBUST DRIVERS GAZE MONITORING
We now present howALTmonitors the driver's gaze information
robustly, focusing on our novel contributions of combining the head
pose and eye gaze (Section 3.2), and performing auto-calibration
to accommodate variations in camera position, driver seating, and
vehicle con�guration (Section 3.3).

3.1 Facial Landmarks Detection
We present some background and our optimizations on facial land-
marks detection, which is fundamental to estimating a driver's gaze.
The �rst step is face detection, which yields a bounding box around
the driver's face [25]. We then detect facial landmarks, correspond-
ing to facial features such as eye corners, mouth corners, nose tip,
etc., as shown in Figure 2(a).
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(a) (b)
Figure 2: Facial landmarks (a) 68-landmarks derived using
CLNF model (b) 22 landmarks used in ALT.

Figure 3: Overview of driver gaze detection.

To robustly obtain landmarks in a driving setting, we extend
state-of-the-art computer vision algorithms,viz.,the CLNF (Con-
strained Local Neural Fields) [17] facial landmark model, by training
on new datasets, which include multiple subjects, with extreme
head poses, and diverse lighting conditions, mimicking real-world
conditions. We use Menpo [55] and Multi-Pie [29] datasets that
include over 30,000 face images with annotations and exhibiting
a wide range in pose, expression, gender, and environmental con-
ditions, to obtain 68 facial landmarks. We chose to build on top
of CLNF models because: (i) these models are relatively computa-
tionally inexpensive and can run on smartphones, and (ii) they are
robust against adverse lighting conditions. While CLNF models are
computationally less expensive, we still need to further optimize
their operation to run e�ciently on smartphones. We now present
two optimizations:

3.1.1 Detect and localize a subset of 68 landmarks.Based on our
experimentation and prior work, we picked out landmarks corre-
sponding to the nose, chin, eye and mouth regions, to determine
the accurate head pose. This yields a subset of 22 landmarks, as
shown in Figure 2(b), which is1:5� faster to detect than the set of
all 68 landmarks (see Section 8.1 for detailed results.

3.1.2 Landmarks tracking in subsequent frames.To minimize the
cost incurred on landmark detection,ALTperforms tracking of the
identi�ed landmarks, where possible, instead of a fresh detection in
consecutive frames. Since the driver's face position does not change
drastically across successive frames, tracking previously obtained
landmarks is robust and e�cient (as it narrows the region of interest
for the landmark predictor). The landmarks are re-initialized (i.e.,
a fresh detection is made) only when there is no face detected
or the landmarks in successive frames do not overlap su�ciently,
indicating that the head pose has changed signi�cantly.

3.2 Robust Driver Gaze Detection
We design a novel framework that combines both head pose and eye
information to derive a driver's gaze. Figure 3 shows an overview
of driver gaze detection. The input to the neural network is an eye-
ROI (Region of Interest) image and the head-pose angles � yaw and
pitch. The network combines these and outputs a vector with the
overall yaw and pitch of the driver's gaze direction, as elaborated
on below.

Head pose computation: Obtaining head pose angles from
landmarks is a well-studied problem [17]. We use the PnP (Per-
spective n Point) and Random sample consensus (RANSAC) algo-
rithms [56] to obtain the head pose, speci�cally yaw and pitch
angles with respect to the camera.

Eye-ROI extraction: Previous e�orts, centered on identifying
iris and eye corners to determine the gaze direction [24, 33], are
prone to errors due to adverse lighting conditions and inadequate
(smartphone) camera resolution. To avoid these di�culties,ALT
just extracts an eye-ROI (region of interest) that bounds the eyes of
the driver. Such an eye-ROI can be extracted more robustly than
speci�c landmarks in the eye region. The eye-ROI and the head pose
are both fed as inputs to a convolutional neural network (CNN).

Combining headpose and eye-ROI: We use a neural network
that takes as inputs the yaw and pitch angles estimated based on
the head pose and the eye-ROI, and outputs the combined yaw
and pitch angles. Our network is based on LeNet [37], which is a
shallow CNN and can be ported onto a smartphone with a minimal
computation overhead (see Section 8.3). We make two modi�cations
to the neural network:

First, we use a synthetically generated dataset, Unity Eyes[51], to
train the network since, to our knowledge, there are no large-scale
datasets available with real images due to the di�culty in annotat-
ing gaze direction. To aid the model in generalizing, the training
data is augmented using random scaling and rotation along with a
random shift in brightness, gamma, and hue values, to account for
variation in skin tone and illumination. We use 60,000 synthetically
generated images, split into training (90%), validation (5%), and test
(5%).

Second, we add a spatial-transformer (STN) module [31], which
corrects misaligned eye-ROIs originating from occasional incorrect
landmark localization. For example, if the eye-ROI image is slightly
displaced or rotated, STN learns a suitable a�ne transformation to
��x� the eye-ROI.

3.3 Auto-Calibration for Mirror Scanning
Mirror scanning helps drivers maintain situational awareness of
their surroundings. The view obtained by the camera in respect of
the driver's mirror scanning behaviour could vary depending on the
mounting and orientation of the camera, the seating position of the
driver, and the geometry of the vehicle. For example, a driver who
sits close to the steering column would tend to turn their head more
to look at the mirrors than one who sits further back. While previous
work has used �xed yaw thresholds [54] to determine when the
driver scans the left/right mirrors, inALT, we develop a novelauto-
calibrationapproach, which is employed at the beginning of a drive
andhelps calibrate for the particular setting automatically, without
any human input or any explicit per-driver model training.

In the auto-calibration phase,ALTanalyzes the gaze distribu-
tion during the initial part of the drive, to identify the dominant
directions of the driver's gaze. Although the driver's gaze is not
restricted in an uncontrolled setting, there are three frequently
recurring states: (1)Left-mirror scan, (2)Right-mirror scan, and (3)
Straightgaze (driver focusing on the road straight ahead). This is
evident in Figure 4(a), which shows the gaze distribution for the
frames in the auto-calibration phase (the yaw and pitch angles are
the combined ones from Section 3.2). There are three high density
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(a) Initial gaze distribution. (b) Frames in left/right state.

Figure 4: Gaze distribution. In our right-hand drive vehicles, the driver
sits much closer to the right mirror, so scanning the right mirror involves
a smaller yaw magnitude (looking to the right) but a larger pitch magnitude
(looking down) compared to scanning the left mirror.

regions corresponding to the three aforementioned recurring states.
Empirically, the high-density region closest to the mean yaw value
corresponds to �Straight". To delineate �Left" and �Right" more
clearly, we remove the �Straight" region by removing the frames
with jy¹t º � � y j � � y , where� y is the mean yaw and� y the stan-
dard deviation. We then �t two Gaussian kernels to the remaining
two distributions, as shown in Figure 4(b). These probability dis-
tributions corresponding to the 3 states (left, right and straight),
allow us to perform classi�cation. We use Naïve Bayes algorithm to
identify the three clusters using the above probability distributions.
Thus,auto-calibration enablesALTto track driver`s mirror scanning
behavior despite variations.
4 ACCURATE TRAJECTORY TRACKING
We now present howALTderives accurate vehicle trajectory using
just a smartphone camera, focusing on our novel contributions of
augmenting visual SLAM techniques with sparse �ducial markers
(Section 4.2) and placing �ducial markers to maximize the trajectory
accuracy (Section 4.3).

4.1 Background on Visual SLAM
Visual SLAM (Simultaneous Localization and Mapping) comprises
two parts: (i) mapping: building a map of the environment using
visual feature detection and matching across successive frames, and
(ii) localization: using the map generated to determine the camera's
position and orientation. The camera's pose information is then
used to derive the trajectory.

An alternative to visual SLAM is to use of built-in inertial sensors
in the smartphone to derive vehicle trajectory. Previous research
e�orts have utilized smartphone inertial sensors to identify various
driving events such as lane changes, left/right turns, and speed-
ing [20, 50]. Such use of inertial sensors from the smartphone is
valid only for short maneuvers, as inertial sensors su�er from inte-
gration drift over longer time scales and poor sampling frequency
(typically <50Hz sampling) leading to noisy signals. Further, iner-
tial sensor based trajectory estimation has error in the range of
90cm [36], which is large compared to the requirement of 15-20cm
in ALT. In Section 9, we present opportunities for fusing inertial
data with visual SLAM to enable accurate trajectory estimation.

Since the majority of the smartphone cameras are monocular, i.e.,
a camera with a single sensor, we restrict our focus to monocular
SLAM techniques. While recent smartphones have multiple rear
cameras, the short baseline (a separation of just a few centimeters
between the cameras) severely limits the accuracy of distance, and
hence trajectory, estimation.

Figure 5: (a) visual features obtained using ORB, (b) �ducial
markers in an outdoor setup, and (c) �ducial marker.

4.1.1 Visual SLAM with features. A popular, state-of-the-art
monocular visual feature-based SLAM technique is ORB SLAM2 [45].
Figure 5(a) shows the ORB features in an image used to derive
camera pose. While deriving accurate trajectory using monocular
SLAM is an active area of research in robotics [16,53], this approach
generally su�ers from two problems:

(1) Fragility of visual features: Visual feature detection and match-
ing is often fragile, especially when there is a signi�cant scene
change (quite common in outdoor environments) and/or vary-
ing illumination, leading to poor trajectory estimation.

(2) Absence of scale information: Monocular SLAM techniques
do not have depth information during localization and map-
ping. Hence, the trajectory derived is on an arbitrary scale,
unconnected with the true scale in the real world [9, 15]. Fur-
ther, due to error in correspondence points, the estimated scale
could change over time (�scale drift�), resulting in the trajectory
length being either expanded or contracted over time.

4.1.2 Fiducial marker based SLAM: . To avoid the problems
of using the visual features in a scene, an alternative approach for
mapping and localization is placing �ducial markers of a known
size in the environment [39]. Recent works have used square planar
�ducial markers such as ArUco [27] or April Tags [48] for cam-
era pose estimation and localization. Each marker comprises an
external black border and an inner binary matrix used to uniquely
identify the marker (e.g., Figure 5(c)). The main advantage of using
such �ducial markers is that each marker provides four correspon-
dence points (its four corners), which can be detected robustly even
in varying illumination and are su�cient for estimating camera
pose [27]. Furthermore, the known size of the markers (e.g., 26.7
cm on a side when printed on an A3 sheet) helps establish scale.
However, this approach su�ers from the following drawbacks:
(1) Need for a priori map creation: To derive camera pose and

hence trajectory using �ducial markers, we have to �rst create
a map of the actual position and orientation of each marker
in the environment. Further, this process has to be repeated
whenever there is a change in marker placement, which makes
it infeasible for real deployments.

(2) Infrastructure support: Fiducial markers need to be placed
extensively in the environment, such that at least one but ideally
more are within the camera's view at all times. The redundancy
helps combat the ambiguity in pose estimation when there is
only one planar marker in the scene [27] (see Figure 5(b)).

4.2 Hybrid Visual SLAM in ALT
Can we get the accuracy of SLAM using �ducial markers while
avoiding, or at least minimizing, the need for an extensive deploy-
ment or calibration of such markers?
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(a) Scale issue (b) Loop closure
Figure 6: Scale and loop closure issues in ORB SLAM (x-axis
and y-axis in meters).

To this end, we present a novel hybrid visual SLAM technique
that augments visual features from the scene with a sparse set of
�ducial markers placed optimally in the environment. The idea is
to place �ducial markers to act as �bridges� between frames at just
the places where there is are insu�cient matches of visual features
across frames, say because there is a sharp curve in the trajectory
that causes a signi�cant shift in the pose of the vehicle-mounted
smartphone camera. Since these markers are used just to serve as
bridges, there is no need to map their locations a priori.

ALT's hybrid approach extends ORB SLAM [45] by integrating
�ducial markers in the environment. We will brie�y describe how
ORB SLAM works and then present our hybrid approach in detail.

4.2.1 ORB SLAM Overview . ORB SLAM uses visual features
to localize and map the environment. We now enumerate the key
steps involved; more details can be found in [45]:
1. Feature extraction. For every frame in the video, the system
begins by extracting ORB feature points and descriptors. These
feature points are usually points of local extrema, such as corner
points, edges, etc., which are more likely to be detected in successive
frames of the same scene.
2. Map Initialization. Map initialization computes the relative
camera pose between two frames to triangulate an initial set of
map points. Map points are ORB feature points that are matched in
successive frames. A good map initialization requires two frames
with displacement along with good feature correspondences be-
tween the frames.
3. Pose Estimation. The ORB features from the previous frame
are matched with the ORB features in the current frame to get
correspondences. The correspondences are then projected onto a
local map, which contains a set of keyframesK1 that share corre-
spondences with the current frame and a set of keyframesK2 with
neighbors to the keyframesK1. Finally, the decision to add a frame
as a keyframe in the map is based on the extent of the scene change.
4. Pose Optimization. As we keep updating the map, the camera
pose is optimized using the current keyframe and all the keyframes
connected to it based on correspondences. The algorithm takes
as input, poses from all keyframes and map points to obtain opti-
mized poses and 3D points by performing non-linear least squares
optimization [40].
5. Covisibility graph. The map details is stored as a covisibility
graph � an undirected, weighted graph, where each node represents
a keyframe and edges between keyframes are created only if they
share a minimum number of correspondences. Further, the weight
of the edge represents the number of correspondence points.

4.2.2 Integration of fiducial markers into ORB SLAM . We
use April tags [48] as our planar �ducial markers. These enable ro-
bust detection and derivation of scale information. We now discuss

Figure 7: Map and trajectory information (in yellow) using
ORB SLAM and hybrid SLAM with �ducial markers.

how these �ducial markers are leveraged to improve trajectories
obtained from SLAM.

1. Scale recovery using markers. Figure 6(a) shows the ORB
SLAM trajectory obtained (without scale) for the reverse S maneu-
ver (in red) compared to the ground truth trajectory (in blue). The
mismatch is because the visual features used by ORB SLAM do not
provide any sense of scale. To address this, in our hybrid approach,
we leverage the known �xed size of �ducial markers (e.g.,Smarker
=26.7cm, when printed on an A3 sheet) to derive the scale factor.
The idea, in a nutshell, is that when comparing two di�erent camera
poses (e.g., the smartphone camera at two di�erent points along the
driving track, in the context ofALT), the view of �ducial markers of
known size allows the translation between the poses (which de�nes
the initial baseline) to be estimated in terms of real-world scale. We
have extended ORB SLAM to detect a �ducial marker in a scene.
The 2D coordinates of the marker corners are then translated to
the 3D map of ORB SLAM. Further, when we integrate the marker
into the map, we ensure the marker remains planar and its size is
translated based on the real-world scale. We then trigger a global
adjustment to optimize the map points. This results in an initial
map that is at the correct scale. We defer a more detailed discussion
to Appendix - 1.

2. Accurate pose estimation. For every new frame, we derive
pose information using both points extracted by ORB SLAM and
markers in the scene. Previously, ORB SLAM pose optimization used
only ORB map points to optimize the pose. We extend the optimizer
to also include �ducial marker map points for pose optimization.
The inclusion of markers in the pose optimization helps improve
the accuracy, as described in Section 7. We defer a more detailed
discussion to Appendix - 1.

Figure 7(a) depicts the setting of the reverse S maneuver. Fig-
ure 7(b) shows the map and trajectory derived using ORB SLAM.
We can clearly see that the trajectory derived is erroneous both in
shape and scale. Figure 7(c) shows the map and trajectory derived
using hybrid SLAM. We can see that the markers in the real-world
are correctly integrated into the map and further, the trajectory
derived is accurate in both shape and scale.

4.3 Optimal Marker Placement
As described in the previous section, our hybrid approach, which
combines visual SLAM with (a few) �ducial markers, is useful in
both reducing the error in pose information and in recovering scale
reliably. A key question, however, is how markers should be placed
in the environment to maximize the bene�t derived in terms of
trajectory accuracy while minimizing the number of markers.

To address this, we present a generic approach to optimally
place �ducial markers in the environment using the covisibility
graph de�ned by ORB SLAM (as described in Section 4.2.1). A
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(a) Without markers (b) With 6 markers
Figure 8: Covisibility graph- Reverse S with(out) markers.

signi�cant scene change between two keyframes will result in a
weak (or no) edge between the corresponding nodes. To strengthen
the overall connectivity of the graph, we identify loosely connected
�communities� and their corresponding connections. We then place
markers at the peripheral points corresponding to the community
boundaries, which helps increase the connectivity of the covisibility
graph. In more detail:

(i) Determine the number of communities: We partition the
covisibility graphG into C communities based on the modularity
measure [19]. Modularity measures the strength of communities.
Communities with high modularity have dense connections be-
tween the nodes within the community but sparse connections
with nodes in a di�erent community.

(ii) Determine peripheral nodes of a community: In order
to determine the set of peripheral nodes in a community, we de-
�ne a metric based on the weighted out/in degree of nodes. The
intuition is that nodes with high weighted out-degree (to other
communities) compared to weighted in-degree (to nodes in the
same community) are peripheral nodes of a community. So, for
each nodei , we computemi :

m i =
¹

w out
i

k out
i

º

¹
w in

i
k in

i
º

=
wout

i

w in
i

k in
i

kout
i

; (1)

wherewout
i (or win

i ) is the sum of weights of edges from nodei to
all other nodes in di�erent communities (or same community) and
kout

i (or kin
i ) is the degree of nodei to all the nodes in di�erent

communities (or same community). The number of correspondences
between the keyframes indicates the weight of the edge. Intuitively,
mi would be large for the peripheral nodes of a community; we
designate the nodes withmi � � as the set of peripheral nodes,
where� is a threshold.

(iii) Determine the placement for �ducial marker: Finally,
we determine the node (or keyframe) that has the highest weighted
out/in degree for each community. This keyframe will have the
lowest feature correspondence with all other keyframes from the
same community, making it likely that the computed pose at this
keyframe would be inaccurate. The selected keyframe for each
community represents the location in the environment to place the
�ducial markers such that the correspondence between communi-
ties increases the most. This leads to overall improvement in graph
connectivity and hence pose estimation accuracy, while maintain-
ing the sparsity of marker placement. Figure 8 shows the covisibility
graph for the reverse S maneuver (a) without any markers, and
(b) with six markers, placed based on the proposed approach. We
can clearly see the increase in graph connectivity, leading to better
correspondences across frames (see Section 5 for results).

4.4 Performance Enhancement using Inertial
and GPS Data

The current visual SLAM techniques analyze all the frames in a
video to identify a small number of keyframes, which are the only
frames used for mapping and localization.

In order to run our system on smartphones e�ciently, we present
a technique to discard non-keyframes without expensive comput-
ing. Intuitively, it is the frames with a signi�cant change in the
scene relative to the previous frame, due to a large displacement or
rotation of the camera, that are likely to be keyframes. So, we use
inertial and GPS measurements to �lter out frames that correspond
to small displacements and so are unlikely to be keyframes.

Latitude and longitude readings from a GPS receiver can be
used to directly estimate displacement of the vehicle. However,
the GPS modules in mobiles are not accurate and their sampling
frequency is low. An accelerometer provides measurements at a
higher frequency but this comes with higher noise. We draw on the
advantages of inertial sensors and GPS, using a Kalman Filter [20]
to combine the two measurement streams, to obtain a reliable esti-
mate of position and velocity of the vehicle. We formulate the state
of the vehicle as:st = »xt ;yt ; Ûxt ; Ûyt ; Üxt ; Üyt ¼T Here,xt andyt are the
position coordinates in the world reference frame (North and East
axes), andÛxt , Ûyt , andÜxt , Üyt denote velocity and acceleration, respec-
tively, in the same reference frame. We use the orientation matrix
obtained using the Android SDK, to transform the accelerometer
readings from local to world reference frame.

At each time step, the state is predicted with:st = Ast � 1 and
subsequently updated usingst = st + K � ¹zt � Hst º , whereA
is the state transition matrix,H is the observation matrix,K is
the Kalman gain,zt is a vector of position coordinates from GPS
and acceleration readings from the accelerometer. Thus, a frame
is discarded only if the corresponding displacement of the camera,
and hence of the vehicle it is mounted on, is less thand�the mean
displacement between two consecutive measurements.

5 EVALUATION SETUP
In this section, we describe our deployment setup and data collec-
tion procedure to evaluate our two core contributions �driver gaze
detection and vehicle trajectory tracking, both of which are key to
automating driver license testing.

5.1 Deployment Setup
We perform extensive experiments to evaluateALTin both con-
trolled settings and on driving test tracks.

Driving test track: We deployALTin multiple large driver train-
ing institutes, which trains several thousand drivers each year. The
institute conducts driver training and testing with a similar range
of maneuvers and requirements as required by the license issuing
authority. We use this setup to evaluateALT's ability to automate
the driver's license test. Figure 1b depicts the driving track along
with the maneuvers being tested.

Controlled real-world experiments: In addition to an actual
driving test track, we also evaluateALT's ability in controlled out-
door settings. In such controlled settings, we can add instrumen-
tation (e.g., an eye tracker worn by the driver) to collect accurate
ground truth. This allows us to test the e�cacy of our gaze detector
and trajectory estimator extensively.
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