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Applying deep learningmethods, this paper addresses depth prediction problem resulting from single monocular images. A vector
of distances is predicted instead of a whole image matrix. A vector-only prediction decreases training overhead and prediction
periods and requires less resources (memory, CPU). We propose a module which is more time efficient than the state-of-the-art
modules ResNet, VGG, FCRN, and DORN.We enhanced the network results by training it on depth vectors from other levels (we
get a new level by changing the Lidar tilt angle).%e predicted results give a vector of distances around the robot, which is sufficient
for the obstacle avoidance problem and many other applications.

1. Introduction

Depth prediction is an ill posed problem, but it is useful in
many applications because it is cheap and easy to modify the
hardware and software. It is used in many applications such
as autonomous driving, obstacle avoidance, and object de-
tection. Usually, a depth image is predicted, i.e., the grey
color in every pixel of the output is equal to a real-world
depth. Alternatively, a cloud of points is predicted using a
Lidar system. In some applications, it is enough to use a 2D
Lidar to collect depths. %erefore, we suggest shaping the
output as a depth vector, i.e., a vector that contains distances
around the robot in a fixed step.

We suggest training on depth vectors. %ese vectors are
chosen as targets to obtain less complex models. We suggest
training on multiple levels to increase the accuracy by accu-
mulating the experience. We suggest a small CNN (4 layers) to
solve the problem in real time (40 FPS). Depth vectors are not
commonly used in image-related problems, and to our
knowledge, there is no CNN (convolutional neural network)
that has been evaluated for depth vector. %erefore, we tested
many networks such as VGG, ResNet, FCRN, and DORN.

2. Related Works

Depth prediction using single image witness a success with
Saxena et al. [1] in 2005 using MRF (Markov random field).

%ey continued to develop the idea where they built a 3D
scene from single image [2], while others used semantic
segmentation [3] and CRF (conditional random field) [4].

After the unexpected results of AlexNet [5] in 2012 for
image classification, CNNs become popular in image-related
problems, including obstacle detection, super pixels, super
resolution, semantic segmentation, normal predictions, and
depth prediction.

Depth prediction with CNNs was started by Eigen et al.
[6] in 2014 by predicting a rough image matrix of distances
and then refining it by the original image to get a better
prediction. Later in 2014 [7], they used another network to
handle many image-related problems. In 2016, Laina et al.
[8] used encoder-decoder structure and fully convolutional
network for this task.%ey first decoded the image by ResNet
and then used up-projection to get the depth predictions. In
2016, Cao et al. [9] dealt with the depth prediction as a
classification problem. %is method gives confidence for
each class but suffers from the output discretization. In 2018,
Fu et al. [10] used ordinal classification to predict the depth
image and got results outperforming othermethods. In 2019,
Ren et al. [11] fused the regression and ordinal classifications
to get better results.

Depth prediction was also solved as an unsupervised
problem: from stereo images in 2016 [12, 13] and from
sequential images in 2017 [14]. In 2019, Wang et al. [15, 16]
used unsupervised learning to predict a depth image and
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then projected it to a cloud in a 3D space and used the cloud
for obstacle detections and got results similar to the real
Lidars. In 2017, Kuznietsov et al. [17] used semisupervised
learning by using two loss functions, one predicts depths
from two images as unsupervised and the other predicts
depth from real distances as supervised to get a better result
than using just one of them.

In 2014, Liu et al. [18] used the CRF as preprocessing and
then they used a CNN to get a good depth prediction. CRF with
CNNs continues to be developed by [19, 20].In 2018 [21], the
affinity learned was used to enhance the predictions by using the
neighbouring pixels and recursive training to shift the pixels
towardbetter values.%ismethod gives a highdetail depth image.

In 2015, Wang et al. [22] solved the semantic segmen-
tation with the depth prediction using CNN as a joint
problem to reach better results than by solving one of them
alone. In 2018, Ramirez et al. [23] used semisupervised
learning to solve jointly depth prediction with semantic
segmentation. In 2019, Zhan et al. [24] solved it jointly with
surface normal prediction. Joint problems for depth pre-
dictions appeared first by Ladický et al. [25] in 2014 without
using CNNs by building a pyramid of the image and then
predicting the correct scale factor to a predefined canonical
depth using traditional features. Although this method gives
better results to depth prediction and obstacle labelling than
solving every problem alone, it needs a lot of resources.

Fusing sensors to get better depth predictions was used
lately. In 2017, Ma et al. [26] benefited from knowing sparse
depths and the image to get a dense depth image. In 2019, Xia
et al. [27] gave a general model which could benefit from any
known depth in the image to enhance the overall predictions.
%is method also gives a confidence image for the predictions.

Working at the stage of sensor is also used for depth
prediction: OPA (offset pixel aperture) also called DP (duel-
pixel) cameras [28]; these cameras have spilt green pixels to
two halves that could be used for depth estimation com-
bining with machine learning for enhanced estimations
(with a single camera [29] and with a stereo [30]). Analog
pixel-to-pixel conversion is used for object and motion
detection [31]. It works on pixels before they get digitalized.
For analog videos, a different CNN (cellular nonlinear (or
neural) network) [32] is used for image segmentation [33],
motion detection [34], and other applications. Cellular
nonlinear networks use analog and logic circuits to process
the video in real time.

It is hard to categorize the algorithms used for this depth
prediction. However, we have identified the following cat-
egories as in Figure 1:

(i) Learning-based problems: supervised, unsuper-
vised, and semisupervised.

(ii) Based on target continuity: regression, classification,
and ordinal classification.

(iii) Based on preprocessing: with CRF, end-to-end, and
other.

(iv) Based on input type: single image, stereo, and video.

(v) Based on target shaping: depth image and depth
vector.

(vi) Fused with other sensors: OPA (offset pixel aper-
ture), sparse Lidar cloud points, and disparity image
from RGBD cameras.

%e method we proposed is based on target shaping.
%ese techniques and others predict the depth image in

good accuracy, but they need an RGBD camera, 3D Lidar,
kinetic, or stereo (two calibrated cameras) to obtain the
targets for training.%ere are many datasets that are free and
ready to download on the Internet for depth prediction.
However, in real environments, one of the mentioned ex-
pensive sensors is needed for training and fine tuning.

We suggest using a 2D Lidar to obtain vectors of dis-
tances and consider them as targets to predict from a single
grey image. To solve the problem, we suggest a light weight
CNN which is sufficiently accurate and fast in execution.
First, we discuss the needs, and then we will show the test
results on the CNNs using a derived dataset from KITTI to
accomplish a vector depth prediction on multilayers.

%e related work to our research is limited to pseudo-Lidar.
Wang et al. [15, 16] used unsupervised learning and CNNs to
predict depth image. %e pixels are then projected on a 3D
cloud related to the Lidar system. Jeff et al. [35] predicted the
nearest point in vertical rectangles for obstacle avoidance using
reinforcement learning with usual features extraction (no
CNN). %eir results give good relative depths while we need to
predict the absolute depths. Our technique differs from theirs
because we use supervised learning to predict the exact location
of recorded points, which is related to calibration and geo-
metrical posing of the sensors. %e main benefit of our project
is to predict depth in fast manner around a robot in 2D and
create a multilayer to be near 3D. After training, cameras are
only needed to be installed on several sides of a robot more
easily than Lidars and they are cheaper.

We aim to predict a vector of depths from a single grey
image using CNNs in an end-to-end manner. We need a
robot with a camera for the input and 2D Lidar for the
output. We need to record or derive a suitable dataset.
Further, we need a suitable CPU for training and testing. We
also need to calibrate the sensors.

3. Proposed Model

We use the ASPP [36] module to get a pyramid of features
maps, which increases the filter’s field of view on the pre-
vious feature map by using dilated convolutions.

%e network is simple: it consists of 2 convolutional
layers for low level features, an ASPP layer for local and
global understanding, followed by a dropout layer, and a
fully connected layer for depth predictions. We use two
pooling layers before and after the ASPP, batch normali-
zation and ReLU after convolutions, and sigmoid at the end
of the network. Figure 2 shows the proposed network.

4. Calibration

%e main purpose here is to prove that we need a full image
or most of it and not just a small region. %e calibration also
helps specify the length of the output vector.
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Figure 1: Tree of major problems related to depth prediction.
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From equations in [37], we project Lidar points to the
image system. If we fix the distance and change the angle, the
points will form a horizontal arc. In Figure 3, we could see
that a vector of depths is projected to a large region in the
image. %is means we need a region that is equal to or larger
than this region as an input.

5. Experimental Tests

For the outdoor environment, we used the KITTI [37, 38]
dataset. KITTI provides four images for each target. %e
target is usually a depth image built by the projection from

the Lidar cloud to a single image. We only need vector
depths around the car. %erefore, we use the raw targets and
derive a vector depth. %e cloud is stored in raw format as a
spiral beginning from forward high and looping until it
reaches the earth. %e cloud map has 64 levels, but there are
many problems in the storage process. %e files have dif-
ferent sizes, because the infinites and unavailable readings
were not stored. Some sensors read data from neighbouring
sensors. We have two ways to cut a desired level. We convert
the points to spherical coordinates (r, ϕ, θ). %e first method
is by observing the difference Δϕ. When Δϕ turns negative
with a huge discontinuity π/2, we jump to another level. %e

Figure 3:%e region of targets inside the image in the KITTI dataset.%e higher arc is at 4 meters, while the lower one is at 60 meters.%ere
are 80 laser points per line.

Table 1: Results on KITTI test dataset.

Small is better Large is better
Network Params Seq Rel Abs Rel Scale invar. RMSL RMS EVAR δ3 δ2 δ1 FPS

— 0.076 0.465 0.105 0.468 0.141 0.000 0.872 0.692 0.290 —
VGG19 58.1M 0.016 0.152 0.029 0.240 0.079 0.693 0.974 0.926 0.777 12
Proposed 3.2M 0.018 0.176 0.031 0.251 0.082 0.672 0.976 0.916 0.724 40
DORN 96.8M 0.020 0.172 0.033 0.256 0.085 0.617 0.969 0.920 0.750 6
ResNet50 23.7M 0.021 0.180 0.035 0.266 0.085 0.636 0.966 0.907 0.733 21
FCRN 33.7M 0.025 0.201 0.053 0.324 0.092 0.577 0.957 0.888 0.702 10

(a)

(b)

Figure 4: Comparison between VGG19 (green) and the proposed model (red) on the KITTI testing dataset. Ground truth is in blue.
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second method is by choosing a desired θd with a small
region around it, θd ± ε, and then increasing the ϕ in fixed
step and taking the nearset θ to θd. In this paper, the second
method is used with θd � 92.8° which is near level 15. %e
nearest point at the fixed ϕ is only taken.

As opposed to depth image, when most of the image is
masked out, depth vector masks out less than 0.5%. We use
all the provided datasets including city, residential, person,
campus, and road. We distribute them amongst training and
testing sets randomly according to the drive index. %e
samples number is 38616 for training and 9273 for testing.

We tested the following networks: VGG19, ResNet50,
FCRN, DORN, and our proposed model. %e trained
ResNet50 are used as initial weights for FCRN. We use
berHu loss function [8] for all networks, except DORN,
which uses ordinal classification [10]. Adam optimizer is
used with a learning rate 1e− 4 and decay coefficient 1e− 5.

%e images are resized to 160 × 96 and then cropped to
160 × 64, while the output labels per image are 80 laser
points and the batch size is 64.

Table 1 shows the results. We note that VGG19 gives the
best accuracy in most terms, but it is slow and consumes a lot
of memory.%e proposed network has the highest frame rate
(40 FPS) and needs less memory. DORN gives good results,
especially at low ranges, but it is very slow and consumes a
lot of memory.

To show the results, we projected the targets and pre-
dicted distances (as points) to the input images. In spherical
coordinate, target distances r ∈ [4m, 80m], ϕ ∈ [−40°, 40°],
and θ � 92.8°.We also plotted the polar and forward views of
these points.

In Figure 4, the 1st sample, the proposed model, predicts
people’s depths better than the VGG19. However, it still fails
to predict the small road sign on the left. %e car, two
persons, and a road lamp appear as 4 local minima. In the
2nd sample, the high discontinuity in the labels is filtered by
the networks.

We used the trained proposed networks to train two
further networks to predict level 10 (90.8°) and level 20
(94.8°). We obtained better results than expected. %en, we
retrained on level 15 by taking level 10 network as initial
weights. %e network with these 3 stages of training yielded
better results than using a single stage of training. Usually,
more targets lead to better results; but this way, we could
accumulate the experience of multiple levels on one level and
get results near the depth image results. In fact, the whole
network is used to predict this small depth vector instead of
the whole image matrix. Figure 5 shows some results on
samples from the testing dataset. As a result, we could build a
3D Lidar from a 2D Lidar by tilting its angle, collecting a new
dataset, and training a small network with it.

6. Conclusion

We conclude that we can build a 2D Lidar from a camera.
We could generalize a 2D Lidar to a 3D Lidar. We benefit
from training on multiple levels to boost a depth vector
prediction on a certain level. In general, cameras are cheaper
than Lidars and easier to handle with software. %ey can be
installed more comfortably.%e transformation matrix from
the Lidar system to the camera system is stored inside the
model. Only a camera calibration is needed when using a

(a)

(b)

Figure 5: Displaying multilayer prediction for the proposed model (green, orange, and red) on the KITTI testing dataset. Ground truths are
in blue. Level 10 is the higher one.
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new camera. %e results are affected slightly by changing the
camera’s height or angles slightly. We have better syn-
chronization because we predict the depths for each image,
instead of synchronizing each image with the corresponding
Lidar points. In general, CNNs have 2 main parts: the en-
coder and the decoder. %e encoder does not change when
predicting depth vector, but the decoder becomes much
smaller and faster to learn and test. We cannot predict points
at the extreme left and extreme right of the image, because
the labels with very small distances could be outside the
image. Finally, we were able to perform depth predictions
with a small network (4 layers) and achieve good perfor-
mance in terms of accuracy and execution time using a CPU.
VGG gives remarkable accuracy compared to other net-
works as well as for DORN, but with lower execution time
and more memory consummation.

Future work includes using the trained models on one
level and a camera to obtain better predictions on all levels as
unsupervised learning.

Data Availability

%e data used in this study are available at the following
website, source code: https://github.com/NadimArubai/
BuildingARealtime2DLidarUsingDeepLearning. %e KITTI
dataset is available at http://www.cvlibs.net/datasets/kitti/.
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