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Adversarial Learning for Depth and Viewpoint
Estimation from a Single Image

Saddam Abdulwahab, Hatem A. Rashwan, Miguel Angel Garcia, Mohammed Jabreel, Sylvie Chambon and
Domenec Puig

Abstract—Estimating a depth map and, at the same time,
predicting the 3D pose of an object from a single 2D color image
is a very challenging task. Depth estimation is typically performed
through stereo vision by following several time-consuming stages,
such as epipolar geometry, rectification and matching. Alter-
natively, when stereo vision is not useful or applicable, depth
relations can be inferred from a single image as studied in this
paper. More precisely, deep learning is applied in order to solve
the problem of estimating a depth map from a single image.
Then, that map is used for predicting the 3D pose of the main
object depicted in the image. The proposed model consists of
two successive neural networks. The first network is based on
a Generative Adversarial Neural network (GAN). It estimates a
dense depth map from the given color image. A Convolutional
Neural Network (CNN) is then used to predict the 3D pose from
the generated depth map through regression. The main difficulty
to jointly estimate depth maps and 3D poses using deep networks
is the lack of training data with both depth and viewpoint
annotations. This contribution assumes a cross-domain training
procedure with 3D CAD models corresponding to objects appear-
ing in real images in order to render depth images from different
viewpoints. These rendered images are then used to guide the
GAN network to learn the mapping from the image domain to the
depth domain. By exploiting the dataset as a source of training
data, the proposed model outperforms state-of-the-art models
on the PASCAL 3D+ dataset. The code of the proposed model
is publicly available at https://github.com/SaddamAbdulrhman/
Depth-and-Viewpoint-Estimation/tree/master.

Deep learning depth prediction pose estimation generative
adversarial networks.

I. INTRODUCTION

Identifying objects and, more generally, understanding the
scene of an input image is a challenging goal in computer
vision. It is useful for many applications, such as face recogni-
tion, video surveillance and robotics. Inferring 3D shapes and
pose from a single perspective is a fundamental capability of
human vision, although a tough task for computer vision. The
appearance of an object in an image dramatically depends on
its intrinsic characteristics (e.g., texture and color/albedo), and
extrinsic characteristics related to the acquisition (e.g., camera
pose and gamma correction conditions). The appearance of
objects significantly changes with their pose [1]. Estimating
a depth map from a 2D image is an important step in order
to determine the 3D pose of the objects present in a scene.
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In general, estimating a 3D pose requires the solution of two
problems: (1) generating the best depth image from a single
image, (2) estimating the correct pose of the main object in
the 3D scene.
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Fig. 1: Proposed framework for simultaneous depth and 3D
viewpoint estimation (Azimuth, Elevation,Distance), in the test
stage.

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 [2], [3]. These methods use different deep models
for image-to-image translation to learn the mappings among
multiple domains, such as Fully Convolutional Networks
(FCN) [4], U-Net networks [5], and Generative Adversarial
Networks (GAN) [6], [7]. Furthermore, Convoultional Neural
Networks are also used for estimating 3D poses [8], [9]. The
majority of deep network models for depth and viewpoint
estimation are trained with input color images and depth
images captured with depth cameras or LiDAR sensors [10],
[11]. However, LiDARs are very costly, and most depth
cameras have serious limitations in real environments, such as
the synchronization of the optical and imaging elements [12].

In this work, we propose to use a GAN network, a cutting-
edge technique for image-to-image translation, as the baseline
network for predicting a depth image from a single color im-
age. However, with the lack of annotated training data for both
depth images of objects and 3D poses, we propose a cross-
domain training model [13]. In particular, we use 3D CAD
models for rendering depth images from different viewpoints.
The obtained depth images and their pose information are used
to train the proposed network. Consequently, the proposed
model consists of two successive networks. The first network
(RecDGAN) estimates a depth image from the input image.
This network embodies two generators and one discriminator.
The first generator learns to map the RGB image domain
into the depth domain. In order to enforce that the generated
depth image be an image-based representation of the input
RGB image, the second generator reconstructs the original
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RGB image from the generated depth image by using a
reconstruction loss function [14]. To make the generated depth
image closer to the depth domain, a discriminator is trained
with a GAN loss. In turn, the second network (VPNet) is a
regression CNN network that predicts the 3D pose of the main
object depicted in the input image (i.e., elevation and azimuth
angles along with the distance from the camera to the object).
The two networks are integrated into a single pipeline to solve
the two problems of depth and pose estimation simultaneously.
Fig.1 shows the proposed framework for simultaneous depth
and 3D pose estimation.

To the best of our knowledge, this work is the first attempt to
use a cross-domain training deep network model for estimating
both the depth and 3D pose of the main object depicted in a 2D
image. The main contributions of this paper are the following:
• The design of a GAN network with a loss function for

feature matching that allows the system to generate a
dense depth image from a single 2D color image of an
object.

• A novel regression network to predict the 3D pose from
the generated depth image.

• The integration of the two networks into a single pipeline
to solve the problems of generating a depth image and
estimating the 3D pose from a single color image.

This paper is organized as follows. Section 2 describes the
related work in this field. Section 3 describes the proposed
methodology to estimate a depth image and its 3D pose using
both RecDGAN and VPNet. Section 4 describes experimen-
tal results and the obtained performance. Finally, Section 5
concludes this work, suggesting future lines of research.

II. RELATED WORK

In this section, we present a quick review of previous works
related to depth estimation and 3D pose estimation from a
single image by using classical computer vision techniques and
deep learning techniques. To our knowledge, no methods have
been proposed so far to estimate both features simultaneously
like our model. Thus, the previous work is divided into two
parts related to these sub-problems: 1) depth estimation, 2)
viewpoint estimation.

A. Depth Estimation

This subsection focuses on accurate methods to solve the
depth estimation problem. The start with, the work presented
in [15] proposes a fully automatic 2D-to-3D integrated face
reconstruction approach to reconstruct a personalized 3D face
model from a single frontal face image with a neutral ex-
pression and normal gamma correction. The reconstructed 3D
faces are then used for face recognition. However, this method
cannot effectively improve the recognition performance of
near-profile views due to the unreliable synthesis of the profile
virtual views. This indicates that the facial features on the
frontal views are not associated with the height information
of face shapes [16].

In [17], the proposed model takes a pixel from an original
image as a sample point and estimates the depth of the other
pixels. This model is not able to accurately extract global

structure from a single image due to the limitations of only
processing local information. Saxena et al. [18] developed a
discriminatively trained Markov Random Field (MRF) model
for depth estimation from single monocular images. This
model uses monocular cues at multiple spatial scales and also
incorporates interaction terms that model relative depths at
different scales. In addition to a Gaussian MRF model, they
also presented a Laplacian MRF model in which Maximum
a Posteriori (MAP) inference can be done efficiently using
linear programming. However, the system relies on horizontal
alignment of images and suffers in less controlled settings.
In [19], Make3D is proposed to generate a 3D model from a
single image. However, the system has a poor performance in
uncontrolled settings due to its dependence on the horizontal
alignment of images. Saxena et al. [20] utilize color, texture
and other visual cues at multiple scales to build the relationship
between image patches and adjacent depth map spots using a
Markov stochastic model in order to calculate the depth map
corresponding to the original image.

Nowadays, with the significant progress of deep learning
models, several approaches based on deep networks have
been proposed to predict depth maps from a single image.
In particular, [21] presents a framework for depth and surface
normal estimation from single monocular images. 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 [22]
is used to obtain the super-pixels). They then refine the
estimated super-pixel depth or surface normal to the pixel level
by exploiting the potentials on the depth or surface normal
map, which include a data term, a smoothness term among
super-pixels and an auto-regression term characterizing the
local structure of the estimation map. In [10], an approach
is presented for estimating depth from a single image by
combining information from both global and local views.
They use two deep networks: one that estimates the global
depth structure and predicts the depth of the scene at a
global level, and another that takes the first network output as
additional first-layer image features in order to edit the global
prediction as to incorporate finer-scale details. Moreover, they
apply a scale-invariant error to measure depth relations rather
than scale. Furthermore, the network is trained using a loss
function that explicitly accounts for depth relations between
pixel locations, in addition to the point-wise error. However,
the system suffers from a low performance in estimating the
surface depths. Furthermore, in [23], a three-layer CNN trained
with a per-pixel Euclidean loss is presented to transform the
given color image to a geometrically meaningful output image.
Besides, this method uses Conditional Random Fields (CRF)
as a loss layer to enforce local consistency in the output image.

Finally, a depth generative adversarial network (DepthGAN)
has been proposed in [24] by using the advantage of a Fully
Convolutional Residual Network (FCRN) and combining it
with a GAN network. The authors also present a new loss
function that includes a scale-invariant (SI) error for solving
the scale invariance problem that arises when predicting depth
from a single image. Moreover, they use a structural similarity
(SSIM) loss function to derive both the relative and the
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absolute distances of objects based on the textural structure
in the scene.

B. Viewpoint Estimation

This subsection overviews the most effective methods to
solve the viewpoint estimation problem. In [25], average shad-
ing gradients (ASG) are proposed. The gradient normals of
all lighting directions are averaged to cope with the unknown
lighting of the query image. The main advantage of ASG is
to ignore color and texture in the expression of the 3D model
shape. Image gradients are then matched with ASG images
to estimate a 3D pose. Unfortunately, image gradients are still
affected by image textures and background. Following a differ-
ent approach, in [26]–[28], a collection of depth images of 3D
models rendered from different viewpoints are used to detect
curvilinear features. The authors in [27], [28] propose three
main steps. First, the ridges and valleys of the depth images
rendered from the 3D model are detected. In order to cope
with the texture and background in the 2D images, curvilinear
features are extracted with a multiscale scheme. These features
are then refined by only keeping in-focus features. The final
step determines the correct 3D pose using a repeatable K-
NN [27] and SVM [28] in the registration algorithm (i.e.,
instance-based learning) until finding the closest view. In [29]
the authors propose a network for depth prediction that uses
a sequence of three scales to generate features and capture
image details. They make a consistent global prediction and
then utilize it with iterative local refinements. In that way, the
local networks are aware of their location within the global
scene and use this information in their refined predictions.
Moreover, they upsample the refined predictions to a higher
resolution.

Our model for viewpoint estimation is inspired by recent
works [30], [31] to learn how to predict the viewpoints based
on a CNN. In [30], the authors introduced a deep model based
on CNN for monocular viewpoint estimation by using key-
point information provided by humans at inference time to
accurately estimate the viewpoint of an object. Their work
aims to capture the relation between viewpoints of objects and
key-points for specific objects. They exploited this relationship
and refined an existing coarse pose estimation using keypoint
predictions. But post-refinement processes are still required to
compensate for the accuracy sacrificed by the discretization.
In [30], the problem of pose estimation was designed as a
classification method. Alternatively, the problem has recently
been modeled and solved by regression deep neural networks.
In [31], the authors proposed a CNN-based approach for
monocular viewpoint estimation based on the structure of the
viewpoint space when designing regression losses and non-
linear activation functions. This approach is more advanta-
geous to handle the challenging case of nearly symmetric
objects. Also, they used a data augmentation strategy designed
to capture perturbations in the viewpoint space.

Other researchers have also successfully used deep learning
to solve the pose estimation problem. However, with the lack
of data during training, the solution is taking advantage of
CAD models and additional annotations to generate more

training data. For instance, [32] rendered millions of synthetic
images from 3D models and then used them to train a CNN
model for viewpoint estimation of real images. However, our
model does not require the use of all these data sources. To
mitigate the low amount of data, we render depth images from
3D models based on the viewpoints of real images. We then
apply data augmentation techniques to all generated images
to increase the number of training samples under different
conditions. This generates new realistic data from the real
images and 3D models.

In [33], a deep CNN performs full 3D hand pose estimation
from single color images. This approach consists of three deep
networks. The first network applies segmentation to localize
the hand in the image. Based on that, the second network
localizes hand key points in the 2D images. The third network
finally derives the 3D hand pose from the 2D key points.
Although this approach uses a large synthetic dataset, its
performance seems mostly limited by the lack of an annotated
large-scale dataset with real-world images and different pose
statistics.

Recently, the authors of [34] proposed a method for es-
timating the pose of an object from a single image using
multiple-viewpoint correspondence based on CNN networks.
Initially, they find a consistent local feature description of
the object’s parts in the input RGB image. After that, they
use these descriptors along with the key points obtained
from the renders of a fixed 3D template model to create
basic depth maps of a particular monochrome real image.
Finally, a pose estimation network predicts the 3D pose of the
object using these correspondence maps. In [35] the authors
proposed a method for estimating of 3D structures and camera
projection using symmetry and/or Manhattan structure cues
from a single image or multiple images in the same category.
They recover the camera projection from a single image using
the Manhattan structure. They also use multiple images to
exploit symmetry without requiring the Manhattan structure
for 3D reconstruction, since the Manhattan structure can be
hard to observe from a single image due to occlusion.

In [36], a method for 3D object detection and pose esti-
mation from a single image was proposed using a deep CNN
and Geometry. To estimate the full 3D pose and dimensions
of an object surrounded by a 2D bounding box, they used
a discrete-continuous CNN architecture with a loss function
for orientation prediction and a practical choice of box di-
mensions as regression parameters. The method estimates the
3D bounding boxes without additional 3D shape models or
sampling strategies with complex pre-processing pipelines.
Although this method properly estimates object orientation
and localizes the objects in 3D from an image, it depends
on different geometric constraints, such as shape priors or
occlusion patterns to infer 3D bounding boxes. In turn, in [37],
another method was introduced for retrieving 3D models of
objects in the wild. This approach consists of two networks.
The first network estimates the 3D pose of an object and the
second network uses synthetic depth images rendered from 3D
models based on the 3D pose estimated from the first network
in order to retrieve 3D models that accurately represent the
geometry of objects present in RGB images. This is done
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by comparing the learned image descriptors of RGB images
against those of the rendered depth images using a CNN-based
multi-view metric learning approach.

In this section, we summarize the state of the art for depth
and 3D pose estimation from a single image through classical
computer vision techniques and deep learning techniques.

The approaches based on deep learning yield the most
accurate results. Thus, we propose a method based on a deep
model, RecDGAN, to obtain both the depth and 3D pose from
a single image.

III. PROPOSED METHODOLOGY

The proposed model is based on two different generators
coupled together. Each generator is able to map from a
domain to another. In particular, the first generator learns to
map from an RGB image to a depth image. The latter is
forced to be an image-based representation of the input RGB
image by reconstructing the same RGB image through the
second generator, with a feature matching loss being used
as a reconstruction loss function. During training, the depth
image estimated by the first generator is compared to a depth
image generated after rendering a synthetic 3D model through
a discriminator network. With the two losses, each generator
in the proposed model is able to learn the mapping from its
input domain to the output domain and to discover relations
between them. The generated depth image is also fed into a
regression CNN network that estimates the 3D pose of the
main object depicted in the depth image.

In this paper, we propose to consider depth image estimation
as an image-to-image translation task as proposed in [14],
[38]. In [38], there are two generators and one discrimi-
nator, whereas in [14], there are two generators and two
discriminators. In our model, we apply two generators and
one discriminator in addition to a regression CNN network
that predicts the 3D pose of the main object depicted in the
input image (i.e., elevation and azimuth angles along with
the distance from the camera to the object). The viewpoint
estimation network will help the generator to find the correct
orientation of the object. In addition, we use a multi-scale
feature matching loss function based on CNN to improve the
performance of the generators. It makes the generated depth
image closer to the depth map domain and the reconstructed
image closer to the real image.

This section describes the proposed system and its train-
ing procedure. Fig.2 shows the architecture of the proposed
system. It is constituted by two main sub-models: a depth
generator based on a Generative Adversarial Network (GAN),
and a viewpoint estimator from the generated depth image
based on a CNN.

We formulate the problem in subsection A. The remaining
subsections explain each part of the proposed model in detail.

A. Problem Formulation

Let A ∈ A be a 2D color image. The problem of generating
its corresponding depth image, B ∈ B, can be formally
defined as a function f : A → B that maps elements from
domain A to elements in its co-domain B. Similarly, we can

formally define the problem of estimating the viewpoint of a
2D image as a function g : A→ R3 that takes as input a 2D
color image and predicts three viewpoint values, namely: az-
imuth, elevation and distance. We introduce a multi-task deep
learning-based system to solve the two aforementioned sub-
problems. Specifically, The proposed system consists of two
generators, GθA(A) and GθB (B̂), a discriminator DθD (α),
and a viewpoint estimator VθV (B̂), where B̂ is the depth
image generated by GθA and α ∈ {B×B̂}. A feature matcher
fmrecogan(A, Â) is used to comapre the image reconstructed
by GθB , Â = GθB (B̂), with the input color image A. The next
subsections explain in detail the architecture of our system, its
sub-models, and the training procedure.
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Fig. 2: Proposed RecDGAN system to generate depth images
and 3D poses from 2D color images. Details about GθA , GθB
and DθD are given in section 3.2. V PNet and Feature Match-
ing Loss are detailed in sections 3.3 and 3.4, respectively.

B. Generative adversarial networks (GANs)

The generative adversarial network framework is a super-
vised deep learning model proposed by Goodfellow et al. [39],
originally focusing on image generation and manipulation
tasks for training an image synthesis model aiming at the
generation of artistic images. It is implemented by two neural
networks: a generator and a discriminator. Many variants based
on GANs have already been developed [40], [41]. They have
been applied to practical image generation problems [42]–
[44]. Recently, conditional GANs, which are an extension
of GANs, have shown great success in using conditional
adversarial networks to learn the loss function for image-
to-image translation tasks [6], [38]. All these methods have
successfully led to the estimation of transformation networks
from one image domain to another.

In the present work, generator GθA takes a real input color
image and maps it to a depth image, while generator GθB
takes the depth image generated by GθA and maps it to a color
image. The input of the discriminator DθD is a depth image
rendered from a training dataset and the depth image predicted
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by GθA . DθD estimates the probability that both depth images
are similar. The discriminator network of the GAN assesses
whether the predicted depth image is likely to belong to the
depth image domain or not.

1) Generative Networks: This subsection describes the gen-
erative neural networks GθA and GθB . Both have an identical
structure. GθA learns the mapping from an input color image to
its corresponding depth image. The input of GθA is a 2D color
image, A, and it generates a depth image, B̂, which is then
fed to GθB to estimate a 2D color image Â = GθB (GθA(A)),
where Â is a reconstruction of the original 2D image A. For
comparing the two images, we use a loss function based on
feature matching , which is explained in detail in Section 3.4.
The objective loss function of the generator is:

Lrcon(θA, θB ,A) = EA∈A,Â=GθB (GθA (A))[∆(A, Â)], (1)

where θA and θB are the parameters of the two generators and
∆ is a measure of discrepancy between the two images.

The architecture of our generative network is shown in
Fig.3. It consists of an encoder and a decoder. Inspired
in [14], the encoder of each generator is composed of five
convolution layers with 4 × 4 filters, stride 2 and padding
1. Each convolution layer is followed by batch normalization
(BN) except for Cn1, and by LeakyReLU [23], [45]. In turn,
the decoder part is composed of five deconvolution layers with
a filter size of 4 × 4, stride 2 and padding 1. Each layer is
followed by ReLU and BN except for Dn5, which applies a
sigmoid. The output is a depth image of size 64 × 64 × 1.
An example of the features extracted and generated by the
generator layers is shown in Fig.4.

2) Discriminator Network: The generator GθA aims at
yielding depth images that belong to domain B. To model this
additional constraint, we train a discriminator to determine
whether the depth images estimated by the generator GθA are
real depth images or not.

The architecture of the discriminator is shown in Fig.5. It
consists of an encoder identical to the one of the generator,
followed by an output logistic unit.

Ldis(θD|θA,B,A) = −EB [log(pD(B))], (2)

where pD represents the prediction entropy of the discrimi-
nator with the real depth B belonging to the domain B, i.e.
B ∈ B. θA and θD are the parameters of the first generator
and discriminator, respectively.

The prediction cross-entropy of the discriminator with the
estimated depth image, B̂ = GθA(A), can be defined as:

Ladv(θA,A|θD) = −EA∈A[log(1− pD(GθA(A))]. (3)

The optimizer will fit D to maximize the loss values for real
depth images rendered from 3D CAD models (by minimizing
log(pD(B))) and to minimize the loss values for estimated
depth images (by minimizing log(1−pD(GθA(A))). The gen-
erator and discriminator networks are optimized concurrently,
one optimization step for both networks at each iteration,
where GθA tries to generate an accurate depth estimation and

D learns how to discriminate between the synthetic and the
real depth maps.

Thus, the adversarial loss used for training the model is:

Lgan(θA, θD,A,B) = Ldis(θD|θA,B,A)

+Ladv(θA,A|θD).
(4)

GAN can often be defined as a minimax game in which the
generator wants to minimize Lgan while the discriminator
wants to maximize it.

C. Viewpoint Estimation Network

The second goal of our system is to use the generated
depth image of an object to estimate its correct viewpoint.
The motivation for estimating the 3D pose of a single depth
image is that depth measurement avoids the ambiguity caused
by perspective projection in 2D images. In addition, depth
images are invariant to lighting conditions. To do so, we train
a regression neural network, VPNet, to estimate the viewpoint
from the depth image generated by GθA . The architecture of
VPNet is shown in Fig.6. Again, it consists of an encoder
identical to the ones of the discriminator and the generator
followed by a linear layer of three units. VPNet is trained to
minimize the following loss function:

Lvp(θV , V,A|θA) =

E(v,A)∈(V,A)[∆v(v, v̂ = V PNet(GθA(A)))],
(5)

where v is the real 3D pose, v̂ is the estimated one, ∆V

is a measure of the difference between the real value and
the estimated value, and θV is the set of parameters of the
viewpoint estimator. We use the mean square error as the
difference measure ∆v between two 3D poses. For more
details, see the supplementary materials.

D. Loss Function for Feature Matching

The proposed loss function for feature matching depends on
the features extracted from both the input real image A and
the reconstructed image Â from GθB , by taking into account
color and texture. The usual comparison functions, such as the
L1 or L2 norms, as proposed in the cycleGAN network [14],
are not effective in order to measure similarity between two
images. In addition, in a normal GAN, the discriminator and
generator are always in a tug of war to undercut each other.
Mode collapse and gradient diminishing are often explained
as an imbalance between the discriminator and the generator.

Thus, adding a new discriminator will increase the model
complexity and may also overfit the generator network. There-
fore, we use feature matching based on CNN inspired in [14]
by replacing the L1-norm by a feature matching network in
order to achieve a more accurate comparison of the input and
reconstructed images. In particular, we compare the multi-
scale features extracted from different CNN layers of the input
RGB image with the corresponding ones extracted from the
RGB image generated by GθB , and then the network attempts
to minimize the difference between the corresponding features.
Indeed, by replacing the L1-norm with a feature matching loss
causes training to be more stable and converge faster.
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We use a CNN of five layers. To calculate the similarity
between the two input images, the feature matching loss
(Lrecon) is based on the features extracted per layer from the
input real image A and the ones from the reconstructed image
Â. The aggregated loss function Lrecon is computed between
A and Â as:

Lrecon(A, Â|θB) =
1

N

N∑
i=1

f(ALsi(i) − ÂLsr(i)), (6)

where N is the number of layers (N is empirically set to 5 in
this work), f is the MSE error, ALsi(i) is a loss layer of the
features from the real image and ÂLsr(i) is a loss layer of the
features from the estimated image.

E. Final Objective Function

The final objective function, i.e. the training loss, of our
learning algorithm is defined as:

L(θA, θB , θD, θV ,A,B, Â, V ) =

λgan[Lgan(θA, θD,A,B)]+

λvp[Lvp(θV , V,A|θA)]+

λrecon[Lrecon(A, Â|θB)],

(7)

where λgan, λvp and λrecon are hyper-parameters weighing
the importance of the discriminator loss, adversarial loss, view-
point loss and the loss function for feature matching. In our
model, λgan=λvp=λrecon = 1 yields the best accuracy for 3D
pose estimation.
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IV. EXPERIMENTS AND RESULTS

This section describes the experiments performed to eval-
uate the proposed model, in addition to the dataset, the
data augmentation and the evaluation measures used in the
experiments.

A. Dataset

In this work, a comprehensive set of experiments have been
conducted in order to validate the performance of the proposed
model on the public PASCAL3D+ dataset [46], which contains
12 object categories. Every object category contains ten or
more 3D models and more than 1, 000 real images related to
the category. All those images are captured under different
lighting, background complexity and contrast conditions. The
dataset has both RGB images and 3D models. We used the
3D models to render corresponding depth images for the
RGB images in order to train the model. We then rendered
a depth image from a 3D model corresponding to each real
image according to the viewpoints specified in the dataset. We
randomly split the images in every category into 70% for the
training set and 30% for the testing set. In order to increase
the number of training samples, we apply data augmentation
(DA) techniques described in the next subsection. Thus, each
category has more than 10, 000 images for training the model.
See Table I for more details. For all the tested 3D models,
we rendered depth images using the MATLAB 3D Model
Renderer 1 from multiple viewpoints by changing azimuth and
elevation angles, as well as the distance between the camera
and the 3D model.

B. Data Augmentation

We applied data augmentation techniques to the images
contained in the PASCAL 3D+ dataset to increase the number
of training samples under different conditions. Fig.8 shows
the transformations applied to every input image and the cor-
responding rendered depth image. They were used to increase
the diversity of the training dataset further.

• Scale: Every input image and its corresponding rendered
depth image were randomly scaled by S ∈ [0.5,3].

• Rotation: Every input image and its corresponding ren-
dered depth image were randomly rotated by R ∈ [-10,10]
degrees.

• Gamma Correction: The gamma correction of each input
RGB image was randomly varied by I ∈ [0.6,2].

After applying data augmentation to the real and corre-
sponding depth images, and using them as inputs to the model
during the training process, we found that the efficiency of the
network significantly improved compared to the model trained
without data augmentation, even though the represented scenes
were slightly warped, since they were close representations of
the real images under different conditions.

1https://www.openu.ac.il/home/hassner/projects/poses/
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Fig. 8: Transformations (Scale, Rotation and Gamma cor-
rection) applied to every real image and its corresponding
rendered depth image.

C. Parameter settings

By using data augmentation, we trained both the GAN and
VPNet networks. We used the Adam optimizer [47] with β1 =
0.5, β2 = 0.999 and an initial learning rate of 0.0002. A batch
size of 200 and 2, 000 epochs yielded the best combination. All
experiments were run on a 64-bit Core I7-6700, 3.40GHz CPU
with 16GB of memory, as well as one NVIDIA GTX 1080
GPU on Ubuntu 16.04 and the PyTorch [48] deep learning
framework. The computational time of the proposed method
for the training process takes around 2.16 minutes for each
epoch with a batch-size of 64. In turn, the online estimation
of depth maps and viewpoints has a performance around 3
images per second.

D. Evaluation Measures

In this work, we aim to predict the best depth image
and pose viewpoint estimation from a real color image. The
performance of the proposed model was evaluated in two
ways:

Depth image predictions: The PASCAL 3D+ dataset is
commonly used for estimating viewpoint. However, the pro-
posed model uses it for both viewpoint estimation and depth
image prediction. For depth image prediction, we used four
different measures to assess the final performance. The first
measure is the root mean square error (RMSE), which provides
a quantitative measure of per-pixel error, computed as (8):

RMSE =

√
1

n

∑
i∈T

(Bpred(i) −Bgt(i))2, (8)

where Bgt(i) is the real depth of pixel i, Bpred(i) is the
associated predicted depth, T is the set of valid pixels (i.e.,
both the ground-truth and predicted depth pixels that do not
have depth values equal to zero or non-black regions as shown
in Fig.8) and n is the cardinality of T .

The second measure assesses the accuracy of the proposed
model to estimate errors under a given threshold, serving as an
indication of how often our estimate is correct. The threshold
accuracy measure from [23] is essentially the expectation that
the depth value error of a given pixel in T is lower than a
threshold thrZ :

δZ = ET [F (max(
Bgt(i)

Bpred(i)
,
Bpred(i)

Bgt(i)
) < thrZ)] , (9)
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TABLE I: Number of image samples before and after data augmentation for the first six categories in the PASCAL3D+ dataset.

class number of samples before
data augmentation

number of samples after
data augmentation class number of samples before

data augmentation
number of samples after

data augmentation
aero 1,681 25,215 chair 798 14,152
bike 668 12,488 table 579 13,049
boat 1,459 21,255 mbike 496 10,820

bottle 1,080 17,880 sofa 501 11,121
bus 917 16,008 train 916 16,416
car 4,637 27,822 tv 1,057 16,597

Sum 10,442 120,668 Sum 4,347 82,155

where F (·) represents an indicator function that yields 0 or 1.
As in [23], we set thr = 1.25, and Z ∈ {1, 2, 3}.

The third measure is the Intersection Over Union (IOU)
value, also referred to as the Jaccard index, computed as (10):

IoU =
TP

TP + FP + FN
, (10)

where TP indicates the number of pixels whose estimated
depth coincides with the real depth, FP indicates the opposite
and FN indicates the number of pixels where the real depth
has no predicted depth associated.

The fourth measure is the Dice score, which computes the
ratio between the amount of intersection and the total number
of pixels in both the prediction Bpred and the real depth Bgt,
computed as (11):

Dice =
2|Bpred ∩Bgt|
|Bpred|+ |Bgt|

=
2TP

2TP + FP + FN
. (11)

Viewpoint predictions: To analyze the performance of the
proposed viewpoint estimation method and to evaluate our
model, we use two complementary evaluation measures.

The first evaluation measure is the median error [30]. The
viewpoint estimation task often has predictions which are far
apart: right against left or front against back. The median
error (MedErr) is a widely used measure robust to these
errors if a significant fraction of the estimates are accurate.
In equation (12), we define 4(Bgt, Bpred), which measures
the difference between the real depth viewpoint Bgt and the
predicted viewpoint Bpred.

4 (Bgt, Bpred) =
‖(BTgtBpred)‖F√

2
. (12)

The second measure is the viewpoint accuracy. A small
median error does not necessarily imply accurate estimates
for all instances. A complementary performance measure is
the fraction of instances whose predicted viewpoint is below a
fixed threshold with respect to the target viewpoint. We denote
this measure as Accθ, where θ is a threshold (e.g., θ = π

6 ).

E. Results and Discussion

We have compared the proposed model with six alternative
methods using the PASCAL3D+ dataset: [30]–[32], [34], [36],
[37].

In Table II, we show the viewpoint evaluation measures
for all categories of PASCAL3D+ and the different tested
methods. The performance of the proposed model with GAN
yielded results comparable to the alternative models. However,

the accuracy of our system was superior for nine categories of
PASCAL3D+: aero, with an improvement of 3%; boat, with
a significant improvement of 11%; bottle and car, with a 1%
improvement; chair and train, with a 5% improvement; table
and mbike, with a significant improvement of 10% and 7%,
respectively. However, the model proposed in [31] yielded
the best accuracy for two categories: sofa and TV, with an
improvement of 7% and 3% better than the proposed model,
respectively. For the bus category, the model presented in [30]
yielded an accuracy 2% higher than the proposed model. In
turn, [32], [36] yielded an accuracy 4% higher than our results
for the bike category. Globally, the proposed model yields the
best mean accuracy of 89.75% among the five tested methods.
In [34], the authors provided the pose estimation results for
only three categories (i.e., chair, table and sofa). For the chair
category, our proposed model outperformed the method in [34]
with an improvement of 3.5% in MedErr, but [34] yielded
better MedErr for the table category.

Regarding the median error and supporting the accuracy
results, Table III shows that the proposed model yielded the
lowest median error for seven categories (aero, bottle, bus,
car, chair, mbike, and train) of PASCAL3D+. In addition, the
proposed model yielded the lowest mean error among all tested
methods.

For the tv and sofa categories, our method does not yield
good results, with MedErr of 19.4 and 12.8, due to the
geometric shape of these two objects. The network sometimes
has a conflict, especially to estimate the correct value of
the azimuth. For instance, in the example shown in Fig.9,
the network can correctly estimate the depth image and the
distance between the camera and the object with an error of
0.17. However, the estimation of the azimuth has an error
around 30 degrees, although the estimated viewpoint is very
close to the real one.

In turn, the boxplot in Fig.10 shows the accuracy values for
all testing samples of the 12 categories of PASCAL3D+. For
bottle and mbike, the proposed model yields a small range
of values. Alternatively, the aero and boat categories yield a
wider range of accuracy values with a low number of outliers.
Moreover, the table and tv categories provide more than 10
outliers in the results.

As for the evaluation of the predicted depth images, we
have computed the RMSE, threshold δZ , Dice score and
IOU measures. In Table III, we show the different evaluation
measures for the predicted depth images corresponding to
the 12 categories of the PASCAL3D+ dataset. We have used
cross-domain training to predict every depth image from a
single 2D color image. As far as we are aware, there are
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TABLE II: Comparison of the proposed model with current state-of-the-art algorithms for 3D pose estimation from 2D images
in the PASCAL3D+ dataset under different measures. Lower is better for MedErr, and higher is better for Accuracy. The best
results are highlighted in bold.

aero bike boat bottle bus car chair table mbike sofa train tv mean
MedErr(Tulsiani and Malik, 2015) [30] 13.8 17.7 21.3 12.9 5.8 9.1 14.8 15.2 14.7 13.7 8.7 15.4 13.59

MedErr(Su et al, 2015) [32] 15.4 14.8 25.6 9.3 3.6 6.0 9.7 10.8 16.7 9.5 6.1 12.6 11.68
MedErr(Mousavian et al, 2017) [36] 13.6 12.5 22.8 8.3 3.1 5.8 11.9 12.5 12.3 12.8 6.3 11.9 11.15

MedErr(Grabner et al, 2018) [37] 10.0 15.6 19.1 8.6 3.3 5.1 13.7 11.8 12.2 13.5 6.7 11.0 10.88
MedErr(Mahendran et al, 2018) [31] 8.5 14.8 20.5 6.8 2.7 5.0 9.5 11.3 13.8 9.4 5.6 11.5 9.95

MedErr(Jogendra Nath et al, 2018) [34] - - - - - - 8.84 6.00 - 10.74 - - -
MedErr(Our) 8.3 13.2 20.7 6.0 2.5 4.6 5.2 16.5 4.5 12.8 5.2 19.4 9.90

Accπ
6

(Tulsiani and Malik, 2015) [30] 0.81 0.77 0.59 0.93 0.98 0.89 0.80 0.62 0.88 0.82 0.80 0.80 0.8075
Accπ

6
(Su et al, 2015) [32] 0.74 0.83 0.52 0.91 0.91 0.88 0.86 0.73 0.78 0.90 0.86 0.90 0.8200

Accπ
6

(Mousavian et al, 2017) [36] 0.78 0.83 0.57 0.93 0.94 0.90 0.80 0.68 0.86 0.82 0.82 0.85 0.8103
Accπ

6
(Grabner et al, 2018) [37] 0.83 0.82 0.64 0.95 0.97 0.94 0.80 0.71 0.88 0.87 0.80 0.86 0.8392

Accπ
6

(Mahendran et al, 2018) [31] 0.87 0.82 0.64 0.97 0.97 0.95 0.92 0.68 0.85 0.97 0.83 0.90 0.8641
Accπ

6
(Jogendra Nath et al, 2018) [34] - - - - - - 0.83 0.87 - 0.90 - - -

Accπ
6

(Our) 0.90 0.79 0.75 0.98 0.96 0.96 0.97 0.83 0.95 0.90 0.91 0.87 0.8975

(5.5,-6.9,4.01)(5.5,-6.9,4.01)

Input image Ground truth Prediction

(35,3.69,3.84)

(55.8,19.2,7.68)(55.8,19.2,7.68) (13.4,5.9,9.03)

Fig. 9: Examples of the pose estimation conflict between the
views of tv and sofa.

aero bike boat bottle bus car chair table mbike sofa train tv
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1

Fig. 10: Boxplot of accuracy rate for the 12 categories in
PASCAL3D+ with the proposed model. Blue boxes indicate
the interquartile range (Q3-Q1) of the metrics distribution. The
red line inside each box represents the median value. The
whiskers extend 1.5 times the length of Q1 and Q3, and (+)
indicates outlier values, i.e. metrics out of the whiskers.

no alternative methods that use the PASCAL3D+ dataset for
training a cross-domain model that generates depth images.
Thus, we evaluate the results with two different versions of
GAN and the proposed model. The first version is the GAN
model proposed in [39]. The second version is the GAN model
with a reconstruction loss based on the L1-norm proposed
in [14]. Our model achieved the best mean results for the
12 categories with the four measures used in the evaluation.

Actually, it achieved an average IOU score of 61% and Dice
score of 73%. In turn, the RMSE error with the proposed
model is 0.19. With δZ = 1.25, the accuracy rate is 68%,
while with δZ = 1.253, the accuracy rate is increased by
16%. That shows the effect of feature matching on improving
the performance of the estimation of depth images. However,
the other two tested methods provided results better than our
model,for mbike, sofa, train and tv.

For a qualitative assessment, Fig.11 shows how the proposed
model is able to learn the features of the input images to
generate the final depth images and viewpoints. The figure
shows the output of the proposed model for different epochs.
In addition, the performance of the proposed model for the
12 categories of PASCAL3D+ is shown in Fig.12. We show
the depth image generated from a single real image against
the real depth images rendered from the corresponding 3D
models. We also show the three components of the estimated
viewpoint and its ground-truth. These examples show that the
proposed model is able to predict a depth image from the
features of a single color image. In addition, the model is able
to remove the image background when generating the depth
images. Furthermore, the estimated viewpoints are very close
to the reference ones in PASCAL3D+.

V. CONCLUSION

We have introduced a novel cross-domain deep model
for estimating the depth image and 3D pose of the main
object depicted in a 2D color image. We have designed a
deep model based on two successive networks: a Generative
Adversarial Network (RecDGAN) for predicting the depth
images, as well as a regression CNN network for estimating
the viewpoint (VPnet). The RecDGAN network consists of
four sub-networks: two generators, one discriminator, and a
CNN network for feature matching between the reconstructed
color image and the input image. During training, the proposed
model is fed with a single 2D image of an object and the
corresponding depth image rendered from a 3D model of the
same object. The generated depth image is fed into VPnet to
estimate the viewpoint. The model performance has been eval-
uated on the PASCAL3D+ dataset, yielding promising results
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TABLE III: Results for depth image estimation from 2D color images on the PASCAL3D+ dataset under different measures
with (a) GAN proposed in [39], (b) GAN with a reconstruction loss proposed in [14] and (c) the proposed model. Lower is
better for the RMSE metric, and higher is better for the other measures. The best results are highlighted in bold.

aero bike boat bottle bus car chair table mbike sofa train tv mean
IoU 0.46 0.26 0.50 0.80 0.62 0.71 0.42 0.44 0.48 0.61 0.56 0.78 0.55
Dice 0.62 0.40 0.66 0.87 0.76 0.82 0.57 0.60 0.61 0.73 0.71 0.87 0.69

GAN Model RMSE (linear) 0.21 0.26 0.20 0.14 0.16 0.18 0.23 0.23 0.24 0.15 0.19 0.15 0.20
threshold δ<1.25 0.77 0.53 0.69 0.66 0.47 0.63 0.71 0.75 0.65 0.59 0.56 0.53 0.63
threshold δ<1.252 0.83 0.60 0.78 0.83 0.63 0.74 0.81 0.81 0.71 0.78 0.68 0.69 0.74
threshold δ<1.253 0.86 0.65 0.84 0.89 0.73 0.83 0.85 0.83 0.77 0.87 0.75 0.81 0.81

IoU 0.49 0.32 0.51 0.79 0.67 0.73 0.47 0.42 0.51 0.63 0.61 0.80 0.58
Dice 0.64 0.41 0.66 0.88 0.79 0.84 0.62 0.58 0.67 0.76 0.75 0.89 0.71

RMSE (linear) 0.20 0.24 0.20 0.17 0.15 0.18 0.23 0.23 0.22 0.18 0.18 0.16 0.20
GAN with a reconstruction loss threshold δ<1.25 0.83 0.65 0.68 0.76 0.61 0.67 0.72 0.77 0.72 0.66 0.62 0.54 0.69

threshold δ<1.252 0.87 0.68 0.76 0.85 0.75 0.79 0.80 0.84 0.80 0.80 0.69 0.71 0.78
threshold δ<1.253 0.89 0.70 0.82 0.89 0.80 0.85 0.83 0.85 0.84 0.88 0.79 0.82 0.83

IoU 0.52 0.43 0.56 0.82 0.70 0.75 0.52 0.49 0.53 0.62 0.54 0.78 0.61
Dice 0.66 0.55 0.71 0.90 0.81 0.86 0.67 0.65 0.68 0.75 0.69 0.87 0.73

RMSE (linear) 0.18 0.23 0.20 0.14 0.15 0.16 0.21 0.22 0.23 0.16 0.20 0.14 0.19
Our Model threshold δ<1.25 0.80 0.70 0.65 0.76 0.58 0.69 0.74 0.78 0.71 0.61 0.58 0.52 0.68

threshold δ<1.252 0.85 0.74 0.75 0.86 0.72 0.82 0.82 0.84 0.79 0.79 0.68 0.70 0.78
threshold δ<1.253 0.87 0.76 0.82 0.91 0.79 0.87 0.86 0.87 0.84 0.86 0.76 0.81 0.84

(g)(a) (b) (c)

(50.7,-10.4,3.9)

(d) (e) (f)

(81.8,-2.8,4.4)(50.7,-10.4,3.9) (205.4,-2.9,6.07) (179.1,-7.3,4.4) (50.09,-3.9,4.6) (57.3,-12.4,3.7)

(48.2,15.01,5.3) (63.01,7.4,8.2)(48.2,15.01,5.3) (146.4,5.9,5.5) (59.6,6.5,7.05) (61.5,14.3,7.05) (51.1,13.5,5.3)

(0,32.7,9.3) (48.4,30.8,8.08)(0,32.7,9.3) (109.2,16.6,7.6) (89.8,19.5,8.1) (26.8,24.9,6.3) (10.6,30.5,11.1)

(324.2,9.7,9.7) (324.2,9.7,9.7) (262.9,15.7,8.1) (230.5,20.1,7.4) (246.9,17.9,6.4) (305.6,13.4,7.2) (317.5,8.54,8.1)VP :

VP :

VP :

VP :

Fig. 11: Example of depth predictions with our model. For each image, we show (a) input image, (b) ground truth, (c) output
at epoch 100, (d) output at epoch 400, (e) output at epoch 1000, (f) output at epoch 1500, (g) output at epoch 2000 (final
generated depth image). All images with the corresponding estimated viewpoints (VP) including (Azimuth and Elevation angles
and Distance between object and camera). More results with the proposed model are given in the supplementary material.
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Fig. 12: Input images with the labeled viewpoints and corresponding depth images rendered from the associated 3D models
of all categories of PASCAL 3D+, and generated depth images with the estimated viewpoints. More details about

the performance of the proposed model are given in the supplementary material.
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with a high precision rate and an acceptable computational
cost for predicting depth images and viewpoints from input
color images. Future work aims at applying the proposed pose
estimation to an object grasping framework based on a single
RGB camera.
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