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ABSTRACT

Object pose estimation remains an open and important task
for autonomous systems, allowing them to perceive and inter-
act with the surrounding environment. To this end, this pa-
per proposes a 3D object pose estimation method that is suit-
able for execution on embedded systems. Specifically, a novel
multi-task objective function is proposed, in order to train a
Convolutional Neural Network (CNN) to extract pose-related
features from RGB images, which are subsequently utilized in
a Nearest-Neighbor (NN) search-based post-processing step
to obtain the final 3D object poses. By utilizing a symmetry-
aware term and unit quaternions in the proposed objective
function, our method yielded more robust and discriminative
features, thus, increasing 3D object pose estimation accuracy
when compared to state-of-the-art. In addition, the employed
feature extraction network utilizes a lightweight CNN archi-
tecture, allowing execution on hardware with limited com-
putational capabilities. Finally, we demonstrate that the pro-
posed method is also able to successfully generalize to previ-
ously unseen objects, without the need for extra training.

Index Terms— 3D object pose estimation, Multi-task
learning, Convolutional Neural Networks.

1. INTRODUCTION

Autonomous robots or systems are being increasingly em-
ployed in several industries (e.g., transportation, construc-
tion) to assist in simple or more complex tasks. However,
their safe and successful operation in real-world scenarios
requires advanced understanding of the surrounding envi-
ronment. Object pose estimation is critical in this case, as
it enables predicting the 3D poses of objects of interest in
their surroundings, in order to autonomously take the correct
actions according to a given objective. For example, in a
human-Unmanned Aerial Vehicle (UAV or drone) collabora-
tion scenario, the UAV should be able to estimate the 3D pose
of a tool in order to grab it (e.g., by using a robotic arm) and
pass it to a human worker.

Early deep learning-based methods addressed the 3D
object pose estimation problem by training a Convolutional
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Neural Network (CNN) to directly regress [1, 2] or classify
[3] an object image to its 3D pose. More recent 6D object
pose estimation methods [4, 5, 6, 7, 8] utilized state-of-the-art
object detection [9] and instance segmentation [10] methods
to first localize the objects of interest in the 2D image (e.g.,
by regressing their 2D bounding boxes or a set of predefined
keypoints) and then computed the final 6D object poses by
using the 2D detections in a PnP algorithm. However, these
approaches either lack increased 3D object pose estimation
accuracy, or rely on very deep neural network architectures,
which do not allow fast execution on embedded systems.

In an alternative approach, the final 3D object pose predic-
tions can be obtained indirectly [11, 12, 13, 14, 15, 16]. That
is, a lightweight CNN is first utilized to extract object image
features, which are then matched with a set of precomputed
database entries that represent orientation classes via a Near-
est Neighbor (NN) search. While these methods managed to
achieve increased 3D object pose estimation performance de-
spite only using a lightweight CNN, non-trivial object sym-
metries [11, 12, 14, 15, 16] and poor 3D pose representation
[13] can cause convergence issues during CNN training.

In this work, we propose a 3D object pose estimation
method that aims to overcome all the aforementioned limi-
tations of existing methods. More specifically, we improve
the existing feature learning methods by introducing a novel
multi-objective loss function to train a lightweight CNN to
extract pose-related object image features. The proposed loss
function utilizes unit quaternions to represent 3D poses and
a symmetry-aware term to handle non-trivial symmetries of
objects which facilitate the feature learning process, resulting
in discriminative pose-related features from which the final
3D object poses can be more accurately obtained. Moreover,
since the proposed loss function is carefully designed to en-
code 3D object poses in the extracted features, the proposed
method is able to successfully generalize to previously unseen
objects. Finally, the lightweight architecture of the feature
extraction CNN allows execution on hardware with limited
computational capabilities, rendering the proposed method
suitable for autonomous systems.

In summary, this paper offers the following contributions:

• a novel multi-task objective function for 3D pose fea-
ture learning that combines unit quaternions and a
symmetry-aware term,



• a 3D object pose estimation method with increased 3D
object pose estimation performance and generalization
ability that is suitable for embedded systems.

2. PREVIOUS FEATURE LEARNING 3D OBJECT
POSE ESTIMATION METHODS

Feature learning pose estimation methods [11, 13, 14, 15, 16,
17] offer several advantages over pose regression [1, 4] or
classification [3] approaches, as they only require a shallow
CNN architecture, they are scalable to the number of objects
[14] and can simultaneously perform object classification. In
this case, a CNN is first trained to extract pose-related features
from an object image. At test time, the extracted object image
features are matched with a set of precalculated database im-
age features via NN search, returning as final object class and
3D pose estimates the ones that correspond to the retrieved
closest database image.

In order to learn such pose-related image features, a
feature learning pose estimation framework was firstly in-
troduced in [11], where a lightweight CNN was trained to
calculate discriminative features using Siamese [18] and
triplet [19] network architectures. The feature learning loss
function which was used in [11] to train the CNN was of the
following form:

L = Ld + λw‖w‖22, (1)

where Ld is a feature learning term, λw is a regularization pa-
rameter and ‖w‖2 is the L2-norm of the network parameter
vector. Ld consists of a pairwise and a triplet loss function,
Ld = Lpairs + Ltriplets [11], in order to learn object im-
age features from which both the 3D object pose and the ob-
ject class can be retrieved. Lpairs is responsible for keeping
object images with similar poses close in the feature space,
while Ltriplets aims to distinguish between different object
identities. Later, the total loss function (1) was extended in
[14] by adding a dynamic margin in the triplet loss func-
tion Ltriplets to improve the robustness of the resulting low-
dimensional features. The dynamic margin, which utilized
unit quaternions and quaternion distance, was defined as:

εd =

{
2 arccos(|qTi qj |) if ci = cj ,

n else, for n > π,
(2)

where qi, qj and ci, cj are the corresponding ground truth
3D pose and object class labels of training samples si, sj ,
respectively, while n is a constant value for penalizing pairs
from different object classes.

In order to learn more discriminative features for 3D ob-
ject pose estimation and object recognition, a pose-guided
pairwise loss and an extra 3D pose regression term was used
in the total loss function in [13]:

L = Lpose + Lobject + Lreg + λ‖w‖22. (3)

In this case, the pairwise loss Lpose enforces a direct rela-
tionship between the learned features and the real pose label
differences, while the role of triplet loss Lobject remains the
same as in [11, 14]. The trained model yielded pose-related
features that greatly improved the 3D object pose estimation
performance compared to [11]. The work of [14] was also
extended in [15, 16], where a quaternion regression term was
used in the total loss function, along with the feature learn-
ing term Ld. By using quaternions and quaternion regression,
the trained model not only demonstrated increased 3D object
pose estimation performance, but also enabled direct 3D ob-
ject pose regression by completely omitting the NN search
step.

3. MULTI-TASK FEATURE LEARNING

The objective function used in the proposed 3D object pose
estimation method is:

L = λpLpose + λoLobj + λrLqreg, (4)

where Lpose, Lobj , Lqreg are the pairwise, triplet and quater-
nion regression loss functions, respectively, and λp, λo, λr
are hyper-parameters used to control the contribution of each
term in the total loss function. The key difference between
the proposed loss function and (3) is that the terms Lpose,
Lqreg in (4) utilize unit quaternions and quaternion distance.
Unit quaternions q ∈ R4, q = [q0, q1, q2, q3]

T , ‖q‖2 = 1,
offer a preferable alternative for rotations representation, as
they are more compact compared to rotation matrices and also
avoid the gimbal lock problem [20] of the Euler angle repre-
sentation. Since unit quaternions double-cover the SO(3) (q
and −q represent the same rotation), in the proposed method
we enforce q0 ≥ 0 in order to achieve a one-to-one corre-
spondence between rotation matrices and quaternions. More-
over, the quaternion distance offer an accurate representation
of real pose differences, which is required in the proposed
method.

The pairwise (Lpose) and the triplet (Lobj) loss functions
utilized in (4) are specifically designed in order to learn a dis-
criminative feature space during CNN training. Let si =
{xi, ci,qi}, i = 1, . . . , N be a training set sample which
contains an RGB-D image xi of an object, its assigned ob-
ject class label ci ∈ C = {c1, . . . , cL} and the correspond-
ing 3D pose quaternion qi ∈ R4. Also, let P = {si, sj},
T = {si, sj , sk} be sets containing training sample pairs and
triplets, respectively. The pairwise loss Lpose is computed on
pairs {si, sj} ∈ P , where the samples si, sj belong in the
same object class cl, l = 1, . . . , L and is used to enforce pose
similarity within the same object class cl. Note that some ob-
jects may seem very similar under different poses, therefore,
we need our model to be able to handle these cases where
objects are symmetric in a non-trivial way. To this end, we
weight the contribution of each sample in Lpose with the cor-
responding symmetry-aware term φ(qi,qj) to impose infor-



mation about object symmetries to the model. Therefore, if
fi = f(xi) ∈ F ⊂ Rd are the features obtained from the last
fully connected CNN layer having xi as input, the pairwise
loss is defined as:

Lpose =
∑
si,sj

φ(qi,qj) · {‖fi − fj‖22 − 2 arccos(|qTi qj |)}2,

(5)
where φ(qi,qj) = ‖dqi − dqj‖22 and dqi , dqj are the ren-
dered depth object images under the poses qi, qj , respec-
tively. Essentially,Lpose forces the Euclidean feature distance
between two samples from the same object class to be equal to
the quaternion distance between the corresponding 3D poses
qi, qj . However, as in some cases an object may appear the
same when seen from different viewpoints, convergence prob-
lems may occur during training. By using φ(qi,qj) in (5), the
learned features of symmetric samples with very similar ren-
dered depth images dqi

, dqj
are not directly affected by the

magnitude of the symmetry-agnostic 2 arccos(|qTi qj |) term.
Therefore, minima closer to the global minimum can be lo-
cated during the network optimization process.

The triplet loss term Lobj in (4) enforces features coming
from same-object class samples to have smaller distances in
the feature space, when compared to the distances of features
calculated from different object class samples. For this pur-
pose, the sample triplets {si, sj , sk} ∈ T , consist of samples
si, sj coming from the same object class cl, l = 1, . . . , L,
while sk is a sample coming from any different object class.
Lobj is of the following form:

Lobj =
∑

si,sj ,sk

‖fi − fj‖2
‖fi − fk‖2 + ε

, (6)

so that the distance in the feature space between the same ob-
ject class is forced to be smaller than the distance between
object features coming from different classes. ε is a small
regularizing constant, that also prevents having a zero denom-
inator in (6).

The quaternion regression term Lqreg is defined as:

Lqreg = 2arccos(|qT q̂|), (7)

where q, q̂ are the ground truth and the predicted 3D ob-
ject pose quaternion, respectively. Lqreg not only enables the
CNN to directly regress the 3D object pose in the form of
a unit quaternion, but also assists the feature learning pro-
cess by imposing extra information about 3D object poses
to the model. However, quaternion regression requires spe-
cial attention, as the four quaternion entries q0, q1, q2, q3 are
not independent. The term sin θ

2 is found in all three entries
q1, q2, q3, while cos θ2 contributes to q0. Therefore, trying to
directly regress q leads to inferior performance [21]. In con-
trast, in the proposed method, unit quaternions are obtained
implicitly. That is, the independent axis-angle rotation repre-
sentation entries r = [θ′, u1, u2, u3]

T , θ′ = θ
2 are regressed,

where u ∈ R3, u = [ux, uy, uz]
T is the unit rotation axis and

θ ∈ R its rotation angle. Ultimately, the predicted 3D object
pose quaternion q̂ = [q̂0, q̂1, q̂2, q̂3] used in (7) is obtained as
follows: 

q̂0 = cos(θ′)

q̂1 = u1 sin(θ
′)

q̂2 = u2 sin(θ
′)

q̂3 = u3 sin(θ
′).

(8)

4. EXPERIMENTAL EVALUATION

The CNN used in the proposed method has the same archi-
tecture as the ones used in [11, 13, 14, 15]. The first two
network layers are convolutional ones with rectified linear
(ReLU) activation function, followed by two fully connected
layers. The final fully connected layer produces the 3D pose
feature vector f ∈ F ⊂ Rd. In all the experiments, the fea-
ture dimensionality was set to d = 32. For the quaternion
regression, an extra fully connected layer is added after the
feature layer. This layer is followed by the quaternion activa-
tion layer, which outputs q̂, according to (8). We empirically
set λp = 10, λo = 1 and λr = 0.5 in all our experiments to
benefit 3D pose feature learning. The overall CNN is trained
for 400 epochs using the stochastic gradient decent method,
with momentum 0.9 and initial learning rate of 0.01, which is
reduced in each epoch.

The proposed method is compared to the baseline meth-
ods of [11, 13, 14, 15]. In all experiments all models were
trained using the Cropped LineMOD dataset [11]. It has to
be noted that in all cases, the estimated 3D object pose is the
ground truth pose assigned to the closest database sample re-
trieved by the nearest neighbor search. For the quantitative
evaluation of all trained models, the angular error metric is
used [14]:

err(q, q̂) = 2 arccos(|qT q̂|), (9)

where q, q̂ are the the ground truth and the estimated ob-
ject pose, respectively. The 3D pose estimation accuracy at
threshold t is then defined as the percentage of test samples,
for which the angular error between the estimated and the
ground truth pose is below a threshold angle t, err(q, q̂) < t.
Note that, the pose estimation accuracy is calculated only for
the test samples that were correctly matched to their corre-
sponding object class.

The comparison between the performance of the pro-
posed and the baseline CNN models 3DPOD [11], PEDM
[14], PGFL [13] and QL [15] for threshold angle values
t ∈ [5◦, 10◦, 15◦, 20◦, 30◦, 40◦, 45◦] is presented in Table
1, where the object classification accuracy is also reported.
It should be noted that, since the code of [14] could not be
made available, the results reported in [14] are directly cited
in Table 1 only for threshold angle values t ∈ [10◦, 20◦, 40◦].
As can be seen in Table 1, the proposed method outperforms



Table 1. 3D object pose estimation and object classification accuracy.

Angular threshold t

5° 10° 15° 20° 30° 40° 45° Mean (Median) ± Std
Object

classification
3DPOD [11] 40.15% 72.72% 86.02% 91.76% 95.42% 96.90% 97.34% 12.75°(7.06°) ± 24.61° 98.94%
PEDM [14] ? - 60.00% - 93.20% - 98.00% - - 99.30%
PGFL [13] 41.28% 83.07% 93.98% 97.43% 99.11% 99.52% 99.60% 6.89°(5.79°) ± 6.29° 99.64%
QL [15] 41.37% 82.02% 95.32% 98.49% 99.72% 99.92% 99.94% 6.64°(5.78°) ± 5.14° 99.50%
ours 44.13% 84.25% 95.76% 98.77% 99.84% 99.93% 99.94% 6.31°(5.53°) ± 4.58° 99.68%

? The results of PEDM are directly cited from [14].

Fig. 1. Retrieved top 3 nearest neighbors for 3 query im-
ages from Cropped LineMOD dataset [11]. First two columns
show the query RGB-D images and the rest columns depict
the retrieved closest nearest neighbors from left to right.

all competing methods, yielding increased 3D object pose
estimation accuracy for all angle threshold values. Partic-
ularly in the high 3D object pose estimation accuracy area
(t = 5◦) the proposed method increased the 3D object pose
estimation accuracy up to 4%. In addition, the proposed
method outperforms all competing methods in the object
classification task. As also reported in Table 1, the proposed
method has lower mean and standard deviation values of the
angular error compared to all competing models. The re-
sults show that by incorporating the symmetry-aware term
φ in the quaternion-based feature learning process using (4),
the proposed method is able to extract more discriminative
pose-related features that enable increased 3D object pose
estimation performance.

Apart from the comparison reported in Table 1, we also
performed a qualitative evaluation of the proposed method.
More specifically, the images of the closest 3 database sam-
ples retrieved by the proposed method for random query test
images from the Cropped LineMOD dataset are presented in
Fig. 1. It can be seen that all query images are success-
fully matched to database samples that have very similar 3D
pose, with the 3D pose difference between them being im-
perceptible in most cases. Finally, the generalization ability
of the proposed method on a previously unseen object (car in
random scenes, simulating an objective of a self-driving car
scenario) is evaluated by utilizing images from WCVP [22]
dataset. Thus, random images from the first split of WCVP
dataset were used as query images, while all images from the
second split of WCVP dataset were utilized as database sam-

Fig. 2. Generalization ability of the proposed method on pre-
viously unseen object. First two columns show the query
RGB-D images and the rest columns depict the retrieved clos-
est nearest neighbors from left to right.

ples. Note that, as a pre-processing step, depth images were
extracted using the depth estimation method of [23] (since
depth images are not provided by WCVP) and then both RGB
and depth images were cropped using the ground truth 2D
bounding boxes provided by WCVP. The results presented in
Fig. 2 show that the proposed method was able to match query
images with database samples that have almost identical 3D
poses, without the need for an extra training step and despite
the fact that cars between query and database images may
have different shape or color.

5. CONCLUSION

In this work, a 3D object pose estimation method for embed-
ded execution was presented. By utilizing a lightweight CNN
and a specifically designed 3D pose feature learning objective
function that considers non-trivial object symmetries, the pro-
posed method yielded more discriminating 3D pose features,
hence, outperforming state-of-the-art feature learning meth-
ods. Experiments in the Cropped LineMOD dataset showed
that the proposed method increased the 3D object pose esti-
mation accuracy for all angle threshold values as well as the
object classification accuracy. Finally, the proposed method
demonstrated increased generalization ability to unseen ob-
jects, without the need for extra training.
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