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PROVISIONAL PATENT APPLICATION
ATTORNEY DOCKET NO. 189908.100002

DISTANCE ESTIMATION USING SINGLE VIEW CAMERA

BACKGROUND OF THE INVENTION

1. Field of the Invention

[0001] Embodiments relate to analyzing image date to estimate relative

distances of proximate objects.

2. Description of the Related Art

[0002] Multiple cameras or sensors may be installed in a vehicle to detect
proximate objects. However, the use of multiple cameras may be expensive.
Sensors such as RADAR and LiDAR may also be used as proximity sensors but
such sensors may also be costly. In addition, a built-in camera may be used to
detect the relative distance to proximate objects, however this may require the

location of the camera to be predefined or preset.

BRIEF DESCRIPTION OF THE DRAWINGS

[0003] The present disclosure relates to using a single view camera (e.g., an
image sensor) that may be retrofitted and adjustable within the vehicle such as,
for example, the vehicle’s dashboard. Upon driving, the camera initializes and
determines its height with respect to the ground. Thus, the camera may be
installed at various heights and later adjusted. The height estimation is
determined based on performing lane boundary calculations and using known
and standardized lane widths. In this respect the single view approach exploits

geometric features of the road for distance estimation.

ACTIVE 48489263v1
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[0004] Embodiments are directed to using cross-ratios of lane boundaries to
estimate horizon. Embodiments are directed to determining an Inverse
Perspective Mapping (IPM) and camera height from known lane width and a
detected horizon. Distances of the vehicles on the road may be calculated by
back projecting image point to a ray and intersecting that ray with the

reconstructed road plane.

[000S] The present disclosure is directed to an efficient and reliable distance
estimation framework that is not known to be present in ADAS (Advanced
Driver Assistance Systems) literature. For example, single view cameras (e.g., a
dashboard camera) may estimate distances to vehicles in real-time without the
use of expensive sensor systems (e.g., RADAR, LiDAR) and without
continuous use of resource intensive software like artificial intelligence and

deep learning algorithms.

[0006] Embodiments of the present disclosure relate using simple dashcam
images as input followed by an algorithm that calculates distance in real-time.
For example, the images may include dashcam color (RGB) images. The
camera maybe installed inside the driver’s cabin, near the roof, looking forward
onto the road. As soon as the images are acquired, the algorithm processes and

finds the distance with respect to lead vehicle(s).

[0007] In some embodiments, a first part of the algorithm comprises a lane
line detection procedure. In some embodiments, deep learning based lane line
detection algorithms is executed upon initialization and is not executed after
initialization. During initialization, the lane lines (lane boundaries) are detected

and then using a geometric relationship of the lane lines (parallelism), the

ACTIVE 48489263v1
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horizon and thereby a transformation is estimated which can remove

perspective distortion from images (find an Inverse Perspective Mapping).

[0008] Predefined real-world lane width may then used to find the camera
height. The estimation of camera height completes the initialization phase.
Camera initialization holds as long as the camera i1s not displaced from its
position which is less likely since it is held in place in an rigid assembly. Thus,
the initialization phase estimates camera height in the field while the vehicle is
moving on a road with lane lines. The camera height may be stored for
subsequent operations. In some embodiments, initialization may occur within

less than a minute.

[0009] Once initialized, distance of the lead vehicles can be estimated 1n real-
time on any onboard device using various arithmetic calculations.
Embodiments of the present disclosure are described in Appendices A and B,

attached hereto.
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constraints
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Abstract

Lane detection is of critical importance to both the self-
driving cars as well as advanced driver assistance systems.
While current methods use a range of features from low-
level to deep features extracted from convolutional neural
networks, they all suffer from the problem of occlusion and
struggle to detect lanes with low or no evidence on the
road. In this paper, we use a lane boundary marker net-
work to detect keypoints along the lane boundaries. An
inverse perspective mapping is estimated using road ge-
ometry which is then applied to the detected markers and
lines/curves are fitted jointly on the rectified points. Fi-
nally, missing lane boundaries are predicted using lane ge-
ometry constraints i.e., equidistant and parallelism. Re-
ciprocal weighted averaging ensures lane boundaries with
strong evidence dominate their predicted alternatives. The
results show a significant improvement of +7.8%, +6.8%
and +1.2% of F1 scores over the state-of-the-art on CU-
Lane, Caltech and TuSimple datasets, respectively. This
proves our algorithm’s robustness against both occluded
and missing lanes cases. Furthermore, we also show that
our algorithm can be combined with other lane detectors to
improve their lane retrieval potential.

1. Introduction

Fully autonomous vehicles in the form of self-driving
cars are gradually appearing on the scene and we have
Google Waymo [17], Tesla’s Auto-pilot [19], Comma.Ai’s
OpenPilot kit [16] and Intel’s MobileEye solutions [18] just
to name a few. Along with self-driving cars, Advanced
Driver Assistance Systems (ADAS) have also captured a
surge in the interest. Both self-driving cars and the ADAS
require different levels of autonomy but some aspects of au-
tomation are still common. One of them is road lane detec-
tion and segmentation. Lane detection is critical in identi-
fying and ensuring safe driving practices and an on-board

Night "~ Crowded
Figure 1. Sample results of our algorithm on examples from four
different classes of CULane dataset [33] are shown here. Cyan
lines are the detected lane boundaries, green region represents the
ego lane and magenta line displays the estimated horizon. In the
No Line class, there is actually no line markings on the road but
the ground truth carries the lines shown.

system with this capability can alert the driver in case of
an unsafe lane change and avoid it in the first place if it
is a self-driving vehicle. Besides, it is also necessary in
understanding the road layout and surrounding scene ge-
ometry for proper route planning for autonomous or semi-
autonomous vehicles.

Lane detection has classically been done using either
low-level edge features, histogram analysis, lane boundary
detection algorithms such as Linear Hough Transform [15]
or a combination. Although such methods are intuitive and
efficient, they are however easily fooled by non-lane edges
or lines appearing in the images such as road curbs, shad-
ows as well as false negatives due to erased or inconsistent
lane boundary markings. Recently, deep learning based so-
lutions have also been proposed that produce more robust

MOTIVE TECHS - EX2002 P. 0008
IPR2025-00574



and reliable results as they tend to learn the context of the
road scene irrespective of occlusions. The advantage of us-
ing deep learning (DL) techniques lies in the discourse from
traditional lane boundary detection approach towards se-
mantic segmentation of the lane region [31]. Several state-
of-the-art algorithms such as VPGNet [24], SCNN [33] and
JLBNet [40] have shown impressive results and have set the
bar very high. But there are challenging scenarios in which
even DL based algorithms struggle to find the lane. One
of the obvious cases is when the evidence of a lane line is
either effaced or there is no lane marking on the road but
the ground truth (GT) carries lane information such as CU-
Lane’s [33] no line class; examples are shown in Figure 1.

To address such cases, we proposed a novel lane de-
tection algorithm that exploits the parallel nature of lane
boundaries and fixed lane widths on the road to validate
the detected lanes and predict lanes that are missed by the
detector due to erased or effaced lane markings. In gen-
eral, these assumptions apply on all through lanes that typ-
ically constitute the major length of the highway and our
main focus in this study was to evaluate the effectiveness of
the proposed approach in such scenarios. Although, the as-
sumption of parallel lanes has been successfully exploited
in earlier works to detect lanes in rectified view [5] but to
the best of our knowledge, we are the first ones who used
equidistant and parallelism property of the lanes jointly to fit
the lanes and our results on no line class of CUlane dataset
highlight the effectiveness of this approach.

We use a simple encoder-decoder based Convolutional
Neural Network (CNN) to detect keypoints or markers
(used interchangeably) along the lane boundaries. Inverse
Perspective Mapping (IPM) estimated using scene geome-
try is then applied to the detected markers and lines/curves
are fitted on the rectified points. The estimation of IPM is a
one-off calculation for any given camera which is done over
a small set of initial frames. Unlike earlier approaches that
used single lane evidence to fit a curve for each lane line we
exploited road geometry and jointly fitted lines/curves for
all lanes. Our approach significantly improved the results
on public datasets, specifically for crowded or missing lane
scenarios. Lane region segmentation would descend from
lane boundary detection as a boundary polygon. The sam-
ple results of our lane detection algorithm on four different
classes of CUlane dataset, shown in Figure 1, demonstrate
the efficacy of our approach.

The breakdown of the paper is as follows: Section 2 pro-
vides a quick review of currently explored lane detection
techniques. Section 3 discusses our approach in detail with
our keypoint detector in section 3.1 and the estimation of
horizon and IPM in section 3.2.1 and 3.2.2. Our main con-
tribution, the parallel lane fitting along with the missing lane
prediction algorithm, is discussed in sections 3.3.1 and 3.3.2
respectively. Section 4 outlines the datasets, training and

Encoder Network

N

Decoder Network

Figure 2. (a) The figure shows the architecture of the lane bound-
ary marker network. (b) The sampled keypoints from the ground
truth lane line are shown here.

testing frame work. Results are presented in sections 4.1,
4.2 and 4.3. Section 5 concludes the paper.

2. Related Work

In literature, the problem of lane detection has been ad-
dressed through a variety of sensor data. Taking into ac-
count the variation of ambient light owing to the time of the
day and weather which may render passive color imaging
useless, active sensors such as radars and lidars (Light/Laser
Detection and Ranging) have also been explored [21, 9, 26].
With this approach, generally the white/colored lane bound-
ary is identified in the range point cloud as having a differ-
ent reflectance w.r.t the road surface. The identified lane
boundary is then used to fit a line model on top of it. But
this is not a very popular approach since the Lidar can be ex-
pensive with complex installation along with the challenges
posed by road surface conditions such as the fading color of
the lane boundary over time which is quite common across
the globe.

The most straightforward approach, therefore, is using
a forward looking monocular dashcam installed inside the
driver cabin. Generally, images thus acquired are processed
for low-level features. Veit et al. [37] presented a compre-
hensive overview of features used to detect road markings
up till 2008. Most commonly, edge detection filters such
as Canny and Sobel [32, 20, 38] were employed for detect-
ing lane boundaries followed by model based approaches
such as Hough Transform [6]. Bertozzi et al. used Inverse
Perspective Mapping to rectify the image removing the per-

MOTIVE TECHS - EX2002 P. 0009
IPR2025-00574



spective distortion to improve lane detection by employ-
ing parallel line constraint of the road lane boundaries [5].
But under all the constraints, these methods still suffered
from occlusion and the false negatives generated by strong
shadows. Vanishing Point (VP) constraint was imposed in
[29, 6] to reduce the false positive rate. Shang er al. [34]
used steerable filters to guide the edge orientation of the
lane boundary markers and introduced a VP guided Parallel
Hough transform which showed improved performance un-
der complex lighting and weather conditions. To sum up the
handcrafted features and model based lane boundary extrac-
tion, Narote et al. [30] compiled a very recent and a com-
prehensive literature review. The prime limitations in these
algorithms remain illumination invariance and occlusion.

With the advent of deep learning for image classifi-
cation [23] the landscape of algorithms quickly changed
and supervised CNNs snatched the top slots in tasks re-
lated to image classification [23], semantic segmentation
[27] and object detection [12]. Lane detection, similarly,
also witnessed a significant improvement with deep CNNs
[35, 10, 22, 7, 28]. Pan et al. [33] used Spatial CNNs to
detect lane boundaries as line segments. They employ a
cascade of convolutional kernels across the height, width
as well as the depth of the input images. Using a sequen-
tial propagation scheme to integrate information from every
pixel, they reduce the memory and computational burden
in contrast to dense Markov Random Field (MRFs), Con-
ditional Random Fields (CRFs) and Recurrent Neural Net-
works (RNNs). The output is a class specific probability
map of lane boundaries which are then sampled horizon-
tally every 20 rows to produce a set of points. The cubic
splines are fitted on sampled points to estimate lane bound-
ary curves. Their algorithm is the top performing one at
TuSimple benchmark [36] (accuracy 96.53%). They also
introduced their dataset (CULane) and reported 71.6% F1
measure on its test set.

Lee et al. [24] used a Vanishing Point Guided network
(VPGNet) by annotating VP in their training data. The
VP constraint improves the lane detection as previously
found by Changzheng et al. [6] but their data is not pub-
licly available. Recent works, such as LaneNet by Neven
et al. [31] introduced a CNN for lane boundary segmenta-
tion. They cluster class-specific semantic segmentation of
the lane boundaries into the available number of lanes. In
contrast to previous approaches such as [5, 24] that estimate
IPM with the assumption of a fixed camera pose, Neven
et al. learned a small network, HNet, to estimate it at run
time. On TuSimple dataset their algorithm performs almost
as good as VPGNet (accuracy 96.4%) but its performance is
limited by the fact that deep learning approaches have inher-
ent dependence on training data domain, therefore, change
in camera hardware, pose and scene will greatly influence
prediction of HNet and hence the outcome.

VAeQAmeS s initialization Block

Eand boldary :
ke detection:
‘ | ' Hipw. Lwp

1
Lane lines/curves in
perspective view

Figure 3. The block diagram of our end2end lane detection algo-
rithm is shown here.

Deep learning is specifically good at learning context
and semantic information of objects in the scene. Lane re-
gions occupy more area than lane boundaries and hence are
semantically strong contenders. With state-of-the-art per-
formance in segmentation through Fully Convolutional Ne-
towrks (FCN) [27] and Segmentation Networks (SegNets)
[4], lane region segmentation has also been applied, but
with not much success. A lane occupies a large region in
the image and identifying all the pixels correctly, especially
the boundary pixels becomes challenging. Generally, it is
difficult to weight the training loss such that it penalizes
the network more if border pixels get misclassified as they
are more crucial in defining the lane boundary. Therefore,
Zhang et al. [40] integrated both lane region segmentation
and boundary pixel detection into two separate networks
and combined them into a multi-task loss. The algorithm
exceeded the performance of [33] with a total F1 measure
of 73.1% on CULane. Recently, Hou et al. introduced Self
Attention Distillation networks for lane detection that vary
in performance (6 to 74 fps) and accuracy depending on the
network architecture [14].

3. Our Approach

We believe that lane boundary detection can be gen-
eralized easily on a rather small dataset as compared to
lane region. Tying boundary detection to region segmen-
tation is not much helpful as is obvious from the reported
F1 scores (71.6%) of Pan et al. [33] who used pure lane
boundary detection contrast to Zhang et al. [40] (F1 73.6%)
who complemented lane boundary and region detection in
a joint framework on CULane dataset. Therefore, we fo-
cused only on lane boundaries. As generally is the case
with deep learning methods for lane detection that output
lane boundary maps which are sampled to produce bound-
ary markers, we instead take motivation from keypoint de-
tection in Mask-RCNN [12] and predict these lane markers
directly instead of sampling them from segmentation maps.
The main contribution of this paper is the post processing
pipeline, shown in Figure 3, following the lane boundary
markers detection. We fit lines to predicted keypoints and
initialize lane width and camera rotation using the equidis-
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tant and parallelism properties of the road lanes. At infer-
ence, if we are able to fit two lane boundaries (lines/curves)
jointly using the initialized lane width within a reasonable
tolerance (30%) and parallelism, only then we predict any
missing lane boundaries and handle multiple predictions
through weighted averaging. This pipeline greatly improves
the lane detection accuracy and qualitative results are shown
in Figure 1.

3.1. Lane Boundary Keypoint Detection

We represent each lane boundary using a fixed number
of keypoints. The accurate estimation of horizon (which is
critical for determining the IPM) is dependent upon the cor-
rect localization of Vanishing Point (VP). Therefore, dur-
ing training, we sample more markers near the VP. Another
reason for this is that points near the VP represent larger
distance in the real world, so accurate localization of these
points is crucial for precise line/curve fitting. The selected
distribution of these markers along lane boundary on a sam-
ple TuSimple image is shown in Figure 2(b). To sample
keypoints, we fit a cubic spline curve on the ground truth
points for each lane boundary and then divide it vertically
into three equal segments, where 50% of the total markers
are sampled from a segment that is closer to the VP and
1/4'" of the total markers from the rest of the two segments
each.

Inspired by the well known image segmentation net-
works (i.e. FCN [27] and SegNets [4]), our lane detection
network is fully convolutional and consists of two blocks:
an encoder block, responsible to encode all relevant low
and high level features from the input image, and a decoder
block that learns the relationship between provided low and
high level features and makes the decision on top of it. The
architecture diagram of our keypoint detector is shown in
Figure 2(a). We used ResNet50 architecture [13] as back-
bone for information encoding while our decoder network
consists of four convolution layers, a single transpose con-
volution layer, that upsamples the feature map by 4x for
precise localization of lane markers, and a final output con-
volution layer. In the output layer, we generate a one-hot
mask for each marker just like Mask-RCNN, where only
the marker’s pixel is marked as foreground or one. To avoid
inter-class competition among multiple keypoints, a per-
mask cross-entropy loss is computed. The total loss of this
network is the average of the loss for all K keypoints. At
inference time, unique marker in each output map is com-
puted by selecting the one with the highest score.

3.2. Camera Initialization

Camera initialization involves using camera intrinsics
and road geometry to find Inverse Perspective Mapping
(IPM) to synthetically rotate the viewpoint and lane width
to fit equidistant parallel lanes in rectified view after the ini-

Figure 4. (Left) Perspective lane image demonstrating the right-
hand camera system (Right) rectified camera view w.r.t road sur-
face using [PM. h. is the camera height, Ly, is the lane width in
real world in meters while Ly, is the lane width on image plane
in pixels given by Equation 1.

tialization.

Our approach is aimed at a forward looking dashcam in-
stalled inside the driver’s cabin. Configuration is done in a
right-handed frame of reference. The road plane normal is
along the Z-axis (upwards), Y-axis is in the driving direction
and X-axis towards the right side of the vehicle. As shown
in Figure 4(a), the camera is expected to have some tilt w.r.t
X-axis whereas the pan angle w.r.t Y-axis is negligible and
therefore, the image mainly has perspective distortion [25].

IPM is used to remove the perspective distortion in an
image. Application of the IPM synthetically rotates the
camera into a top (bird’s eye) view thus rendering the in-
tersecting lines as parallel; the way they actually are in the
real world. The use of IPM improves the curve fitting as ex-
plained in earlier works such as [5, 24]. Recently, Neven
et al. [31] trained a small CNN (HNet) to estimate IPM
but its performance is limited by the fact that deep learning
approaches have inherent dependence on training data do-
main, therefore, change in camera hardware, pose and scene
will greatly influence the outcome. On the other hand, for
a geometric approach, knowing camera pose could be chal-
lenging as it may vary from time to time. Therefore, we
introduce a novel, accurate and robust way of estimating an
IPM without any prior knowledge of the camera pose. We
instead use road geometry to find camera pose and in-turn
find the IPM. The following subsections explain all modules
in the initialization block of the Figure 3.

3.2.1 Horizon Estimation

The estimation of IPM assumes a planar road scene hav-
ing no elevation and more than one lanes (3 or more lane
boundaries), such as a typical highway scenario. We start
by fitting lines to the detected markers. A best fit line must
have a minimum number of inlier markers (i.e., 25% of total
number of markers for each lane boundary). Inlier markers
are those having horizontal distance of under 8 pixels to the
best 1st degree line fit through RANSAC [8].

Critical part of initialization is the estimation of a vanish-
ing line (horizon) from these lines. This requires two sets of
vanishing points (VPs), forward and lateral VPs. Forward
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VPs can be found from the cross product of the world par-
allel lines whereas the process of finding lateral vanishing
point is a bit involved. For that we use cross-ratios of three
real-world parallel lines which are the lane lines as used
by Ali er al. [2]. Once a set of forward and lateral VPs is
found, we use their horizon estimation algorithm to find the
best fitting horizon [j,.

3.2.2 IPM and Image Rectification

After estimating horizon, we compute plane normal 72 using
camera intrinsic matrix K and horizon {5, [11] by n = K T,
The IPM is then computed using Hyppr = KRK —1, where
R=1[lp x f; (I, x ) X ~“n; —“n] is the rotation matrix and
H; pys is the rectification homography which will rotate the
camera view to align its Z-axis with the road’s normal.

Estimation of horizon and IPM on a short video clip
completes the initialization of camera. Frames can then be
simply rectified into a bird’s eye view by applying this IPM
(Figure 4). As long as the camera intrinsics or pose do not
change, re-initialization is not required. Therefore, it is a
one-off calculation for every camera setting.

3.2.3 Lane Width Initialization

A frame is considered an inlier frame if it has at least one
forward and one lateral vanishing point. A pair of consecu-
tive parallel lines are selected and the distance between the
lines is calculated per frame through:

PP ==
Ly = %. (1)

where f is the number of inlier frames and Lyy,, is the aver-
age initialized lane width in pixels.

In real world, standard lane width typically vary across
countries and is usually decided by state or federal depart-
ment of transportation. Lane widths are commonly nar-
rower on low volume roads and wider on higher volume
roads and depends on the assumed maximum vehicle width.
The Interstate Highway standards for the U.S. Interstate
Highway System use a 3.7 meter standard lane width while
in Europe, the minimum widths of lanes are generally be-
tween 2.5 to 3.25 meters [39]. Hence the ratios of these
lanes widths vary within nearly 0.7 to 1.3. Therefore, an
empirically selected threshold on lane width ratio (initial-
ized:detected) Ly r = 0.3 should suffice.

3.3. Post-Initialization

In the post initialization phase, we use the computed ho-
mography and estimated lane width to rectify keypoints and
fit equidistant parallel lines/curves on them. Following sub-
sections explain all the modules shown in post-initialization
block of Figure 3.

3.3.1 Equidistant Parallel Line/Curve Fitting

The lane boundary markers detected by CNN are rectified
using the Hypys found in Section 3.2.2. Second degree
quadratic curves are fitted to randomly selected subset of
markers. Three constraints are imposed on the curves in or-
der to ensure correctness. First, the number of inliers, which
have to be more than a minimum numbers (generally 25%
of the total number of markers for lines and 50% for curves).
For this, the perpendicular distance between the curve and a
given marker is used as a measure. This process is repeated
until the number of inliers cross a threshold or maximum
iterations are reached. If it fails, then straight lines are tried.

After line/curve fitting, the second and the third con-
straints, parallelism and equidistant nature of lane lines, are
ensured. If the two lines are straight, the parallelism is esti-
mated from the difference between their slopes and the dis-
tance between them is computed using the Equation 1. In
case of curved lane boundaries, the difference between the
slopes of their tangents is used to judge parallelism and the
lane width is calculated by intersecting a line perpendicular
to the tangent of first curve to a point at the second curve
and then finding the distance between the two points.

In its current form, our lane detector is trained for four
lane boundaries (three lanes, i.e. left, center and right). If
four lane boundaries do not satisfy all the three constraints,
three lane boundaries are fitted and then two. At less than
two lines/curves, the frame is ignored. Algorithm 1 explains
this process for two lane boundaries.

3.3.2 Detecting Weak or Missing Lane Boundaries

In order to estimate the missing lanes, we used the initial-
ized lane width in pixels (Lyw,). We calculate the lane
boundary offset for the missing or low confidence lanes
from Equation 1 as:

¢o = LwpVa® + b? 2)

where ¢, is the required offset in x-intercept for the miss-
ing lines. Adding ¢, to the x-intercept of the detected lane
boundaries in the rectified view, we predict the missing lane
boundaries. For example, for a detected first lane’s first
boundary, we predict the number of missing lane boundaries
oneachside,ie. 2 = —2y+ (c+co), 2= —Ly+(c—c,)
(see Figure 5 (a)) .

After the missing lane boundary prediction, we perform
a reciprocal weighted average of their x-coordinates near
the forward VP and bottom of the image. If there are
two predicted boundaries on the right side of a initial lane
boundary as shown in Figure 5 (a), we use:

, (Writwxl) |, (Wre 4 wxh)

Ty = y fo — —— (3)

w+ w' w+w’

where the weights w, w’, w" are {0,1,2} respectively

and are selected, based on the distance of the predicted
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Algorithm 1: Lane boundary detection algorithm

Input: Detected markers from lane detector for a pair of
consecutive lanes boundaries, fit2
QOutput: Detected lane boundaries
initialize;
inliersior =0
Fit lines to lane boundaries:
Set M = min num of inliers;
while iter < MAX_ITER do
Set inliers,; = 0;
Set ¢nlierss = 0;
Rectify lane markers using Hrpas;
Randomly sample n markers per line;
if fit2==1 then
Fit 2™? degree curve (Section 3.3.1);
else
| Fit line;
end
end
Count ¢nliesr: and inlierss (Section 3.3.1);
Check Constraint]:
if inliersy > M & inlierss > M then
Get slopes m1 = |a1/b1|, m2 = |az/ba| (from
Equation a,,x + by + ¢, = 0);
20 Get detected lane width Lw p(Section 3.2.3);
21 Read Initialized lane width L, (Equation 1);
22 Check Constraints 2 and 3:
2 if [my — ma| 0.1 & |1 — 22| <Lwp &
P
inliersl,, > inliers,," then
24 Set lane_detected = True;
25 Update inliersior = inliersy + inliersa;
26 end
27 end
28 end

R 7 I N O S

e < =
O O® N S kW= S

lane boundary from detected lane boundary. Predicted lane
boundary that is one lane width distance away is assigned
a weight of 1, detected lane boundary is given a weight of
0 and so on. This enables robust retrieval of missing lane
boundaries.

4. Evaluations and Discussion

We evaluated our algorithm on a number of publicly
available lane datasets, namely, CULane [33], TuSimple
[36] and Caltech [3]. In order to match lane boundaries
with the ground truth we followed the TuSimple’s criteria
[1] for all datasets which allows prediction of up to two ex-
tra lane boundaries. The computational times listed in Table
1 were noted with GPU: GTX-1080 Ti 11 GB RAM and
CPU: Core 17 6900K 3.20 GHz, except for the SAD-Nets
[14] which where computed on GTX Titan X GPU by their
authors.

Figure 5. Detecting missing lane boundries. (a) Rectified view.
Lane boundaries are predicted in red using c, from section 3.3.2.
(b) Filtered lane boundaries after weighted averaging (c) Recov-
ered perspective view with all the four lane boundaries.

4.1. Results on CULane

CULane dataset consists of 55 hours of traffic video pro-
viding a total of 133,235 images. The training set contains
88,880 images, while the validation and test sets contains
9,675 and 34,680 each respectively. Depending on the scene
categories, the test set is divided into eight subsets. Our lane
marker detector was trained on the training set. We created
lane boundaries in prediction and ground truth masks each
of 30 pixels as used by [33] and [40], unless stated other-
wise. Our results on the CULane test set and their compari-
son is given in Table 1.

As can be observed in the table, our method Ourssg out-
performed the state-of-the-art in lane boundary detection
ie. JLBNet [40], SCNN [33] and SAD-Nets [14] by an
order of magnitude. In the Normal, Crowded, Night, Arrow
and Dazzle Light categories, we had an improvement in F1
scores from 4 to 12% while in the No Line and Shadow cat-
egories, there had been an increase of almost 25% and 17%
respectively. One odd case though was the Curve category
in which we performed slightly better than SCNN but 3%
lower than JLBNet and 5 to 6% lower than SAD-Nets. We
will discuss the cause in the ablation studies. But we were
able to improve the overall performance from 73.1% [40]
and 72% SCNN [33] to almost 81%.

4.1.1 Ablation Studies

For the sake of ablation studies, we modified the lane
boundary keypoint detector’s architecture by changing the
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Figure 6. Results comparison (CULane samples: a to f, CalTech samples g to j). Detections in red and ground truth in blue and horizon
line in green (a,d) Ours4g (b,e) SCNN (c,f) SCNN lane boundary map + Ours,,;, post processing. (g,i) SCNN trained on CULane tested on
Caltech. (h,j) Oursyg trained on CULane and tested on CalTech.

| Method | Normal | Crowded | Night | No Line | Shadow | Arrow | Dazzle Light | Curve | Total | FPS |
SCNNI[33] 0.883 0.753 0.686 0.365 0.593 0.821 0.531 0.594 0.72 9
JLBNet[40] 0.897 0.765 0.687 0.351 0.655 0.822 0.674 0.632 0.731 —
ENet-SAD[14] 0.901 0.688 0.660 0416 0.659 0.840 0.602 0.657 0.708 74
R-18-SADJ[14] 0.898 0.681 0.642 0.425 0.675 0.839 0.598 0.655 0.705 40
R-34-SAD[14] 0.899 0.685 0.646 0.422 0.677 0.838 0.599 0.660 0.707 20
R-101-SAD[14] 0.907 0.700 0.663 0.435 0.67 0.844 0.599 0.657 0.718 6
Ourssp 0.925 0.790 0.753 0.564 0.782 0.898 0.738 0.572 0.796 4.8
Ourssp 0.935 0.812 0.760 0.586 0.822 0.910 0.746 0.587 0.804 4.5
Ours4p 0.934 0.808 0.762 0.586 0.794 0.911 0.745 0.604 0.806 7.8
Oursyg,, 0.931 0.801 0.759 0.581 0.799 0.911 0.747 0.573 0.802 4.2
Ourssg 0.936 0.815 0.769 0.592 0.826 0.915 0.751 0.607 0.809 3.7
SCNNy.3,15 + Oursy,, 0.898 0.736 0.722 0.395 0.645 0.839 0.626 0476 | 0.7500 | 4.3
Diff. with SCNN (%) +1.48 -1.71 +3.58 +3.0 +5.19 +1.76 +9.54 -11.79 | +3.09 -
SCNNy. 2,40 + Oursyy, 0.930 0.797 0.775 0.556 0.803 0.902 0.735 0.572 0.808 3.8
Diff. with SCNN (%) +4.73 +4.38 +8.9 +19.11 +21.03 +8.13 +20.4 -2.25 +8.94 -

Table 1. F1 score for lane boundary detection on CULane [33]. Both Ground Truth (GT) and prediction were mapped to 30 pixel wide
masks with [oU threshold of 0.5 or higher for True Positives. The lane detector used ResNet50 backbone. Qursag: Convs — Deconv block
and 20 markers/boundary. Ourssg: Convs — Deconv block and 30 markers/boundary and so on. Oursyg_,: Convy — Deconv block and
40 markers/boundary. F1 scores of SCNN and JLBNet were copied from JLBNet’s paper [40] while for SAD-Nets from their paper [14].

total number of markers/boundary as well as the depth
of the backbone to observe the effect on the lane detec-
tion results. We varied the number of markers/boundary
to 20, 30 and 40 as well. Although the best results
were achieved by Ourssg (subscript represent the number
of markers/boundary) as shown in Table 1, Qursyy and
Owurssg also closely follow. These results show that re-
duction or increment in the number of points within the
range 30 to 50 had no significant effect on the F1 scores
but just a subtle improvement is observed with increas-
ing the number of markers. We also reduced the depth of
backbone and attached the decoder after the fourth block of
ResNet architecture instead of the last block. This reduced

the efficiency due to the removal of one max-pooling layer
which increased the size of the output feature map while
also marginally reducing the F1 scores. Oursyy showed
some reduction in overall F1 score (still higher than SCNN,
JLB and SAD-Nets). This implies that with reduction in the
number of markers below 30, our lane detection algorithm
started to struggle. Ourssg has the best trade-off between
accuracy and efficiency. Please note that our algorithm was
not optimized for efficiency and therefore, the FPS in the
table is primarily for reference.
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SCNN with Our Lane Prediction Algorithm

We also experimented by replacing lane detector (lane
boundary marker detection block in Figure 3) in our
pipeline with SCNN model [33] shared by the authors.
The output lane boundary masks were sampled using cri-
teria mentioned in [33] i.e., 18 points from every boundary
with confidence > 0.3. Results are shown in the table as
SCNN+Ours,,—g.3,18. The results were a bit of a mixture.
F1 score improved from +1.48% in Normal to +9.54% in
Dazzle Light. While it reduced by -1.71% in Crowded and
-11.79% in Curve. Due to unbalanced dataset, the influence
of compromised categories was mitigated and an overall F1
of 75% was achieved which was an improvement of about
3% from solo SCNN.

We also customized the sampling criteria in SCNN and
used 40 samples at a threshold > 0.2. Results are re-
ported in the table as SCNN+Ours,,_g 2 49, where No
Line/Shadow/Dazzle Light showed improvements between
19.11% to 20.4%. An example of general improvement can
be seen in Figure 6 (b and e) where the second lane bound-
ary from the left was not correctly detected and marked as
FN with solo SCNN. Our post processing of the markers de-
tected the line with evidence (c) and without evidence (f).

Although the overall F1 score reached close to our best
of 80.9%, the Curve category still remained 2% below the
score of solo SCNN. The problem with the Curve category
was that there were primarily fewer images (Curved: 421
images and for example Normal: 9621) and therefore they
had less representation in the training. Secondly, during
marker detection, occlusions reduce the number of detected
markers. Therefore, during the parallel lane boundary fit-
ting (section 3.3.1), the combined inliers remain fewer and
such cases were labeled as FNs.

4.2. Results on CalTech

CalTech data has four video sets with a total of 1224 im-
ages. It’s an old database (2008) and due to inconsistent
ground truth, we only test it for one lane, preferably ego-
lane as the annotations are there for at least two lanes in
worst cases. Ego-lanes were identified through the slopes
of their boundaries or their tangents (in case of curves) as in
a perspective view, they have the steepest slopes in any di-
rection. Since only SCNN’s model was available, we tested
SCNN and Oursyg both trained on CULane. We mapped
ground truth and predicted lanes each to 15 pixels and then
to 30 pixels for two different tests. Results are shown in Ta-
ble 2 (Left). Once again, our algorithm out performs SCNN
noticeably in both tests with F1 scores of 89.90% (15:15)
and 96.8% (30:30) respectively. Some sample images for
comparison are shown in Figure 6 (g to j).

| Data | Algorithm | F1 | Data | Algorithm | Acc. |
< SCNN(30:30) [ 0.900 [ 2 SCNN 0.967
2 Ours,(30:30) | 0.968 | £ ENet-SAD | 0.966
& | SCNN(5:15) | 0.520 | 4 Oursyp 0.955

Ours.o(15:15) | 0.899 | T | Oursao_geres | 0.979

Table 2. (Left) F1 score on CalTech data. GT and predicted bound-
aries were mapped to 15 pixel (15:15) and 30 pixel (30:30) wide
masks (Right) TuSimple Accuracy. SCNN results copied from
[33]. In TuSimple, for Ours4o— 4: re s Only, pixels along the ground
truth lines marked as background are also kept as background in
predicted lines.

4.3. Results on TuSimple

TuSimple [36] data contains 3626 training and 2782 test
images. We trained Ouryg on the training data and the re-
sults on the test set are shown in Table 2 (Right), where
the results for SCNN were obtained from their paper [33].
As we can observe, Qurs,g accuracy (95.5 %) is 1% lower
than SCNN (96.5%). We designed our framework to be
occlusion robust, so that lane boundaries across the road
users and obstacles can also be detected. This was the
idea behind using lane boundary markers and line fitting
as argued in section 3.1 followed by missing lane boundary
prediction in section 3.3.2. But in the TuSimple’s ground
truth, lane boundary occlusions are marked as background
producing a discontinued ground truth. If we also treat
those pixels as background for prediction during evaluation
(Oursyg_ gt ref), then our accuracy reaches almost 98% sur-
passing SCNN and SAD-Nets by more than 1.5%.

5. Conclusion

In this paper we have presented a robust and effi-
cient lane detection algorithm. We have shown that using
equidistant parallel lines constraint on detected lane lines,
retrieval of missing and occluded lanes can be greatly en-
hanced. The results on three different publicly available and
diverse datasets show substantial improvement from state-
of-the-art which is a proof in itself that assumption holds.
Our approach is modular and the missing lane detection
block can be appended to any lane boundary detection net-
work by sampling markers from lane boundaries.

For future work, we want to address auxiliary and load-
ing lanes where the assumption of parallelism does not ap-
ply. We also want to improve the detection of curved lane
boundaries. In its current form, our research takes the state-
of-the-art forward and highlights new ways of dealing with
one of the most critical challenges in autonomous driving
by unifying deep learning and geometric computer vision
to build a system utilizing best of both the worlds.
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Abstract

Distance estimation is required for advanced driver as-
sistance systems (ADAS) as well as self-driving cars. It
is crucial for obstacle avoidance, tailgating detection and
accident prevention. Currently, radars and lidars are pri-
marily used for this purpose which are either expensive or
offer poor resolution. Deep learning based depth or dis-
tance estimation techniques require huge amount of data
and ensuring domain invariance is a challenge. Therefore,
in this paper, we propose a single view geometric approach
which is lightweight and uses geometric features of the road
lane markings for distance estimation that integrates well
with the lane and vehicle detection modules of an existing
ADAS. Our system introduces novelty on two fronts: (1) it
uses cross-ratios of lane boundaries to estimate horizon (2}
it determines an Inverse Perspective Mapping (IPM) and
camera height from a known lane width and the detected
horizon. Distances of the vehicles on the road are then cal-
culated by back projecting image point to a ray intersecting
the reconstructed road plane. For evaluation, we used li-
dar data as ground truth and compare the performance of
our algorithm with radar as well as the state-of-the-art deep
learning based monocular depth prediction algorithms. The
results on three public datasets (Kitti, nuScenes and Lyft
level 5) showed that the proposed system maintains a con-
sistent RMSE between 6.10 to 7.31. It outperforms other
algorithms on two of the datasets while on KITTI it falls be-
hind one (supervised) deep learning method. Furthermore,
it is computationally inexpensive and is data-domain invari-
ant.

1. Introduction

Human error is one of the major causes of driving acci-
dents. At the heart of safe driving practices lies the driver’s
judgment to estimate their vehicle’s braking distance w.r.t
other road users. For this reason, Advanced Driver Assis-
tance Systems (ADAS) have evolved substantially over the
last few years and features such as pedestrian and tailgating
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Figure 1. Sample image from nuScenes [3]. Estimated horizon
(green line) and computed distances (meters) by all methods for
each vehicle (1, 2 and 3) from the ego vehicle are displayed. Our
method is compared against deep learning based depth estimation
as well as radar. GT is the ground truth which is provided by the
high resolution lidar.

detection have been introduced to alert drivers in the run-up
to perilous maneuvers. Real-time logging of this informa-
tion is crucial in this regard and can help fleet managers in
scoring a driver’s behavior. It also makes an integral part
of autonomous driving in path planning, obstacle and col-
lision avoidance and hence in overall safety assessment of
the self-driving cars.

Active sensing in the form of Radars (Radio Detection
and Ranging) and Lidars (Light Detection and Ranging) are
a common choice for measuring distances to surrounding
obstacles. Radars have ranges up to 150m [29] but they
generally have low resolution. Lidars, on the other hand,
offer higher spatial resolution [19] but they are too expen-
sive (cheapest costs US$ 7, 500 [1]). The biggest advantage
of using active sensing is its real-time operation as mini-
mal post processing is required. Scene depth is estimated
in a quick scan and simple thresholding may do the job.
While improvement in the sensor technology and mass pro-
duction is expected to reduce the cost of lidars by 2022 [19],
they still have limitations of compromised performance in
adverse weather conditions such as rain, snow and fog. In
contrast, standard dashcams provide low cost and high reso-
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Iution RGB images of the scene but will demand intelligent
post processing using robust algorithms and higher compute
power on board.

In computer vision, the problem of distance estimation
falls in the broader area of scene depth estimation. To this
end, various data-driven and geometric approaches have
been explored in literature. In data driven approaches,
depth of objects is learnt through either training a super-
vised depth regressor [10] or unsupervised disparity estima-
tor [13, 45]. On the other hand, geometric approaches take
into account the geometry of the features in the scene such
as Multi-View Stereo (MVS) and Single View Metrology
[43]. MVS has remained a primary focus for depth recov-
ery in the past [21]. It provides depth for each pixel via
dense matching of more than one image. MVS is limited
by the availability of texture in the scene, the efficiency of
the algorithms as well as the complexity of multi-camera
configuration. The accuracy of the depth map may not be
consistent throughout. Single view metrology, instead, uses
a single image to compute 3D measurements using perspec-
tive geometry [7]. Being ill-posed, it has remained limited
to images of structured environments where a combination
of parallel and orthogonal lines and surfaces are substan-

tially available. In this paper, we use monocular dashcam
images to estimate relative distances of vehicles on the road.

For evaluation, we used lidar data as ground truth and es-
tablished a comparison of the data-driven approaches with
the radar data. We propose an efficient and data indepen-
dent algorithm for real-time distance estimation for flat road
surfaces using single view geometry. With the help of any
available lane and vehicle detection modules (which are in-
tegral components of ADAS and self driving cars), it fully
exploits the structure in the scene. We will show that it com-
petes well with deep learning methods and under the geo-
metric constraints, it outperforms end-to-end deep learning
based methods as well as the radar data both in accuracy and
efficiency making it suitable for edge devices. Since the au-
tonomous driving is currently limited to high-way driving
scenarios, it is well suited for such tasks. And except for
the camera initialization phase, which is a one-time compu-
tation, it comes at almost no computational expense.

The breakdown of the paper is as follows: Section 2 pro-
vides a quick review of depth estimation literature. Section
3 discusses our approach in detail with ADAS modules for
lane and vehicle detection in section 3.1, camera initializa-
tion in section 3.2 and distance estimation in section 3.3.
Section 4 outlines the datasets, training and testing. Results
and a discussion on the results are presented in section 4.1
and section 5 concludes the paper.

2. Related work

In literature, only a few works have employed ap-
proaches similar to ours. Park and Hwang [32] used monoc-

ular imaging and average vehicle width in real world to esti-
mate horizon. Following that, the distance of the bottom of
the vehicle’s detected bounding box from the horizon pro-
vided a hint of its relative distance. But they assumed an al-
ready known camera height which can be difficult if done on
a multitude of vehicle across a fleet. In 2017, top perform-
ing submission to TuSimple’s velocity estimation challenge
employed deep learning based depth prediction techniques
combined with object (vehicle) detection to find relative ve-
locities [37]. Keeping this in view, we will have to look
into the research work done in the two domains i.e. our pro-
posal of single view geometry for depth estimation and the
state-of-the-art deep learning based depth prediction.

2.1. Single view geometry based depth estimation

In computer vision, single view based recovery of scene
geometry have been thoroughly studied [4, 36, 30, 17]. Lei-
botwzki used geometric properties such as parallelism and
orthogonality of structures to recover 3D models from one
or two views without explicitly knowing the metric proper-
ties of objects [26]. Lee et al. showed that even in the pres-
ence of clutter, full 3D model can be recovered from a single
image using geometric reasoning on detected line segment
produced from planar surfaces [24]. Recently, Zaheer et
al. used orthogonal lines in a multi planar single view, to
recover full 3D reconstruction of the scene [43]. These ap-
proaches are particularly interesting for indoor man-made
environments or for outdoor scenes with man made struc-
tures around. The reason is that human architecture involves
a profusion of parallel and orthogonal lines emanating from
planar surfaces.

Apart from 3D model recovery from a single view, sub-
stantial work has also been done in single view metrology.
Leibowitz and Zisserman proposed metric rectification of
planes from single perspective view and used it to measure
angles, lengths and ratios under given constraints of one
known angle, two unknown but equal angles and a known
length ratio [27]. Zaheer and Khan showed that projectively
distorted views of man-made 3D structures can be metric
rectified using orthogonal plane-pairs [42]. Liu et al. esti-
mated depth from a single view given semantic segmenta-
tion under geometric constraints [28]. On this topic, Crim-
inisi et al. explain single and multi view metric reconstruc-
tions in detail, especially determining camera pose, com-
puting distance between planes parallel to a reference plane
and also finding area and length ratios on any plane parallel
to the reference plane [7, 6].

2.2, Data-driven depth prediction

Digressing from a geometric approach, data-driven
depth prediction techniques have used both supervised and
unsupervised learning for stereo as well as monocular im-
ages. Sinz et al. used stereo images in Gaussian process re-
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gression to estimate pixel wise depth map avoiding compli-
cations of stereo calibration [35]. Saxena et al. used monoc-
ular images of a variation of unstructured outdoor scenes
for training Markov Random Fields (MRFs) on both local
and global features for the recovery of fairly accurate depth
maps [34]. Ladicky et al. designed a stereo matching classi-
fier for predicting likelihood of matching pixel in one image
offset by disparity in second image [23].

Owing to little success, the data-driven approaches for
depth estimation could not acquire a lot of attention until
the advent of deep learning. Deep learning based depth es-
timation made a huge impact in terms of holistic and ac-
curate depth prediction so much so that a significant num-
ber of contributions have surfaced over a short span of time
[40, 46, 25, 41, 45]. Zbontar and LeCunn trained a small
convolutional neural network for matching stereo pairs in-
stead of handcrafted feature matching and showed results
better in terms of both the accuracy of depth maps as well
as efficiency [44]. Eigen et al. used two deep networks in
cascade [8] to predict high-level global depth followed by
refinement to low-level local depth in a supervised regres-
sion framework. This approach acquired a lot of traction
and several improvements followed such as adding Condi-
tional Random Fields (CRFs) by Li et al. [39]. Cao et al.
transformed monocular depth estimation from regression to
a supervised classification problem [5]. Fu et al. used an or-
dinal regression loss in supervised training to eliminate slow
convergence during training and sub-optimal minimas [10].
Their method is the best performing one on Kitti benchmark
[2] with iRMSE 12.98 (1/km), RMSE 2.6 (m).

Supervised learning requires ground truth depth data
which in case of deep learning becomes challenging to ac-
quire. Therefore, recently, some unsupervised approaches
have appeared that have performed exceptionally well.
Garg et al. proposed a convolutional encoder network in
which they use one of the stereo-pair style images and pre-
dict a disparity map [11]. An inverse warp of the sec-
ond image is then produced from the known inter-view dis-
placement and the disparity map, which is then used to re-
construct the first image. The photometric error in the re-
construction defines the network loss. An improvement to
this monocular depth learning from stereo pairs was intro-
duced by Godard et al. by integrating left-right consistency
check [13]. Kundu et al. employed unsupervised adversar-
ial learning for depth prediction [22].

3. Our approach

We use single view geometry for distance estimation. As
argued earlier, single view geometry depends on the per-
spective of the parallel or orthogonal lines and planes in the
image. As lane lines are generally parallel, we exploit the
parallelism for this matter. We start with unknown camera
extrinsics because it is usually difficult to obtain this infor-
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Figure 2. Block diagram of our algorithm.

mation as it may change from time to time. Instead, we
propose an automated way of finding camera height using
horizon through cross-ratios of parallel lines [15]. Deter-
mination of camera height completes camera initialization
which only needs to be done once for each rigid camera as-
sembly. Road plane is then reconstructed and the distance
from other vehicles on the road can be calculated through
simple math. A block diagram of our full pipeline is shown
in Figure 2. For camera initialization, we assume a straight
and flat road surface. Lane boundaries and vehicles can be
detected using any off-the-shelf lane and vehicle detection
algorithms. In the following section, we will now briefly de-
scribe lane and vehicle detectors that are used in evaluation
for distance estimation in this paper.

3.1. Lane and vehicle detection

To exploit road geometry, detection of lane boundaries
is a crucial step for which we used the lane detection
network by Khan et al. [20] which uses a fully convolu-
tional deep network for detecting keypoints sampled along
the lane boundaries. The network architecture diagram
is shown in Figure 3(a). It consists of an encoder block
(ResNet50 [16] in this case), responsible for feature extrac-
tion, and a decoder block that learns the relationship among
extracted features and makes decision on top of it. The de-
coder block comprised of four convolutional layers, a single
transpose-convolution layer (that upsamples feature map by
4x) followed by the output convolution layer. In the output
layer, just like Mask-RCNN, one-hot mask for each key-
point is generated, where only the keypoint pixel is encoded
(marked high or foreground).

For training the lane detection network, CULane[31]
dataset has been used. Every lane boundary ground truth
was sampled into 40 keypoints, this number was chosen
based on the best possible trade-off between efficiency and
accuracy [20], with greater density of points closer to the
road plane horizon (Figure 3(b)). This is done by split-
ting every lane into three vertical segments and sampling
equally spaced keypoints (20, 10 and 10) from each seg-
ment starting from the one closer to the horizon. At in-
ference time, line/curve is fitted on the predicted keypoints
using RANSAC [9]. A best fit line must have a minimum
number of inlier markers, which in case of 40 markers/lane
boundary were kept at 10.
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Figure 3. (a) The architecture of our lane detection network. The
encoder is ResNet50 and the decoder consists of 4 convolution
layers, 1 transpose-convolution layer followed by a fully convo-
lutional output layer with one channel for each keypoint (b) The
input image and keypoints sampled from the ground truth lane line
are overlayed on the image. Number of keypoints increase towards
the vanishing point.

For vehicle localization, any detection framework can
be used. We fine-tuned COCO pre-trained Faster-RCNN
model [33] with Resnet-50 backbone on Kitti vehicle
dataset [12].

3.2. Camera initialization

Camera initialization involves finding camera height and
road plane normal. This is our first contribution in this pa-
per as along with camera intrinsics, we use road geometry
and lane width which has not been used before in this re-
gard. Integrating these known priors makes the process of
initialization self-sufficient and fully automatic. It’s a one-
off calculation for every camera and stays constant until the
camera is displaced or replaced altogether. It involves the
following sub-modules:

3.2.1 Inverse Perspective Mapping

Inverse Perspective Mapping (IPM) is used to remove the
perspective distortion in an image. Application of an IPM
can synthetically rotate the camera into a top (bird’s eye)
view thus rendering the intersecting lines as parallel; the
way they actually are in the real-world. This is required in
order to find the camera height which is required for dis-
tance estimation. Therefore, we introduce a novel, accurate

Image Plane
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Figure 4. (Left) Point p; from the bottom of the detected vehicle is
back projected to a ray -y, intersecting road plane at a point which
gives the distance d, of the point from the camera on road plane
with normal vector 7i (Right) Synthetically rotated camera view
to estimate camera height h. given focal length f., lane width in
rectified image Law, and lane width in real world Lw,

and robust way of estimating an IPM by exploiting road ge-
ometry with no prior knowledge of the camera pose.

Our approach is aimed for a forward looking dashcam
installed inside the driver’s cabin. Configuration was done
in a right-handed frame of reference. The road plane normal
71 was along the Z-axis (upwards), Y-axis was in the driving
direction and X-axis towards the right side of the driver as
shown in Figure 4(Left).

The estimation of IPM used a planar road scene having
no elevation and more than one lane (3 or more lane bound-
aries), such as a typical highway scenario (Figure 5). Crit-
ical part of initialization was the estimation of a vanishing
line or horizon which required at least three parallel lines in
the rectified image.

3.2.2 Horizon estimation

The horizon must be known to estimate the required cam-
era rotation for an IPM. A horizon is a vanishing line of a
plane which, in our case, is the road. In order to find van-
ishing line, we need two vanishing points. The first one can
be simply calculated through the cross product of the vec-
tors of any two lane lines expressed in homogeneous coor-
dinates (see Figure 5 (a)). We call it the forward vanishing
point (V). Finding a second vanishing point, however, is a
bit involved.

According to Hartley and Zisserman Chapter 2 [14], if
there are three co-linear points in an image a’, b’ and ¢’ (as
shown in Figure 5 (a)) with known real world length ratios
(‘;—i’) of their corresponding real world points (g, b and c) as
shown in Figure 5 (b), we can find a point on the vanishing
line of the plane on which these points lie. Lets call this
point the lateral vanishing point or V”.

We take this concept and map it to our problem i.e. the
road plane. For this, we will need three co-linear points
existing on the road plane having known real world length
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(®)
Figure 5. (a) Perspective view of road plane. Lane lines (11, 15 and
13) are shown in red and an arbitrary line I’ (blue) cuts all lane lines
at points a’, b’ and ¢’. Forward vanishing point (V) is obtained by
the cross product of any two lane lines (b) Real world top-down
view of the road plane. d; and d are the distances between lane
lines 11, I3 and I, I3 respectively. Since all lane lines are parallel

_dl

Ay and A, are similar triangles which implies ‘;—i’ =%

ratios. Since we already have detected lane lines in the im-
age which lie on the road plane, we can find three co-linear
points by drawing any line I’ which intersects all three lane
lines at points a’, b’ and ¢’ respectively.

The points a', ' and ¢’ are in fact images of their real
world counter parts a, b, and ¢ which lic on a line / as shown
in Figure 5 (b). The line I’ is the image of line /. In order
to find the lateral vanishing point of the road plane, accord-
ing to the description above, we need to know the length
ratios between these real world points. The fact that these
three points lie on three (parallel) lane lines ({1, I3 and I3), it
can be established through trigonometry that the ratio of the
line segments ‘;—i’ is equal to 3—; where d; and d are the dis-
tances between lines [1, [ and Iy, I3 respectively, as shown
in figure (b). Here d; and dy are the lane widths.

Although the algorithm will still work if neighbouring
lanes don’t have same width (only requires ratio of the
widths i.e. Z—; to be known), we assume the ratio to be
1 (di=ds=lane width), since the lane lines are generally
equidistant. Since the initialization is required only once
for a camera, it can be done on a highway or a section of the
highway where lanes are consistent/equidistant (using gps).

After getting two vanishing points (VPs) per frame, we
collected all the sets of the vanishing points across all the
frames of a video clip. The horizon was found as the best
fitted line to the VPs as described in Algorithm 1.

Algorithm 1: Best fitting Horizon (I) estimation

Input: Detected markers by lane detector
Output: Estimated Horizon line
Find forward and lateral VP for each frame in a video:
initialize;
for i < num_frames in video do
Fit lines to keypoints (B = num _lines) ;
if B >2 then
forj <= BC, do
| forward_vpi; = crossprod(line_1, line_2)
end

W O NN R W N -

end
if B >3 then
for k <= BC5 do
‘ Get lateral_vpiy using cross ratios as described
in Section 3.2.2

<
N = <

13 end
14 end
15 end
16 RANSAC for best fitting horizon across video:
17 initialize;
18 s =random int between 1 to num_forward_vps;
19 t=random_int between 1 to num_lateral vps;
20 while iterations < t OR num_inliers < max_inliers do
21 Fit line 15 to forward_vp(s) and lateral vp(t);
22 if dist(lp, forward_vp(s)) < threshold_s &
dist(ly,lateral_vp(t)) < threshold_t then
| record and count inlier points
end

¥ B

25 end

3.2.3 Image rectification

Now that the horizon has been determined, the IPM could
be found. We computed road plane normal 7 using camera
intrinsic matrix K and horizon I, [14] by 7 = KT I. The
IPM is then computed using H;pyr = KRK —1 where R =
[ln X A (I X A) X —n; —n] is the rotation matrix and Hrpps
is the rectification homography which will rotate the camera
view to align its Z-axis with the road’s normal as shown in
Figure 4(Right). Frames could now be simply rectified into
a bird’s eye view by applying this IPM (Figure 4(Right)).

3.2.4 Parallel line fitting

Parallel lines can be represented as:

az+bhy+e =0,a3x+by+c=0
where the co-efficients a; = ag and b; = by and only the
intercept ¢, and c; are different. After a minimum number
of inlier constraint is satisfied, parallel lines are fitted to the
inlier markers using least squares by solving Az = 0.

Here A contains the inlier points (subscript) for each par-
allel line (superscript) in the rectified view. This system is
solved using singular value decomposition for the least sin-
gular value.
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Figure 6. Sample results on Kitti [12] (top) and nuScenes [3] (bottom). Displayed numbers are the distances in meters. Vehicles are

numbered for clarity.

3.2.5 Lane Width Initialization

In the rectified view of a given frame, a pair of consecutive

paralle]l lines were selected and the distance between the
lines was calculated per frame through:
s vt

Ly, = —F @

where f is the number of inlier frames and Ly, is the
average initialized lane width. A frame is considered an
inlier frame if it has at least one forward and one lateral
vanishing point.

3.2.6 Camera height estimation

Now that we have lane width in pixels Lyy,, we can use the
camera focal length (f.) to compute viewing angle « alpha
using trigonometry

Lwy/2
fe

Once camera viewing angle o is known, camera height A,
is given by

a=2xtan"}(

) 2

Lwr

- _2 3)

c a
tan(g)
Here Ly, is the lane width in real world and considering
the fact that lane widths are usually standard across high-
ways, Lw, is generally known. Determining camera height

completes camera initialization. This is depicted in Figure
4 (Right).

3.3. Distance estimation

Once the camera is initialized, we know the camera
height and road plane normal. We can then reconstruct the
road plane:

= [ h ] @)

where 7 is the road plane normal and 7, is 4 x 1 recon-
structed road plane vector. A ray from the point p; in the
image plane of the camera is given by v, = K 1p;. So the
distance from the image plane to point where this ray inter-
sects the reconstructed road plane in the real-world can be
found by solving:

™ [ i ] =0 )
where d, is the distance where -y, intersects the plane:
he
dr = - 6)
n-Yr

This is depicted in Figure 4 (Left). It is this simple arith-
metic calculation that estimates the distance of the detected
objects on the reconstructed road plane which makes it com-
putationally inexpensive. Shift in the horizon which can be
caused by changing slope of the road can impart difference
to the observed distances. The best way to investigate the
extent of error is to evaluate our algorithm on publicly col-
lected datasets and compare them against the computation-
ally expensive but state-of-the-art deep learning approaches.

4. Experimental setup

To evaluate our distance estimation algorithm, we used
the well known datasets i.e. KITTI [12], nuScenes [3]
and the recently released Lyft level 5 dataset [18]. All the
datasets have color images along with Lidar data which is
used as distance ground truth. nuScenes also provide front
Radar data. In order to localize vehicles in the scenes, we
used our vehicle detector as described in section 3.1. During
the assessment, among the overlapping vehicle boxes only
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[ Algorithm : Abs.Rel | RMSE | RMSElog | SqRel |
(a) KITTI dataset
DORNTI10] 0.92 0.96 0.98 0.11 2.4 0.18 0.44
MonoDepth[13] 0.82 0.94 0.98 0.13 6.34 0.21 1.36
Ours 0.53 0.89 0.98 0.29 6.24 0.30 2.02
(b) nuScenes dataset
DORN[10] 0.55 0.85 0.96 0.25 743 0.33 1.83
MonoDepth[13] 0.56 0.81 0.93 0.23 8.38 0.36 2.16
Radar 0.73 0.80 0.85 0.48 11.66 0.71 13.25
Ours 0.78 0.94 0.97 0.15 6.10 0.24 1.29
(c) Lyft Level 5 dataset
DORN[10] 0.11 0.30 0.67 0.73 1143 0.57 7.91
MonoDepth[13] 0.03 0.12 0.45 0.50 12.23 0.77 5.50
Ours 0.69 0.87 0.93 0.17 7.31 0.32 1.53

Table 1. Distance estimation results on (a) KITTI (b) nuScenes (c) Lyft Level 5 datasets. Metrics in Red means higher is better. Metrics
are explained in [8, 13]. Metrics in Blue means lower is better. Best scores are in bold. The scores of our algorithm are underlined.

)
Figure 7. Sample images from nuScenes [3]. Displayed numbers
are the distances in meters. Sub-optimal horizon as compared to
Figure 1 due to (a) downwards slope and (b) upwards slope. Re-
calculation required in this case.

the foremost box was selected. Hence only the un-occluded
vehicles were used. Maximum distance cap of 70m was
set since some lidars do not perform at larger distances. Be-
sides, 70m braking distance provides enough room for a fair
assessment.

Distance was in meters and we used the metrics de-
fined in [8, 13], namely, Ratio threshold §, Absolute Rel-
ative difference (Abs Rel), Squared Relative difference (Sq
Rel), RMSE (linear) and RMSE log for evaluation. Apart
from our algorithm which is based on single view geom-
etry, we also compared distance estimates of a supervised
deep learning based method, DORN by Fu et al. [10] which
has shown the best performance on Kitti depth estimation
benchmark [2]. We used their model which is trained on
the KITTT data for color images with lidar as ground truth.
From unsupervised deep learning methods, we use Mon-
oDepth by Godard et al. [13]. We used the model shared
by the authors which is trained on Kitti’s stereo data. Mon-

oDepth predicts disparity which is converted into depth us-
ing the stereo configuration used in the data acquisition
[Depth in meters = (FocalLength x Baseline in meters) /
Disparity]. Lidar and radar data were projected on the im-
age plane using camera matrix to produce depth maps. The
vehicle depth was computed by averaging all the non zero
depth values inside the vehicle box for lidar, MonoDepth
and DORN. The detected box size was reduced by 50% in
height and width with the same center in order to reduce the
influence of the background. For radar however, we took
the non zero minimum value inside the full sized box due
to the sparsity of the data (works best for radar). For our
algorithm, we took the middle point of the bottom of the
full sized box for distance estimation because our algorithm
requires the point to be on the road plane.

4.1. Results and Discussion

4.1.1 Tests on KITTI

KITTI dataset includes images from two color 1.4 MP
PointGrey Flea2 cameras (left one is used in these exper-
iments) and a Velodyne HDL-64E lidar data. Lidar data
was mapped to the cameras. It does not have radar data. We
used its six video clips which have the lidar as well as the
corresponding video data in the KITTI validation split.
Table 1 (a) show the results and Figure 6 top-row shows
some sample KITTI results. Based on the RMSE, we
can see that supervised depth estimation by DORN per-
formed much better than either MonoDepth or our algo-
rithm. Both data driven approaches, DORN and Mon-
oDepth were trained on the training and quiet possibly the
validation sets of KITTI before the authors submitted the
results to the KITTI test set benchmark [2]. Please note
that the KITTI data was recorded by driving around the
city of Karlsruhe, Germany, in the rural areas as well as on
the highways [38]. And although our algorithm fell behind
DORN in performance, still it had lower RMSE than the un-
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supervised deep learning model (MonoDepth). Therefore,
even after aiming for a highway driving scenario, it is still
competing the state-of-the-art data driven approaches on a
variety of road types. For a fair assessment of robustness
and domain in-variance of the algorithms in consideration,
we tested these models along with our algorithms on some
other public datasets.

4.1.2 Tests on nuScenes

nuScenes dataset contains recorded videos of mainly city
scenes. It has 1000 video clips out of which 150 com-
prise the validation set that we used in this assessment. The
dataset contains clips from multiple cameras installed on the
vehicle. We used the front mounted camera CAM_FRONT
for evaluation. Table 1 (b) show the results.

The results show that unlike KITTI, the deep learning
networks both supervised and unsupervised, do not perform
as well. Our algorithm however, performs better than all in-
cluding radar in both § (0.78) and RMSE (6.10). Figure 6
bottom row shows some results of nuScenes where horizon
was estimated correctly and our algorithm performed well.
In contrast, Figure 7 display example with sub-optimal hori-
zon estimation and hence incorrect distance estimate which
is a limitation of our system.

4.1.3 Tests on Lyft Level 5 Dataset

Lyft dataset is the newest and the largest of all datasets.
The setup is similar to nuScenes. We used the data from
the forward looking Cam0 which includes 22680 sample
images and collected on relatively planar roads as opposed
to nuScenes making it the largest dataset in our evaluation
setup. Table 1 (c) show the results. Since Monodepth and
DORN are trained on KITTI, their performance is compro-
mised on a new camera and its settings with RMSE of 12.23
and 11.43, respectively. Our algorithm, however, outper-
forms with an RMSE of 7.31.

4.2. Processing efficiency

In USA, the traffic rules require 3 to 5 secs headway
from the vehicle in the front. Therefore, for an ADAS sys-
tem, real-time operation is imperative as the response time
is very short and compute power onboard is very limited.
As argued earlier, this is one of the reasons for using lidars
and radars. In this regard, we compared our algorithm with
others for the processing time and the results are shown in
Table 2. Deep networks require high compute power. As far
as our method is concerned, there is no specific processing
requirements. It is just a single division and a dot product
which takes 2.31e7% secs on Core i7 CPU. The initializa-
tion part can use any available Lane detection framework
which will be in operation anyway within an ADAS or self-
driving car. Our lane detection network discussed in section
3.1 runs at 0.125 secs/frame. But it’s a one-off calcu-
lation for a limited number of frames and re-Initialization

|AlgorithmDORN|MonoDepth| Ours |
GPU 2.10 0.124 —
CPU 130 | 0795 [23e°°

Table 2. Processing time per frame in secs averaged over 100
frames of nuScenes. GPU: Nvidia GTX-1080 with 8 GB on chip
RAM, CPU:Intel Core i7 7820HK 2.9 GHz with 32 GB system
RAM. Our algorithm’s time is post initialization run-time for dis-
tance calculation. During initialization, our lane detector was also
used at 0.124 secs/frame (one-time execution per camera).

will not be required until the camera configuration is dis-
turbed. This brings our algorithm at par with radar and lidar
data processing without demanding any excessive compute
power on onboard edge devices.

5. Conclusion

In this paper we have presented a single view geome-
try based relative distance estimation algorithm for road ve-
hicles. We have compared our algorithm with data driven
deep learning (DL) based methods. Supervised deep learn-
ing performed exceptionally well on KITTI data. The com-
promise of the DL based algorithms on nuScenes and Lyft
dataset was perhaps due to domain variance since the mod-
els were trained on KITTI data only. Therefore, although
data driven approaches are the future, they do have their
short comings. We instead proposed a geometry based al-
ternative that is simple, intuitive, independent of data and
performs almost equally on all the tested datasets keeping
RMSE within a very narrow range i.e. 6.10 to 7.31. Our
algorithm uses ADAS module of lane detection only for the
initialization part which is computationally expensive since
it’s usually a DL based method. But initialization is a one-
off calculation and after that, our distance estimation works
real-time.

In this work, we also conclude that both geometric as
well as deep learning frameworks are strong contestants to
replace active sensors for ADAS systems as well as self-
driving cars which will be a great help in reducing the cost
of the intelligent transport systems of the future.
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applicant under 37 CFR 1.46 {(assignee, person to whom the inventor is obligated to assign, or person who otherwise shows sufficient
proprietary interest) together with one or more joint inventors, then the joint inventor or inventors who are also the applicant should be

identified in this section.

Assignee Legal Representative under 35 U.5.C. 117 Joint Inventor

@ Person to whom the inventor is obligated to assign. Person who shows sufficient proprietary interest

If applicant is the legal representative, indicate the authority to file the patent application, the inventor is:

vI

Name of the Deceased or Legally Incapacitated Inventor:

If the Applicant is an Organization check here. X

Organization Name Keep Truckin, Inc.

Mailing Address Information For Applicant:

Address 1 b5 Hawthome St. 4th floor

Address 2

City 5an Francisco State/Province CA
Country | s Postal Code 04105
Phone Number Fax Number

Email Address

Additional Applicant Data may be generated within this form by selecting the Add button. Add

Assignee Information including Non-Applicant Assignee Information:

Providing assignment information in this section does not substitute for compliance with any requirement of part 3 of Title
37 of CFR to have an assighment recorded by the Office.
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PTO/AIA/4 (02-18)

Approved for use through 11/30/2020. OMB 0651-0032

U.S. Patent and Trademark Cffice; U.S. DEPARTMENT OF COMMERCE

Under the Paperwork Reduction Act of 1995, no persons are required to respond to a collection of information unless it contains a valid OMB control number.

Attorney Docket Number | 189908.100002

Application Data Sheet 37 CFR 1.76

Application Number

Title of Invention DISTANCE ESTIMATION USING SINGLE VIEW CAMERA

Assignee 1

Complete this section if assighee information, including non-applicant assignee information, is desired to be included on the patent
application publication. An assignee-applicant identified in the "Applicant Information™ section will appear on the patent application
publication as an applicant. For an assighee-applicant, complete this section only if identification as an assignee is also desired on the
patent application publication.

If the Assignee or Non-Applicant Assignee is an Organization check here. []

Prefix Given Name Middle Name Family Name Suffix
Mailing Address Information For Assignee including Non-Applicant Assignee:

Address 1

Address 2

City State/Province

Countryi Postal Code

Phone Number Fax Number

Email Address

Additional Assignee or Non-Applicant Assignee Data may be generated within this form by 2

selecting the Add button.

Signature:

NOTE: This Application Data Sheet must be signed in accordance with 37 CFR 1.33(b). However, if this Application
Data Sheet is submitted with the INITIAL filing of the application and either box A or B is not checked in
subsection 2 of the “Authorization or Opt-Out of Authorization to Permit Access” section, then this form must
also be signed in accordance with 37 CFR 1.14(c).

This Application Data Sheet must be signed by a patent practitioner if one or more of the applicants is a juristic
entity (e.g., corporation or association). If the applicant is two or more joint inventors, this form must be signed by a
patent practitioner, all joint inventors who are the applicant, or one or mare joint inventor-applicants who have been given
power of attorney (e.g., see USPTO Form PTO/AIA/81) on behalf of all joint inventor-applicants.

See 37 CFR 1.4(d) for the manner of making signatures and certifications.

Signature |/Vivek Gantif Date (YYYY-MM-DD)| [2020-02-12
First Name | Mivek Last Name | Ganti Registration Number | [71,368
Additional Signature may be generated within this form by selecting the Add button. Add
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PTO/AIA/4 (02-18)

Approved for use through 11/30/2020. OMB 0651-0032

U.S. Patent and Trademark Cffice; U.S. DEPARTMENT OF COMMERCE

Under the Paperwork Reduction Act of 1995, no persons are required to respond to a collection of information unless it contains a valid OMB control number.

Attorney Docket Number | 189908.100002

Application Data Sheet 37 CFR 1.76

Application Number

Title of Invention DISTANCE ESTIMATION USING SINGLE VIEW CAMERA

This collection of information is required by 37 CFR 1.76. The information is required to obtain or retain a benefit by the public which
is to file (and by the USPTO to process) an application. Confidentiality is governed by 35 U.S.C. 122 and 37 CFR 1.14. This
collection is estimated to take 23 minutes to complete, including gathering, preparing, and submitting the completed application data
sheet form to the USPTO. Time will vary depending upon the individual case. Any comments on the amount of time you require to
complete this form and/or suggestions for reducing this burden, should be sent to the Chief Information Officer, U.S. Patent and
Trademark Office, U.S. Department of Commerce, P.O. Box 1450, Alexandna, VA 22313-1450. DO NOT SEND FEES OR
COMPLETED FORMS TO THIS ADDRESS. SEND TO: Commissioner for Patents, P.O. Box 1450, Alexandria, VA 22313-1450.
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Privacy Act Statement

The Privacy Act of 1974 (P.L. 93-579) requires that you be given certain information in connection with your submission of the attached form related tc a patent
application or patent. Accordingly, pursuant to the requirements of the Act, please be advised that: (1) the general authority for the collection of this information
is 35 U.5.C. 2(b)(2); (2} furnishing of the informaticn solicited is voluntary; and (3) the principal purpose for which the information is used by the U.S. Patent and
Trademark Office is to process and/or examine your submission related to a patent application or patent. If you do not furnish the requested informaticn, the U.S.
Patent and Trademark Office may not be able to process and/or examine your submission, which may result in termination of proceedings or abandonment of
the application or expiration of the patent.

The information provided by youin this form will be subject to the following routine uses:

1 Theinformation con this form will be treated confidentially to the extent allowed under the Freedom of Information Act (5 U.5.C. 552) and the Privacy
Act (5 US.C. 552a). Records from this system of records may be disclosed to the Department of Justice to determine whether the Freedom of
Information Act requires disclosure of these records.

2. A record from this system of records may be disclosed, as a routine use, in the course of presenting evidence to a court, magistrate, or administrative
tribunal, including disclosures to opposing counsel in the course of settlement negotiations.

3 Arecord in this system of records may be disclosed, as a routine use, to a Member of Congress submitting a request involving an individual, to whom
the record pertains, when the individual has requested assistance from the Member with respect tc the subject matter of the record.

4,  Arecord in this system of records may be disclosed, as a routine use, to a contractor of the Agency having need for the information in order to perform
acontract. Recipients of information shall be required to comply with the requirements of the Privacy Act of 1974, as amended, pursuant to 5 U.5.C.
552a(m).

5. Arecord related to an International Application filed under the Patent Cooperation Treaty in this system of records may be disclosed, as a routine use,
to the Internaticnal Bureau of the World Intellectual Property Crganization, pursuant to the Patent CooperationTreaty.

6.  Arecord in this system of records may be disclosed, as a routine use, to another federal agency for purposes of National Security review (35 U.5.C. 181)
and for review pursuant to the Atomic Energy Act (42 U 5.C. 218(c)).

7. Arecord from this system of records may be disclosed, as a routine use, to the Administrator, General Services, or his/her designee, during an
inspection of records conducted by GSA as part of that agency's responsibility to recommend improvements in records management practices and
programs, under authority of 44 U.5.C. 2904 and 2906. Such disclosure shall be made in accordance with the G5A regulations governing inspection of
records for this purpose, and any other relevant (i.e., GSA or Commerce) directive. Such disclosure shall not be used to make determinations about
individuals.

8.  Arecord from this system of records may be disclosed, as a routine use, to the public after either publication of the application pursuant to 35 U.S.C.
122(b) or issuance of a patent pursuant to 35 U.S.C. 151. Further, a record may be disclosed, subject to the limitations of 37 CFR 1.14, as a routine use,
to the public if the record was filed in an application which became abandoned cr in which the proceedings were terminated and which application is
referenced by either a published application, an application open to public inspections or an issued patent.

9. Arecord from this system of records may be disclosed, as a routine use, to a Federal, State, or local law enforcement agency, if the USPTO becomes
aware of a violation or potential viclation of law or regulation.
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Electronic Patent Application Fee Transmittal

Application Number:

Filing Date:

Title of Invention:

DISTANCE ESTIMATION USING SINGLE VIEW CAMERA

First Named Inventor/Applicant Name:

Wajahat Kazmi

Filer:

Vivek Ganti/Belinda Love

Attorney Docket Number:

189908.100002

Filed as Large Entity

Filing Fees for Provisional

Description Fee Code Quantity Amount Sull)j-s'l'g(tsa\)l in
Basic Filing:
PROVISIONAL APPLICATION FILING 1005 1 280 280
Pages:
Claims:

Miscellaneous-Filing:

Petition:

Patent-Appeals-and-Interference:

Post-Allowance-and-Post-Issuance:
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Description Fee Code Quantity Amount Sull)j-s'l'g(tsa\)l in
Extension-of-Time:
Miscellaneous:
Total in USD ($) 280
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Electronic Acknowledgement Receipt

EFS ID: 38564285
Application Number: 62975360
International Application Number:
Confirmation Number: 9473

Title of Invention:

DISTANCE ESTIMATION USING SINGLE VIEW CAMERA

First Named Inventor/Applicant Name:

Wajahat Kazmi

Customer Number:

33717

Filer:

Vivek Ganti/Belinda Love

Filer Authorized By:

Vivek Ganti

Attorney Docket Number:

189908.100002

Receipt Date: 12-FEB-2020
Filing Date:
Time Stamp: 14:15:43
Application Type: Provisional
Payment information:
Submitted with Payment yes
Payment Type DA
Payment was successfully received in RAM $280
RAM confirmation Number E20202BE16104543

Deposit Account

Authorized User

The Director of the USPTO is hereby authorized to charge indicated fees and credit any overpayment as follows:
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File Listing:

Document .. . File Size(Bytes)/ Multi Pages
Document Description File Name . . .
Number Message Digest | Part/.zip| (ifappl.)
2032430
189908-100002_Transmittal_P
. — — no 4
1 Provisional Cover Sheet {SB16) ROV_dated_2-12-20.pdf
4bc21bef68e908fd3d66cb78a7e77e19cadf|
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Warnings:
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Warnings:
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10994178
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Warnings:
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19656572
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Warnings:
Information:
1256283
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1362b9624b291babbbd 1€258164e45ead4]
76eed7
Warnings:
Information:
30036
6 Fee Worksheet (SB06) fee-info.pdf no 2
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Total Files Size (in bytes)# 34108524

This Acknowledgement Receipt evidences receipt on the noted date by the USPTO of the indicated documents,
characterized by the applicant, and including page counts, where applicable. It serves as evidence of receipt similar to a
Post Card, as described in MPEP 503.

New Applications Under 35 U.S.C. 111

If a new application is being filed and the application includes the necessary components for a filing date (see 37 CFR
1.53(b)-(d) and MPEP 506), a Filing Receipt (37 CFR 1.54) will be issued in due course and the date shown on this
Acknowledgement Receipt will establish the filing date of the application.

National Stage of an International Application under 35 U.S.C. 371

If a timely submission to enter the national stage of an international application is compliant with the conditions of 35
U.S.C. 371 and other applicable requirements a Form PCT/DO/EO/903 indicating acceptance of the application as a
national stage submission under 35 U.S.C. 371 will be issued in addition to the Filing Receipt, in due course.

New International Application Filed with the USPTO as a Receiving Office

If a new international application is being filed and the international application includes the necessary components for
an international filing date (see PCT Article 11 and MPEP 1810}, a Notification of the International Application Number
and of the International Filing Date (Form PCT/RO/105) will be issued in due course, subject to prescriptions concerning
national security, and the date shown on this Acknowledgement Receipt will establish the international filing date of
the application.
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UNITED STATES PATENT AND TRADEMARK OFFICE

UNTTED STATES DEPARTMENT OF COMMERCE
United States Patent and Trademark Office
Address: COMMISSIONER FOR PATENTS

PO. Box 1450

Alexandria, Virginia 22313-1450

WWW.uspto.gov

APPLICATION FILING or GRP ART
NUMBER 371(c) DATE UNIT FIL FEE RECD ATTY.DOCKET.NO TOT CLAIMS|IND CLAIMS
62/975,360 02/12/2020 280 189908.100002
CONFIRMATION NO. 9473
33717 FILING RECEIPT
GREENBERG TRAURIG LLP (GT
0/0: GREENBERG TRAURIG R OO LA AW

INTELLECTUAL PROPERTY DEPARTMENT
77 WEST WACKER DRIVE, SUITE 3100
CHICAGO, IL 60601

Date Mailed: 02/19/2020

Receipt is acknowledged of this provisional patent application. It will not be examined for patentability and will
become abandoned not later than twelve months after its filing date. Any correspondence concerning the application
must include the following identification information: the U.S. APPLICATION NUMBER, FILING DATE, NAME OF
FIRST INVENTOR, and TITLE OF INVENTION. Fees transmitted by check or draft are subject to collection.

Please verify the accuracy of the data presented on this receipt. If an error is noted on this Filing Receipt, please
submit a written request for a corrected Filing Receipt identifying the requested changes, preferably by including a
properly marked-up ADS showing the changes with strike-through for deletions and underlining for additions. If you
received a "Notice to File Missing Parts" or other Notice requiring a response for this application, please submit any
request for correction to this Filing Receipt with your reply to the Notice. When the USPTO processes the reply to
the Notice, the USPTO will generate another Filing Receipt incorporating the requested corrections provided that
the request is grantable.

Inventor(s)
Wajahat Kazmi, Islamabad, PAKISTAN;
Aamer Zaheer, Islamabad, PAKISTAN;
Ali Hassan, Islamabad, PAKISTAN;
Ahmed Ali, Islamabad, PAKISTAN;
Hussam Ullah Khan, Islamabad, PAKISTAN;
Afsheen Rafaqgat Ali, Islamabad, PAKISTAN;
Applicant(s)
Keep Truckin, Inc., San Francisco, CA
Power of Attorney:
Vivek Ganti--71368

Permission to Access Application via Priority Document Exchange: Yes
Permission to Access Search Results: Yes

Applicant may provide or rescind an authorization for access using Form PTO/SB/39 or Form PTO/SB/69 as
appropriate.

If Required, Foreign Filing License Granted: 02/18/2020
The country code and number of your priority application, to be used for filing abroad under the Paris Convention,
is US 62/975,360
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Projected Publication Date: None, application is not eligible for pre-grant publication
Non-Publication Request: No

Early Publication Request: No
Title

DISTANCE ESTIMATION USING SINGLE VIEW CAMERA
Statement under 37 CFR 1.55 or 1.78 for AlA (First Inventor to File) Transition Applications: No

PROTECTING YOUR INVENTION OUTSIDE THE UNITED STATES

Since the rights granted by a U.S. patent extend only throughout the territory of the United States and have no
effect in a foreign country, an inventor who wishes patent protection in another country must apply for a patent
in a specific country or in regional patent offices. Applicants may wish to consider the filing of an international
application under the Patent Cooperation Treaty (PCT). An international (PCT) application generally has the same
effect as a regular national patent application in each PCT-member country. The PCT process simplifies the filing
of patent applications on the same invention in member countries, but does not result in a grant of "an international
patent” and does not eliminate the need of applicants to file additional documents and fees in countries where patent
protection is desired.

Almost every country has its own patent law, and a person desiring a patent in a particular country must make an
application for patent in that country in accordance with its particular laws. Since the laws of many countries differ
in various respects from the patent law of the United States, applicants are advised to seek guidance from specific
foreign countries to ensure that patent rights are not lost prematurely.

Applicants also are advised that in the case of inventions made in the United States, the Director of the USPTO must
issue a license before applicants can apply for a patent in a foreign country. The filing of a U.S. patent application
serves as a request for a foreign filing license. The application's filing receipt contains further information and
guidance as to the status of applicant's license for foreign filing.

Applicants may wish to consult the USPTO booklet, "General Information Concerning Patents” (specifically, the
section entitled "Treaties and Foreign Patents") for more information on timeframes and deadlines for filing foreign
patent applications. The guide is available either by contacting the USPTO Contact Center at 800-786-9199, or it
can be viewed on the USPTO website at http://www.uspto.gov/web/offices/pac/doc/general/index.html.

For information on preventing theft of your intellectual property (patents, trademarks and copyrights), you may wish
to consult the U.S. Government website, http://www.stopfakes.gov. Part of a Department of Commerce initiative,
this website includes self-help "toolkits" giving innovators guidance on how to protect intellectual property in specific
countries such as China, Korea and Mexico. For questions regarding patent enforcement issues, applicants may
call the U.S. Government hotline at 1-866-999-HALT (1-866-999-4258).
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LICENSE FOR FOREIGN FILING UNDER
Title 35, United States Code, Section 184

Title 37, Code of Federal Regulations, 5.11 & 5.15
GRANTED

The applicant has been granted a license under 35 U.S.C. 184, if the phrase "IF REQUIRED, FOREIGN FILING
LICENSE GRANTED" followed by a date appears on this form. Such licenses are issued in all applications where
the conditions for issuance of a license have been met, regardless of whether or not a license may be required as
set forth in 37 CFR 5.15. The scope and limitations of this license are set forth in 37 CFR 5.15(a) unless an earlier
license has been issued under 37 CFR 5.15(b). The license is subject to revocation upon written notification. The
date indicated is the effective date of the license, unless an earlier license of similar scope has been granted under
37 CFR 5.13 or 5.14.

This license is to be retained by the licensee and may be used at any time on or after the effective date thereof unless
it is revoked. This license is automatically transferred to any related applications(s) filed under 37 CFR 1.53(d). This
license is not retroactive.

The grant of a license does not in any way lessen the responsibility of a licensee for the security of the subject matter
as imposed by any Government contract or the provisions of existing laws relating to espionage and the national
security or the export of technical data. Licensees should apprise themselves of current regulations especially with
respect to certain countries, of other agencies, particularly the Office of Defense Trade Controls, Department of
State (with respect to Arms, Munitions and Implements of War (22 CFR 121-128)); the Bureau of Industry and
Security, Department of Commerce (15 CFR parts 730-774); the Office of Foreign AssetsControl, Department of
Treasury (31 CFR Parts 500+) and the Department of Energy.

NOT GRANTED

No license under 35 U.S.C. 184 has been granted at this time, if the phrase "IF REQUIRED, FOREIGN FILING
LICENSE GRANTED" DOES NOT appear on this form. Applicant may still petition for a license under 37 CFR 5.12,
if a license is desired before the expiration of 6 months from the filing date of the application. If 6 months has lapsed
from the filing date of this application and the licensee has not received any indication of a secrecy order under 35
U.S.C. 181, the licensee may foreign file the application pursuant to 37 CFR 5.15(b).

SelectUSA

The United States represents the largest, most dynamic marketplace in the world and is an unparalleled location for
business investment, innovation, and commercialization of new technologies. The U.S. offers tremendous resources
and advantages for those who invest and manufacture goods here. Through SelectUSA, our nation works to
promote and facilitate business investment. SelectUSA provides information assistance to the international investor
community; serves as an ombudsman for existing and potential investors; advocates on behalf of U.S. cities, states,
and regions competing for global investment; and counsels U.S. economic development organizations on investment
attraction best practices. To learn more about why the United States is the best country in the world to develop
technology, manufacture products, deliver services, and grow your business, visit http://www.SelectUSA.gov or call
+1-202-482-6800.
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