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Abstract

Estimating depth from a monocular camera is a must for many
applications, including scene understanding and reconstruction, robot
vision, and self-driving cars. However, generating depth maps from
single RGB images is still a challenge as object shapes are to be
inferred from intensity images strongly affected by viewpoint changes,
texture content and light conditions. Therefore, most current solu-
tions produce blurry approximations of low-resolution depth maps. We
propose a novel depth map estimation technique based on an autoen-
coder network. This network is endowed with a multi-scale architecture
and a multi-level depth estimator that preserve high-level information
extracted from coarse feature maps as well as detailed local informa-
tion present in fine feature maps. Curvilinear Saliency (CS), which
is related to curvature estimation, is exploited as a loss function to
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boost the depth accuracy at object boundaries and raise the perfor-
mance of the estimated high-resolution depth maps. We evaluate our
model on the public NYU Depth v2 and Make3D datasets. The pro-
posed model yields superior performance on both datasets compared
to the state-of-the-art, achieving an accuracy of 86% and show-
ing exceptional performance at the preservation of object boundaries
and small 3D structures. The code of the proposed model is pub-
licly available at https://github.com/SaddamAbdulrhman/MDACSFB.

Keywords: Monocular depth map estimation, deep autoencoders, multiscale
networks, curvilinear saliency.

1 Introduction

Ground Truth Our ModelInput Image

Fig. 1 Comparison of estimated depth maps: input RGB images, ground-truth depth
maps, estimated depth maps with the proposed model.

Depth map estimation from a single intensity image is an innately chal-
lenging task since multiple 3D shapes can project into a same 2D image. Scene
depth estimation plays an essential role in computer vision as it leverages the
perception and understanding of natural 3D scenes. This is beneficial for many
applications, such as industrial robots [27], self-driving cars [26], augmented
reality [28], 3D reconstruction [63], human activity recognition [49], and other
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fields. In addition, estimating a depth map from a single image is crucial for
determining the 3D pose of the objects present in a scene.

Estimating depth maps (also known as depth images) from a monocular
camera is not new. Numerous works have been proposed based on monocular
cues extracted from RGB images, such as texture variations and image gradi-
ents [15, 16]. Recently, with the outstanding progress of deep learning, several
methods based on deep networks have been proposed for 3D shape generation
from a single color image of an object [13, 21]. Different deep models are typi-
cally used for image-to-image translation in order to learn the mapping among
multiple domains, such as Fully Convolutional Networks (FCN) [7], U-Net
networks [5], and Generative Adversarial Networks (GAN) [23, 59, 59]. The
majority of deep network models for depth map estimation are trained from
RGB images and the corresponding depth images captured by range cameras
or LiDAR sensors [1, 10].

Feature aggregation is beneficial to generate more accurate depth maps by
integrating into a single feature map the response maps obtained at differ-
ent scales. Various feature aggregation approaches have been proposed, such
as the method presented in [25]. It applies a feature pyramid to aggregate
multiple-scale features through a fusion network. The latter can integrate the
features extracted by several encoder layers through adaptive fusion mecha-
nisms that aggregate coarse depth maps in order to predict fine depth maps.
In [57], the authors introduce the side prediction aggregation method for fast
monocular depth-map estimation. The proposed network enhances the embed-
ding of scene structural information from low-level to high-level layers. They
apply continuous spatial refinement loss at multiple resolutions to improve the
accuracy of their prediction model. Besides, the proposed model can further
perform adversarial learning at multiple resolutions with minor additional com-
putation. In [61], the authors combine different super resolution methods by
applying semantic information in order to build an adaptive group-structured
sparse representation approach that makes full use of non-local dependency
information of external HR references. Furthermore, the model proposed in
[54] addresses the problem of monocular human depth estimation via pose esti-
mation. They use PoseNet and DepthNet to estimate keypoint heat maps and
a depth map, respectively. They introduce a feature blending block to make
the networks learn to predict depths more accurately by adding the pose infor-
mation extracted by PoseNet and the features extracted by DepthNet into the
next layer of DepthNet.

The present work proposes an autoencoder network, a cutting-edge tech-
nique for image-to-image translation, as a baseline network for predicting a
depth map from a single color image. Our work is close in spirit to that
of [14, 17] in the sense that we also make use of a deep learning approach
to estimate depth maps from a single image. The proposed model is based
on an autoencoder network with skip connections, a multi-level depth estima-
tor included in the decoder network, and a loss function based on Curvilinear
Saliency (CS) [19]. All those components are integrated into a single pipeline
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to estimate depth maps from a monocular camera. Our method is promising
since it can estimate depth maps for both indoor and outdoor scenarios. In
addition, it yields results with a high precision rate and an acceptable com-
putational cost compared to the state-of-the-art. Our results show that the
proposed model yields high-resolution depth maps that preserve object bound-
aries and small details with high accuracy. Fig. 2 shows the proposed depth
map estimation framework. The main contributions of this paper are:

• We propose a deep autoencoder for depth estimation based on the SENet-154
network introduced in [47]. Thus, the encoder’s backbone is SENet, which
integrates Squeeze and Excitation (SE) blocks into the ResNeXt-152 net-
work presented in [50]. The ResNeXt-152 used in this work was defined with
cardinality 64 and bottleneck width 4D. SENet helps the autoencoder to
exploit the split-transform-merge strategy by aggregating a set of transfor-
mations applied to the input features. Moreover, the representational power
of the autoencoder is improved by performing dynamic channel-wise feature
recalibration through SE blocks.

• We propose the integration of a depth-map predictor at every layer of the
decoder network in order to refine the final estimated depth map by pre-
serving global information present in the coarse feature maps as well as
detailed local information contained in the fine feature maps. Correspond-
ing feature maps from the encoder are concatenated in the decoder with the
up-sampled depth predictions and the deconvolution of the feature maps fed
by the previous decoder layers.

• We propose Curvilinear Saliency (CS), a curvature estimator introduced
in [19], as a loss function aimed at enhancing depth map edges.

The rest of the paper is organized as follows. Section 2 summarizes the
related work. Section 3 details the proposed method to estimate depth maps
from single color images. Section 4 describes the network training procedure.
Section 5 presents experimental results and the obtained performance. Finally,
Section 6 concludes this work, suggesting future research lines.

2 Related Work

This section presents a short review of previous work related to monocu-
lar depth map estimation through both classical computer vision and deep
learning, autoencoder networks and curvilinear saliency.

2.1 Depth Map Estimation

Depth map estimation from a single RGB image keeps being a very challenging
task due to the limited availability of information and inherent ambiguity.

The problem has attracted a lot of attention over the past years, lead-
ing to a wide variety of approaches. Many of those solutions are based on
classical computer vision. For example, [29] proposes a method for met-
ric depth estimation for UAVs by combining computer vision and odometry
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with unsupervised machine learning. In turn, [30] applies traditional Struc-
ture from Motion (SfM) in order to reconstruct the 3D structure of the
scene and estimate the camera motion from potentially extensive image col-
lections even covering whole cities. These classic methods apply a relatively
long sequence of stages. They start with the registration of consecutive images
by finding correspondences between geometric features extracted from the
images through well-known techniques such as [31]. These methods model
hand-crafted features to infer depth information, but those features lack gen-
erality across different real-world scenes. Hence, classical approaches have
considerable difficulty to yield reasonable accuracy.

Given the significant progress of deep learning, several approaches based
on deep networks have successfully been proposed to predict depth maps from
single images. For instance, [25] introduced SynSin, an end-to-end model to
perform single image view synthesis. The authors used the well-known UNet
network model [5], with eight down-sampling and up-sampling layers followed
by a sigmoid layer and a renormalization step to yield a final predicted depth
map. However, this may fail to preserve the scene’s structure accurately. In [11],
the authors presented a framework for depth and surface normal estimation
from a single image. It consists of a regression stage using a deep CNN model to
learn the mapping from multi-scale image patches to depth or surface normal
values at the super-pixel level. The SLIC algorithm proposed in [6] was used
to obtain the super-pixels. [6] then refined the estimated super-pixel depth
or surface normal to the pixel level by exploiting the potentials on the depth
or surface normal maps. It considers a data term, a smoothness term among
super-pixels and an auto-regression term characterizing the local structure of
the estimated depth map. A three-layer CNN network trained with a per-
pixel Euclidean loss was presented in [9] to transform the given color image
into a geometrically meaningful output image. In addition, this method uses
Conditional Random Fields (CRF) as a loss layer to enforce local consistency
in the output image.

Recently, by benefitting from the capability to capture context information,
the model proposed in [55] applies an end-to-end unsupervised deep learning
framework based on an encoder-decoder network for monocular depth-map
estimation. That method integrates attention blocks to explore more general
contextual information among the feature volumes, as well as a multi-wrap
loss function to further improve the original disparity estimation from the net-
work. Alternatively in [58], the authors propose a semi-supervised method that
combines the advantages of both supervised and self supervised approaches.
That method addresses the problem of monocular depth-map estimation by
using a small number of image depth pairs. They apply a generator and
two discriminators. The generator network estimates depth whereas the two
discriminator networks inspect the estimated depth-image pair and depth,
respectively. Although the detection performance of salient objects from a sin-
gle color image is improved, it is still challenging to yield satisfactory results
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for images with cluttered backgrounds. Unfortunately, semi-supervised train-
ing does not always guarantee good performance, as these networks are unable
to correct their bias and require additional domain information, such as cam-
era focal length and sensor data. In [60], a novel regularizer loss function for
monocular depth-map estimation is proposed. It is adaptively learned by a
tiny CNN Regularizer Net in an adversarial way. It could further replace the
hand-crafted gradient loss and normal loss functions. Although the method
preserves far richer geometric details and more accurate object boundaries, it
still requires a long time to converge and sometimes presents instability prob-
lems during the adversarial training process. In our previous work [36], we
proposed a deep learning model to estimate a depth map of an object depicted
in a single image. That map is then used for predicting the 3D pose of the
object. The proposed model consists of two subsequent autoecoder networks
based on a Generative Adversarial Neural network (GAN). The main disad-
vantage of this model is that it assumes a cross-domain training procedure for
3D CAD models of objects appearing in real photographs, not for the complete
scene.

In turn, [39] developed a deep ordinal regression network for monocular
depth estimation by training the network with an ordinary regression loss. A
multi-scale network structure was adopted to avoid unnecessary spatial pooling
and capture multi-scale information in parallel. However, this method pro-
duces sharp discontinuities in the object shapes. In [40], the authors proposed
a method for monocular depth map estimation based on two stages: a dense
feature extractor and a depth map generator. The first stage extracts features
from the input image while keeping dense feature maps. An attention mecha-
nism was integrated into the depth map generator to fuse multi-scale features
maps. Although this model can preserve the structural details of the scene
depth, it still lacks precision for complex objects. Finally, new proposals have
emerged for depth map estimation from a single image based on CNNs [8, 14].
In particular, [8] introduced a residual network to solve the problem of esti-
mating the depth map from a given single RGB image. They also introduced
the reverse Huber loss and newly designed up-sampling modules. The model
is composed of a single architecture trained end-to-end.

The aforementioned deep learning approaches have been proven to yield
the most accurate results. In this line, we propose a method based on a deep
network model for estimating depth maps from single color images. Our model
differs from previous work in which it successfully keeps the scene’s structure
for both indoor and outdoor scenarios, showing significant performance in the
preservation of the boundaries and small structures of objects.

2.2 Autoencoder Networks

Autoencoders play a fundamental role in deep learning for image-to-image
translation and other related tasks. They learn to map data from a domain
A to a domain B. These models are usually trained by minimizing a recon-
struction loss function that measures the difference between the reconstructed
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output and its ground-truth. Recently, autoencoders have been applied to
many vision-related problems, such as image reconstruction [32], image reg-
istration [33], image segmentation [34], Human health posture [56]. Thus,
they are also advantageous for depth map estimation. In addition, they have
been used with great success for both supervised and unsupervised tasks,
such as [35–38]. The main advantage of autoencoders is that they provide a
deep model directly based on the input data rather than on predefined filters.
Besides, they reduce the dimensionality of the data used for training.

We apply an autoencoder network for depth map estimation as shown in
Fig. 2. It is based on the SE-ResNet model (Fig. 3) to capture latent spatial
structures of the input images for both the training and inference models.

2.3 Curvilinear Saliency

A depth map is an image that represents information about the distance
between the 3D surfaces present in a scene and the camera. The quality of a
depth map must be assessed based on geometrical cues extracted from it. Most
approaches [48, 51] compare the gradients of their estimated depth maps with
the ground-truth through a loss function in order to train their deep models.
However, using such gradients as a quality measure is not accurate enough
[18, 20, 22]. Indeed, it is essential to detect valleys and ridges related to curva-
ture measurements where the camera and the light source are in the same (or
opposite) direction. Those features have the advantage of representing both
outer and inner (self-occluding) contours of the scene objects, which are useful
for estimating the pose and viewpoint.

Consequently, robust valley and ridge detectors can improve the training
process of deep models aimed at depth map estimation. In previous work, we
proposed the Curvilinear Saliency (CS) detector [20, 22] for extracting the
surface discontinuities of the objects in a scene. It extracts geometrical features
that are robust to light and viewpoint changes. We apply CS features through
a loss function in order to improve the network’s performance by boosting the
depth estimation accuracy under the extrinsic characteristics associated with
the color image acquisition, such as the camera pose and light conditions.

3 Proposed Method

This section describes the main stages of the proposed method to estimate
a depth map from a single RGB image, as well as the tools and resources
used in this work. Fig. 2 shows an overview of the proposed network model.
Its main component is an autoencoder network with skip connections that
applies a multi-level depth predictor in the decoder. The performance of the
autoencoder is improved by applying a loss function based on CS features. We
formulate the problem in subsection A. In the remaining subsections, we detail
the proposed method.
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Fig. 2 Overview of the proposed deep network model.

3.1 Problem Formulation

Let A ∈ A be a 2D color image. The problem of generating its corresponding
depth map, B ∈ B, can be formally stated as the definition of a function
f : A → B that maps elements from domain A to elements in its co-domain B.
We introduce an efficient deep learning-based system for depth map estimation
from a single RGB image. Specifically, we propose an autoencoder network
that consists of two consecutive networks: an encoder and a decoder. The
decoder D estimates a depth map B̂ from the latent representation generated
by the encoder E when applied to the given color image A: B̂ = D(E(A)). A
loss function CS(B, B̂) is used to compare the estimated depth map B̂ with
the ground-truth B. The next subsections describe the architecture of our
proposed system in detail.

3.2 Network Architecture

Fig. 2 shows an overview of our autoencoder network for depth map estimation.
It is composed of an encoder and a decoder. The encoder is fed with an RGB
image and transforms it into a latent representation of high-level features. The
decoder then maps that latent representation to a depth map.

3.2.1 Encoder

Inspired by [14], the input RGB image is encoded into a latent representation
by applying the first four blocks of the SENet-154 network [47] pre-trained on
ImageNet [41]. SENet-154 applies a multi-scale and multi-crop fusion strat-
egy for extracting rich high-level features from the input images. It integrates
Squeeze-and-Excitation (SE) blocks into a modified version of ResNeXt-152,
which is an extension of the ResNeXt-101 model by following the block stack-
ing of ResNet-152. Fig. 3 shows the structure of a single SE block integrated
into the ResNet residual block. ResNeXt derives from ResNet by aggregating
the output of multiple bottleneck residual blocks defined in a low-dimensional
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Fig. 3 Scheme of SE-ResNet modules [47]. Reduction ratio r set to 16.

embedding (1×1 and 3 × 3 convolutions are applied to 4 instead of 64 chan-
nels), as shown in Fig. 4. The main parameters of ResNeXt are 1) the number
of aggregated residual blocks, referred to as cardinality, and 2) the number of
channels processed in each residual block, referred to as depth (see Fig. 4). In
this work, we set cardinality to 64 and depth to 4. Higher cardinality yields
a more accurate representation of the input images and raises accuracy, as
explained in [47].

The proposed encoder is fed with input RGB images of 480×360 (width×
height) pixels (see Fig. 2). Its first convolutional block generates 128 feature
maps (channels) of size 240×180. In turn, the second block outputs 256 feature
maps of size 120 × 90. The third block generates 512 feature maps of size
60 × 45. Finally, the last block gives 1024 coarse-level feature maps of size
30× 23, which constitute the encoder’s latent representation.

3.2.2 Decoder

The decoder network consists of four convolutional blocks as shown in Fig.
2. The first block applies a 3 × 3 convolution with stride 1 to the channels
generated by the encoder network in order to project the high-level features
extracted by the encoder across channels. The resulting feature map is fed into
a Multi-level Depth Map Estimator (MDE) described in the following subsec-
tion, which predicts a coarse depth map of size 23× 23× 1. That depth map
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Fig. 4 Left: bottleneck residual block of ResNet [52]. Right: residual block of ResNeXt with
cardinality 64, depth 4, and roughly the same complexity [47]. Every layer is depicted as (#
in channels, filter size, # out channels).

is concatenated with the feature map generated by the initial convolution.
The result is upsampled to the spatial resolution of the next decoder’s block
through 2×2 bilinear upsampling [42]. The upsampled feature map is concate-
nated with the output features of the corresponding block from the encoder
(skip connection) before feeding it to the next convolutional block.

The next two convolutional blocks apply two consecutive 3 × 3 convolu-
tions with output channels set to half the number of input channels in order to
improve the representation of the input feature map. A LeakyReLU activation
function [12] with α = 0.2 is applied to the output of the second convolution for
speeding up the training process. The feature map generated by every activa-
tion function is concatenated with the output of its corresponding MDE layer
to predict a finer multi-scale depth map. The resulting feature map is rescaled
using 2× 2 bilinear upsampling and then concatenated with the features from
the corresponding encoder block.

The last convolutional block of the decoder generates the final depth map.
Similarly to the previous decoder’s blocks, it consists of two consecutive 3× 3
convolutions with output channels set to half the number of input channels,
followed by a LeakyReLU with α = 0.2. A 1 × 1 convolution is applied for
adapting the filter space dimensionality to the size of the required depth maps.
A 2 × 2 bilinear upsampling is then applied for upscaling the feature maps.
The output of the decoder network is a depth map of size 240× 180 for NYU
Depth-v2 and 86× 115 for Make3D.

3.2.3 Multi-level Depth Map Estimator

In order to learn the scale-aware depth map context by leveraging context-
aware spatial features extracted at different scales, Multi-level Depth map
Estimators (MDEs) are applied within the decoder as shown in Fig. 2. MDEs
help preserve object structure detail and thus yield crisp boundaries, especially
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in complex environments. In particular, an MDE layer is included in the first
three convolutional blocks of the decoder. The MDE in the first decoder’s
block is fed with the output of its 1× 1 convolutional layer, whereas the next
two MDEs are fed with the result of their respective LeakyReLU functions.
An MDE consists of a 1 × 1 convolution with a single channel followed by a
ReLU activation function. The output of every MDE is concatenated with its
input feature map and then rescaled through 2× 2 bilinear upsampling prior
to feeding the result into the next decoder’s block.

4 Network Training

The majority of depth-map estimation methods compare the depth maps they
generate with their corresponding ground-truth by means of differentiation
operators that approximate the local 2D gradients, such as the Sobel filter.
Alternatively, we propose the use of the Curvilinear Saliency (CS) described in
the previous section in order to highlight the geometry of objects with disregard
of texture and light changes. In particular, the proposed autoencoder has been
trained by aggregating two loss functions: the CS loss and the content loss.
The CS loss accounts for the dissimilarity between the curvilinear features of
both the estimated B and real (ground-truth) B̂ depth maps. In turn, the
content loss follows a classical approach in which the estimated depth maps are
compared with their corresponding ground-truth in an element-wise fashion.

4.1 Curvilinear Saliency Loss

The proposed CS loss function compares the curvilinear saliency of both the
estimated and ground-truth depth maps. CS features [19] allow us to approx-
imate the curvatures of depth maps, being able to assess the quality of the
generated estimations in terms of representation fidelity of surface edges and
discontinuities. The features extracted by CS have several advantages, espe-
cially when extracting the local structure of the points of interest. In addition,
these features are invariant to viewpoint changes and transformations that do
not change the shape of the surface. CS depends on the principal curvatures,
which are decisive parameters that fully describe a local surface shape. CS
provides a unified way of treating ellipses and hyperbolas with real conics,
concave, convex, saddle-shaped and parabolic. The CS loss thus behaves as an
edge-aware error function.

A depth map (also known as depth image) B(x, y) associates every element
(x, y) with a z-coordinate (depth) related to the distance from a certain 3D
surface point to the camera coordinate frame. Let D be the 3D surface repre-
sented in B(x, y). Every 3D point D ∈ D can be defined as: D = [x, y,B(x, y)].
CS aims at detecting local surface discontinuities by means of the maximum
principal curvature (κ1) in one direction and the minimum principal curvature
(κ2) in the orthogonal direction. CS uses the difference between both princi-
pal curvatures (κ1 − κ2) to represent the ridges and valleys present in depth
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maps. Let N̂(x, y) be the unit normal vector of D at point D:

N̂ = Dx ×Dy = α

[
∇B
1

]
,

where the gradient of B at D is ∇B = [Bx, By]
T , and α = 1/

√
1 +∇B2. Since

the two columns of the Jacobian matrix JD of D are Dx = [1, 0, Bx]
T , and

Dy = [0, 1, By]
T , the first fundamental form of D at D can be computed as:

ID = I2×2 +∇B∇BT ,

where I2×2 is the 2× 2 identity matrix.
In turn, the second fundamental form of D at D can be obtained as:

IID = αHB ,

where HB is the Hessian of B, which represents the second-order partial
derivatives of B along the x and y directions.

As explained in [19], the principal curvatures of D at D, {κ1, κ2},
correspond to the eigenvalues of M = I−1

D IID:

M =

[
(B2

y + 1)Bxx −BxByBxy (B2
y + 1)Bxy −BxByByy

(B2
x + 1)Bxy −BxByBxx (B2

x + 1)Byy −BxByBxy

]
.

Let λ1 and λ2 be the eigenvalues of M obtained as:

λ± =
1

2
[−trace(M)±

√
trace2(M) + 4 det(M)],

where trace is the sum of elements in the main diagonal of M , det is the
determinant of M , and λ1 = λ+, λ2 = λ−. Finally, CS is defined as:

CS = κ1 − κ2 = (λ1 − λ2)∇B.

For every depth map we can generate a CS image as shown in Fig. 5. The
CS loss function between the estimated depth map B̂ and its ground-truth B
is defined as the mean squared error of their respective CS images:

LCS(B, B̂) =
1

wh

w∑
x=1

h∑
y=1

[CSB(x, y)− CSB̂(x, y)]
2,

where w and h is the width and height of the depth maps, respectively.

4.2 Content Loss

The content loss measures the similarity between the shape of the estimated
depth map B̂ and its ground-truth B by means of three separate loss functions
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Fig. 5 Color images (Row 1), associated depth images (Row 2) and their corresponding
CS images (Row 3).

that are added together. The first loss function is the point-wise L1-norm
defined on the depth values:

LL1(B, B̂) =
1

wh

w∑
x=1

h∑
y=1

|B(x, y)− B̂(x, y)|.

The second loss function is the structural similarity index measure (SSIM).
It is a method for predicting the perceived quality of digital images by mea-
suring the similarity between them. In this case, the SSIM index is computed
between B and B̂:

LSSIM (B, B̂) =
1− (2µB̂µB+c1)(2σB̂B+c2)

(µ2
B̂
+µ2

B+c1)(σ2
B̂
+σ2

B+c2)

2
,

where µB̂ and σB̂ are the mean and standard deviation of B̂, respectively, µB

and σµB
are the mean and standard deviation of B, respectively, σB̂B is the

covariance of B̂, c1 = 0.012 and c2 = 0.032.
The third loss function is the Mean Squared Error (MSE) between B and

B̂:

LMSE(B, B̂) =

w∑
x=1

h∑
y=1

(B(x, y)− B̂(x, y))2

wh
.

4.3 Final Objective Loss

The final training loss L(B, B̂) of the proposed autoencoder is defined as a
weighted average of the CS loss and the three loss functions that define the
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content loss:

L(B, B̂) = λLCS(B, B̂) + (1− λ)(LL1(B, B̂) + LSSIM (B, B̂) + LMSE(B, B̂)),

where λ is a weighting factor set to 0.5 in this work.

5 Experiments and Results

This section describes the experiments performed to evaluate the proposed
model, in addition to the dataset and evaluation measures used in the
experiments.

5.1 Datasets

We conducted all the experiments in this work on two publicly available
datasets: NYU Depth-v2 [24] for indoor scenes and Make3D [2] for outdoor
scenes.

5.1.1 INDOOR SCENES

NYU Depth-v2 is a public dataset that provides color images and depth maps
for different indoor scenes captured at a resolution of 640 × 480 pixels [24].
The dataset contains raw frames captured by scanning various indoor scenes
with a Microsoft Kinect: 120K frames for training and 654 for testing [10]. We
trained our network model on a subset of Depth-v2 containing 50, 000 images
as proposed in [14]. We resized all color images from 640 × 480 to 480 × 360
to feed the network. The depth maps have an upper bound of 10 meters. Fig.
6 shows some examples from NYU Depth-v2.

5.1.2 OUTDOOR SCENES

Make3D is a public outdoor dataset [2] with 400 training and 134 test images
captured through a custom-built 3D scanner. The resolution of the ground-
truth depth map is limited to 305 × 55 pixels, whereas the original size of
the RGB images is 2, 272 × 1, 704 pixels. To increase the number of training
samples, we applied the data augmentation techniques described in the next
subsection. We extended the original 400 training images to 11, 000 images.
Increasing the number of training images allowed the developed depth-map
estimation model to become more robust. Moreover, we resized all images to
460× 345 to feed the network. Fig. 9 shows examples from Make3D.

5.2 Data Augmentation

We applied the following data augmentation techniques to the images con-
tained in the Make3D dataset to increase the number of training samples under
different conditions and hence increase the diversity of the training dataset:
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• Scale: Every input image and its corresponding depth map were randomly
scaled by S ∈ [0.5,1.7].

• Rotation: Every input image and its corresponding depth map were rotated
by R ∈ [-60,-45,-30,30,45,60] degrees.

• Gamma Correction: The gamma correction of each input RGB image was
randomly varied by G ∈ [1,2.8].

• Flipping: Every input image and its corresponding depth map were flipped
by F ∈ [-1,0,1].

• Translation: Every input image and its corresponding depth map were
translated by T ∈ [-6,-4,-2,2,4,6] pixels.

Although the represented scenes were slightly warped after applying those
data augmentation techniques, we observed that the efficiency of the net-
work significantly improved compared to the model trained without data
augmentation.

5.3 Parameter settings

Our network model was trained by applying the Adam optimizer [4] with
β1 = 0.5, β2 = 0.999 and an initial learning rate of 0.0001. The latter was
reduced by 10% every 3 epochs for the NYU Depth-v2 dataset. For Make3D,
we did not reduce the learning rate during training. The best accuracy was
attained after 15 epochs. All experiments were run on a 64-bit Core I7-6700,
3.40GHz CPU with 16GB of RAM and an NVIDIA GTX 1080 GPU on Ubuntu
16.04 and the PyTorch deep learning framework [3]. The training process of the
proposed model took around 3 hours per epoch with a batch-size of 2 for NYU
Depth-v2, and around 45 minutes per epoch with a batch-size of 4 for Make3D.
In turn, the online estimation of depth maps during testing run at around
20,6 milliseconds per image for NYU Depth-v2, and around 35 milliseconds
per image for Make3D.

5.4 Evaluation Measures

The performance of the proposed model was evaluated by computing the error
between the depth values of the estimated depth map B̂ and its ground-truth
B. The threshold accuracy measure from [9] is essentially the expectation that
the depth value error of a given pixel in B̂ is lower than a threshold thrZ . It
is an indication of how often the estimated depth map is correct:

δZ = EB [F (max(
B(x, y)

B̂(x, y)
,
B̂(x, y)

B(x, y)
) < thrZ)] ,

where F (·) is an indicator function that yields 1 if the condition in its argument
is satisfied and 0 otherwise. Similarly to [9], we set thr = 1.25, and Z ∈
{1, 2, 3}.

From a quantitative point of view, the final performance of the proposed
model was assessed through three commonly-used error measures: the root
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mean squared error (rms), which provides a quantitative measure of per-pixel
error, the average relative error (rel), and the average log10 error:

rms =

√√√√ 1

wh

w∑
x=1

h∑
y=1

(B(x, y)− B̂(x, y))2,

rel =
1

wh

w∑
x=1

h∑
y=1

|B(x, y)− B̂(x, y)|
B(x, y)

,

log10 =
1

wh

w∑
x=1

h∑
y=1

|log10B(x, y)− log10B̂(x, y)|.

5.5 Results and Discussion

5.5.1 Ablation Study

Firstly, we performed an ablation study in order to assess the impact of dif-
ferent stages of the proposed autoencoder. The following configurations were
considered:

• (Baseline: BL) Basic autoencoder with three content loss functions: point-
wise L1 loss (LL1), mean squared error loss (LMSE), and structural
similarity index measure loss (LSSIM ).

• (BLSC) BL model with skip connections from the encoder layers to the
corresponding decoder layers.

• (BLSC+MDE) BLSC model with multi-scale depth-map estimator.
• (BLSC+CS) BLSC model with CS loss.
• (BLSC+MDE+CS) BLSC model with multi-scale depth-map estimator and
CS loss.

Table 1 Quantitative results of the ablation study for depth-map estimation from color
images with the NYU Depth-v2 dataset for different evaluation measures: BL, BLSC,
BLSC+MDE, BLSC+CS, and BLSC+MDE+CS configurations. Accuracy: higher is better
and Error: lower is better.

Method δZ <1.25 ↑ δZ <1.252 ↑ δZ <1.253 ↑ rel ↓ rms ↓ log10 ↓
BL 0.833 0.969 0.9928 0.14 0.532 0.056

BLSC 0.842 0.971 0.9931 0.128 0.525 0.054
BLSC+MDE 0.854 0.97 0.991 0.123 0.538 0.531
BLSC+CS 0.8531 0.973 0.993 0.123 0.529 0.527

BLSC+MDE+CS 0.8591 0.973 0.9932 0.119 0.52 0.051

Table 1 shows quantitative results of the ablation study for NYU Depth-v2.
The performance of the proposed model (BLSC+MDE+CS) yielded the best
results among other variations of the proposed model in terms of δZ , as well as
rms, rel, and log10 errors. The accuracy of δZ(thr = 1.25) improved by around
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2.5% compared to the baseline model (BL). As for the rel error, the proposed
model yielded a significant improvement of 0.021 compared to BL. Adding
multi-scale depth-map estimation (MDE) to the baseline model improved the
accuracy by 2.1% and reduced the rel error by 12%. In turn, applying CS loss
also yielded a significant accuracy improvement and a considerable reduction
in the rel error compared to BL, with 2% and 12% differences, respectively.

Table 2 Quantitative results of the ablation study for different configurations on
Make3D. Error: lower is better.

Method rel ↓ rms ↓ log10 ↓
BL 0.254 7.11 0.126

BLSC 0.212 6.85 0.117
BLSC+MDE 0.207 6.76 0.107
BLSC+CS 0.201 6.71 0.104

BLSC+MDE+CS 0.195 6.522 0.091

Table 2 shows quantitative results of the same ablation study for Make3D.
The proposed model BLSC+MDE+CS yielded the lowest errors among the
other tested configurations in terms of the rms, rel, and log10 errors.

5.5.2 Performance Analysis

Secondly, we compared the proposed model against six alternative models
from the state-of-the-art [8, 14, 39, 40, 43, 44]. In Table 3, we show evaluation
measures on NYU Depth-v2 for the seven tested approaches. The accuracy of
our proposed model was superior for δZ(thr = 1.25), δZ(thr = 1.252) and the
log10 error. δZ(thr = 1.25) shows an improvement of 0.5% compared to [8],
the best second method. With respect to δZ(thr = 1.252), our model and [14]
yielded an improvement of 1% compared to the other five methods. The model
proposed in [14] gave the best accuracy for both δZ(thr = 1.253) and rms,
but with a difference against our proposed model of just 0.0004% and 0.055%,
respectively. However, we can note that our model provided the best accuracy
for δZ(thr = 1.25), which is the most restrictive threshold. In addition, our
model scored the second lowest log10 error (0.119), only behind the model
proposed in [39], which had the best rel error with a difference of only 0.004%.
However, the proposed model outperformed the model in [39] in terms of the
other four evaluation measures.

In Fig. 6, we show qualitative results on the NYU Depth-v2 dataset for
the proposed model (BLSC+MDE+CS) and two state-of-the-art monocular
depth-map estimation methods introduced in [14] and [43]. Our model is able
to estimate more accurate depth maps that are very close to the ground-truth
and that preserve the small details of the depicted objects. In fact, our model
preserves the outline of the objects present in the scenes in such a way that
those objects can be directly recognized from the depth maps. In contrast,
object outlines appear crumbled in the depth maps generated by the other
methods.
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Table 3 Results for depth-map estimation from color images with the NYU Depth v2
dataset for different measures and state-of-the-art methods. The last row shows results
obtained with our proposed model. Accuracy: higher is better and Error: lower is better.

Method δ <1.25 ↑ δ <1.252 ↑ δ <1.253 ↑ rel ↓ rms ↓ log10 ↓
Fu et al. [39] 0.828 0.965 0.992 0.115 0.509 0.051
Laina et al. [8] 0.853 0.965 0.991 0.121 0.592 0.052
Hao et al. [40] 0.841 0.966 0.991 0.127 0.555 0.053

Ramamonjisoa et al. [43] 0.8451 0.9681 0.9917 0.1258 0.551 0.054
Alhashim et al. [14] 0.846 0.974 0.994 0.123 0.465 0.053

Tang et al. [44] 0.826 0.963 0.992 0.132 0.579 0.056
Our model 0.8591 0.9733 0.9932 0.119 0.52 0.051

Fig. 6 Input images, ground-truth depth maps and estimated depth maps with the NYU
Depth-v2 dataset: color images (Row 1), ground-truth depth maps (Row 2), depth maps
generated by Alhashim et al. [14] (Row 3), depth maps generated by Ramamonjisoa et
al. [43] (Row 4), and depth maps generated by our model (BLSC+MDE+CS) (Row 5).

One of the main strengths of the proposed method is to use CS as a fea-
ture extractor, as it is based on the principal curvatures. CS is responsible
for increasing the ability of the model to learn under different conditions,
such as (distance, illumination, and colour). Thanks to CS, the model learned



Springer Nature 2021 LATEX template

Article Title 19

the correct cardinality (i.e., object boundaries) inside the images. Of course,
no trained model will generate results better than the ground truth that it
attempts to mimic. The trained model can learn from different examples in
the dataset, including correct examples of the objects, to improve its perfor-
mance. For instance, with the NYU Depth v2 dataset, Fig. 7 shows some of
the correct examples that intervene in the training process: column 1 shows
the objects that are close to the camera, column 2 shows the objects that are
far away from the camera, column 3 shows the objects affected by strong illu-
mination, and column 4 shows the objects whose colour is similar to the one
of the background. Based on these examples, our model can learn to predict
depth even with noisy ground truth in some examples.

Fig. 7 Some correct examples of the NYU Depth v2 dataset under different conditions:
(Column 1) objects that are close to the camera, (Column 2) objects that are far away from
the camera, (Column 3) objects affected by strong illumination, and (Column 4) objects
whose color is similar to the one of the background.

To assess the overall improvement on the NYU Depth-v2 dataset, in Fig.
8, we show some examples that contain geometrically rich areas. The red box
shows the selected geometrically rich areas of the scene and the corresponding
estimated depth images. As expected, our depth-map estimation model is able
to predict accurate depth with sharp object boundaries. In addition, in order
to show quantitative results, we compute the evaluation measures (rel, rms,
log10, Accuracyδ) for the examples of rich areas shown in Fig. 8, as shown in
4. Notably, these results support the ones presented in Table 3.

Table 4 Results of the four selected geometrically rich areas shown in Fig. Accuracy:
higher is better and Error: lower is better. 8.

# δZ <1.25 ↑ δZ <1.252 ↑ δZ <1.253 ↑ rel ↓ rms ↓ log10 ↓
1 0.9098 0.9548 0.9754 0.121 0.527 0.0525
2 0.8372 0.9169 0.9645 0.132 0.543 0.0537
3 0.9405 0.9950 0.9990 0.116 0.523 0.0521
4 0.8980 0.9354 0.9698 0.129 0.532 0.0528

Average 0.896375 0.950525 0.977175 0.1245 0.53125 0.052775
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Fig. 8 Exmaples of geometrically rich areas selected from f the NYU Depth v2 test set:
(Row 1) shows the original Image, (Row 2) shows the ground-truth depth maps, (Row 3)
shows the estimated depth Image.

As for the Make3D dataset, we also compared the proposed model with
six alternative methods [9, 11, 44–46, 48]. Table 5 shows the obtained eval-
uation measures for the seven tested methods. In this case, the proposed
model performed similarly to the alternative models. However, our model gave
the lowest error for both rel and rms: rel shows an improvement of 0.081%
with respect to the other methods, whereas rms shows a significant improve-
ment of 0.468%. However, the model proposed in [44] had the lowest error for
log10, although with an insignificant improvement of 0.005% with respect to
our model. As a conclusion, our model outperformed the tested models with
significant improvements or achieved very similar results on the two datasets.

Table 5 Results for depth-map estimation from color images with the Make3D dataset
for different measures and state-of-the-art methods. The last row shows results obtained
with our proposed model. Error: lower is better.

Method rel ↓ rms ↓ log10 ↓
Kevin et al. [53] 0.361 15.1 0.148
Godard et al. [48] 0.443 11.513 0.156

Liu et al. [9] 0.314 8.60 0.119
Liu et al. [11] 0.278 7.19 0.092

Kuznietsov et al. [46] 0.421 8.24 0.190
Tang et al. [44] 0.276 6.99 0.086

Our model 0.195 6.522 0.091

For a qualitative assessment on the Make3D dataset, Fig. 9 shows the depth
maps estimated from monocular color images by our proposed model and other
state-of-the-art methods, such as [9] and [53]. The depth maps generated by
our model are depicted in Row 5. The four examples shown in Fig. 9 agree
with the results obtained for the NYU Depth-v2 dataset (Fig. 6). Indeed, the
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Fig. 9 Input images, ground-truth depth maps and estimated depth maps with the Make3D
dataset: color images (Row 1), ground-truth depth maps (Row 2), depth maps generated by
Liu et al. [9] (Row 3), depth maps generated by Kevin et al. [53] (Row 4), and depth maps
generated by our model (Row 5).

proposed model can estimate more accurate depth maps than the other tested
models for outdoor scenes even under different illumination conditions.

To further assess the performance of the proposed model, we randomly
selected images from the NYU Depth-v2 and Make3D test subsets in order
to show the ability of the proposed model to estimate accurate depth maps
(see Fig. 10 and Fig. 11). Notice that our model can produce accurate results
with high-quality depth maps. For instance, regarding NYU Depth-v2, Fig.
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10 shows that our model can generate depth maps not only better than the
other methods, but also capturing some details that are not even present in
the ground-truth. For instance, the example shown in Fig. 10-(Column 3)
depicts some baskets on the floor that appear blurred in the ground-truth.
However, they are shown in detail in the depth maps generated by our model.
In general, our model can estimate correct depth values for objects that are
close to the camera (see Column 1), for objects that are far away from the
camera (see Column 2), as well as for objects affected by strong illumination
(see Column3). The model can also detect the boundaries between objects
whose color is similar to the one of the background (see Column4).

Additional results with the Make3D dataset shown in Fig. 11 indicate that
our model can estimate correct depth values for buildings that are far away
from the camera (see Column1), as well as for trees that are close to the camera
(see Column 2). Moreover, the model is robust to shadows (see Column 3) and
distinguishes objects that have the same color and are close to each other (see
Column 4).

All in all, the depth maps generated by our proposed model
(BLSC+MDE+CS) keep the boundaries and details of the objects present in
the scene. That preservation of shape discontinuities is likely to be benefi-
cial for generating more accurate semantic maps and for improving the visual
odometry of autonomous vehicles. Furthermore, the previous results show that
our model can be trained even with noisy ground-truth depth maps. Another
remarkable point is the fact that the proposed model achieves these promising
results without applying any refinement steps.

6 Conclusion

We have introduced an efficient deep network model for estimating a high-
resolution depth map from a single color image. The proposed model is based
on an autoencoder network with skip connections between the corresponding
layers of its encoder and decoder branches. For estimating accurate depth
maps, we have proposed the introduction of multi-scale depth-map estimation
layers in the decoder branch. Moreover, the application of the Curvilinear
Saliency (CS) as a loss function during the training process has also been
proposed to enhance depth-map edges.

The performance of the proposed model has been evaluated on the NYU
Depth-v2 and Make3D datasets, obtaining promising results with a high pre-
cision rate and an acceptable computational cost. These results show that it is
feasible to estimate complex depth maps from monocular color images. Future
work aims at applying the proposed model to estimate object volumes based
on a single RGB camera.
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Fig. 10 Qualitative analysis of the proposed model with the NYU Depth-v2 dataset: color
images (Row 1), ground-truth depth maps (Row 2), depth maps estimated by Alhashim et
al. [14] (Row 3), depth maps estimated by Ramamonjisoa et al. [43] (Row 4), and depth
maps estimated by our model (Row 5).
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