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Abstract. Unstructured agricultural environments
comprises several elements that present significant
challenges to visual odometry (VO) methods. Deep
learning-based VO methods have been proposed in
state-of-the-art which have been demonstrated out-
standing performance in structured environments even
superior to conventional methods, nevertheless, these
methods fail when face to unstructured environments
such as the agricultural. In this work, we propose
deep learning based VO model that exploits depth,
spatial, and temporal features. To do this, the proposed
model comprises two image processing pathways: the
scene and depth pathway. The features extracted in
these pathways are then fused to computes the relative
pose given as R and t components. We conduct
experiments evaluating the proposed model employing
the agricultural Rosario dataset. Results show that
the use of depth features improves significantly the
performance of proposed model, obtaining consistent
and coherent estimated trajectories in training and
testing sequences.

Keywords. Unstructured environment, visual odometry,
agriculture, deep learning.

1 Introduction

Monocular visual odometry problem consist into
estimate the camera pose (R, t) in a particular
space given a pair of monocular images through
time, this is also know as ego-motion. In
the state-of-the-art there are several works that
tackled this problem which are usually developed
and tested under structured environments and
they are showed an outstanding performance,
nevertheless, there are scarce research about

monocular visual odometry in unstructured agricul-
tural environments.

Unstructured agricultural environments generally
comprises features, such as mountains, vege-
tation, uneven terrain, absence of man-made
structures, and non-solid elements that can
produce movement in the presence of winds
such as plant foliage. These attributes present
significant challenges to visual odometry (VO)
methods.

This work addresses the problem of monocular
VO in unstructured agricultural environments.
Conventionally, the drawbacks presented in these
type of environments have been addressed by
incorporating sensor fusion such as in [6, 22],
however, this involves several challenges such as
the joint calibration of several sensors, as well as
the handling of accumulated sensor errors, which
requires a more complex system [7].

Deep learning strategies have been employed
to solve problems where classical VO methods
present limitations. These strategies have
demonstrated certain robustness under adverse
conditions such as illumination drastic changes
and dynamic environments; even in some aspects
these methods have surpassed classical ones
[16]. However, because these methods usually are
trained and tested under structured environments,
when they are assessed under the unstructured
environment conditions, such as in agricultural
environments, these systems fail in trajectory
estimation [19].

To tackle this problem, in this work we exploit
the depth, spatial, and temporal image features
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by building a deep learning-based monocular VO
method with two image processing pathways:
the scene and depth pathways. For this, we
employ the DeepVO [24] framework, and take the
modified version of DeepVO [18] as baseline to
construct the scene pathway and monodepth2 [10]
encoder to construct the depth pathway. Generally,
proposed method comprises the modules: feature
extractor to capture depth and spatial image
information, memory unit to correlate temporal
features, pathway heads to prepare features to
be fused, and the estimator that computes the
relative pose given as translation t and rotation R
components.

Experiment results show that the depth infor-
mation added in a second processing pathway
helps to improve significantly the performance of
proposed model. The estimated trajectories in
training and testing sequences are consistent and
coherent, which helps to reduce the Absolute
Trajectory Error since the first 50 epochs.

This paper is organized as follows. Section
2 presents related works. Section 3 details the
proposed methodology. Section 4 presents and
discusses the results derived. Finally, Section 5
provides the conclusions and future work.

2 Related Work

In the literature, diverse methods of visual
odometry based on deep learning have been
proposed. One of the first works is PoseNet
[12], which consists of the feature extraction
stage by a convolutional network (or encoder)
and the estimator (or decoder) composed of
fully connected layers, where the global pose is
estimated given an input image, this approach
is highly susceptible to appearance changes.
Because of this, more sophisticated approaches
have been proposed that aim to exploit temporal
information implicit in sequential images. One of
these early approaches is DeepVO [24], which
receives two sequential images and, in addition
to using a convolutional network as an encoder,
adds a recurrent network to capture temporal
dependencies between the image pairs.

Recent works following this approach [27, 28,
26] demonstrate that the geometric information

extracted by the decoder, combined with the
temporal dependencies extracted by the recurrent
neural network, improve the performance of a
visual odometry model when faced to challenges
such as velocity changes or abrupt movements,
and low-texture regions, achieving similar results
to classical visual odometry methods.

Additional works attempt to improve the perfor-
mance of these approaches by adding optical flow
[25, 14], and depth [13, 30] information. In [25, 14],
the flow field image generated by an optical flow
estimation model is used as input to the visual
odometry model to estimate pose, which is trained
using a supervised strategy. On the other hand,
[13, 30] employ depth images as input for the pose
estimation model and are trained in self-supervised
approach.

These works have demonstrated considerable
progress in the field of visual odometry. However,
these models have been trained and tested on
structured outdoor and indoor datasets such as
KITTI [9], EuRoC [3], and TUM [23]. Therefore,
when tested under unstructured conditions, these
models fail [19].

Similarly to the previous works [13, 30], in this
paper, we consider that the use of image depth
fused with scene information can be exploited
to improve the performance of a VO model
under the conditions of an unstructured agricultural
environment. But differently to [13, 30], we do not
use the image depth directly as input to the pose
estimation model or VO model, instead, we use a
trained encoder based on monodepth2 to extract
feature maps that contains the depth information.
Specifically, the proposed model employs two
image processing pathways, the scene pathway
which encodes image features, such as color
and texture; and depth pathway that encodes
image depth features. Results shows that the
use of depth information helps to improve the
performance of a baseline VO model, obtaining
good estimation results since the first 50 epochs.

3 Methodology

Given a sequence of monocular rgb images Xt

up to time t, the proposed model computes the
conditional probability of relative poses Yt. As
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Fig. 1 shows, proposed model consists of two
image processing pathways: the scene pathway
(above) where image appearance features are
captured, and the depth pathway (bottom) that
encodes image depth features; in both pathways
spatio-temporal features are captured by the
temporal correlation stage (memory unit). In
general, each pathway is composed of the fea-
ture extractor, spatio-temporal feature correlation
(memory), pathway heads, and estimator. The
two pathways are fused and processed by the
estimator that decodes the features into relative
pose. In the following subsections, the model
design and dataset details are given.
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Fig. 1. Proposed model framework

3.1 Model design

The proposed model follows the DeepVO [24]
framework, which is a deep learning-based visual
odometry and trained in an end-to-end fashion.
Specifically, this work is based on the modified
version of DeepVO (M-DeepVO) for unstructured
agricultural environments presented in [18].

To capture depth, space, and temporal prop-
erties of the input images, proposed model
is composed by the scene and depth image
processing pathways, which are then fused to
estimate the relative pose, a brief description of
the main components of proposed model are given
below.
Scene pathway: Blocks in green depicted in
Fig. 2 show to scene pathway. First, the input
rgb images I3XHXW

t−1 , I3XHXW
t are concatenated

resulting with shape of [6,H,W ] and passed to
feature extractor F based on ResNet-18 [11] to

Monodepth2
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Fig. 2. Proposed model blocks. Blue blocks own to depth
pathway, and green blocks correspond to spatial pathway

extract image scene features, here a DConv layer
was added to the output of ResNet, which employs
Deformable Convolution [8] version 2 [31], where
following the insights of [2] this block was set
at the end of spatial image processing to act
as best features selector before the adaptative
average pool layer (AvgPool). DConv layer
is presented in Fig. 3, which consist of two
standard convolutional operators that adds linear
transformations, the main operator based on
deformable convolution (DCN), and the residual
connection. Then to capture temporal information
between F (It−1),F (It), Gated Recurrent Unit
(GRU ) [5] is employed, which was set to 512
internal units. At the end of scene pathway, the
head HF was set, which is a fully connected
layer to add linear transformation, and prepare the
features pathway to be fused.

Depth pathway: Blocks in blue presented in Fig.
2 comprise the depth pathway. First, encoder
D based on pretrained monodepth2 receives
two rgb images I3XHXW

t−1 , I3XHXW
t separately,

the depth image features encoded are passed
to the ConvGRU [1] to capture temporal depth
dependencies between D(It−1),D(It). Then the
feature map resulting is processed by DConv layer
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Fig. 3. DConv block. The main operator is deformable
convolution (DCN) with kernel size of 3x3
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Fig. 4. Estimator stage, which is composed of two
MLPs conformed by fully connected layers FCN , they
contain two hidden layers, the first with 512 neurons, and
second with 256 neurons. The input are concatenated
features of scene and depth pathways, and the outputs
correspond to rotation R and translations t

to select best features before adaptative average
pool layer (AvgPool). Finally, the pathway head
HD prepares the depth features to be fused with
the scene fatures. Here, the decoder D based
on pretrained monodepth2, is freezed, so it’s not
trained.

Estimator: It is represent in red block (Head)
in Fig. 2. Here, the output of depth and scene
head pathways are fused, and then send to a pose
net module to compute the relative pose. The
pose net module is depicted in Fig. 4, which is
composed of two MLPs with two hidden layers,
one to estimate the rotations R and the other to
estimate the translations t.

To learn the hyper-parameters θ, the Euclidean
distance between the groundtruth (pτ ,φτ ) at time τ
and its estimated one (p̂τ , φ̂τ ) are minimized. The
loss function is composed of Mean Squared Error
(MSE) of the translations p and rotations φ, which
is defined as:

θ∗ =
argmin

θ

N∑
i=1

t∑
τ=1

∥p̂τ − pτ∥
2
2 + κ ∥φ̂τ − φτ∥22 .

(1)
where θ∗ represents the optimal parameters; ∥·∥ is
2-norm; κ is the scale factor to balance the weights
of positions and orientations; and N is the number
of samples.

3.2 Revisiting Monodepth2

Monodepth2 [10] is a network that estimates the
depth of a monocular image. It consists of two
networks, one composed of U-Net architecture
to estimate depth (Depth Network) and the
other corresponding to a resnet-18 architecture
to estimate camera pose (Pose Network). U-Net
employs a resnet-18 architecture for the encoder,
and for the decoder they use an architecture that
they generated themselves.

The training is self-supervised, meaning it
generates its own supervision signal to estimate
loss during training. It consists of predicting
(estimating) the appearance of a query image
based on the viewpoint of another image (view
synthesis). In this way, the model is trained by
minimizing the error in reconstructing an image.

In this work, only the Depth Network encoder
was used, which was obtained by training
monodepth2 from scratch using the Rosario
dataset. Training was conducted employing the
stereo and monocular approach for 50 epochs.
Fig. 5 shows the estimated depth image (bottom)
given a monocular input RGB image (top) obtained
using the Monodepth2 model trained with Rosario
dataset. Since the Rosario dataset does not
include depth groundtruth data, we employed the
default scale of 0 to 100 meters used for outdoor
environments, thus the most intense colors are
close to 0 meters, and the dark colors are close
to 100 meters.
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(a) (b) (c)

(d) (e) (f)

Fig. 5. Image depth estimated by monodepth2 trained
with Rosario dataset. Top row (a-c) shows the input RGB
monocular image, bottom row (d-f) shows the respective
image depth estimation

3.3 Rosario Dataset

Proposed in [17], the Rosario dataset is composed
of six sequences taken in an agricultural envi-
ronment. Each sequence includes: image data
captured with RGB stereo camera with image size
of 672x376 and rate of 15 Hz, IMU data with
rate of 140 Hz, and the groundtruth obtained with
GNSS employing frequency of 5 Hz to record data
which is given in TUM format. The scenes in this
dataset are composed of crops, where the camera
moves in a linear fashion through the fields until it
reaches a return point to rotate and continue with
the linear motion, simulating the movement of a
field robot. Fig. 6 shows frames of the Rosario
dataset scenario.

(a) (b) (c)

Fig. 6. Frames captured in the Rosario dataset

Because of the supervised approach employed
to train our model, the image data was matched
with the groundtruth data, thus reducing the total
number of images originally captured with rate
of 15 Hz to 5 Hz based on the amount of
data captured with GNSS. We also change the
groundtruth given in TUM format to KITTI format.
Table 1 shows the sequence information, including

the number of frames resulting from the GNSS
matching, as well as the length and duration of the
sequence.

Table 1. Sequences description of Rosario dataset. The
original sequences name given in [17] starts from 1 to
6, in this work, we change the sequences name, starting
from 00 to 05

Seq. name Num.
frames

Length (m) Duration
(min.)

00 2208 611.55 9.3
01 1338 321.87 4.4
02 998 177.02 3.3
03 781 144.84 2.7
04 1385 321.87 5.2
05 2219 708.11 9.8

3.4 Metric

The Absolute Trajectory Error (ATEtrans) was
employed to measure the performance of the
proposed model.

ATEtrans =

√√√√ 1

N

N∑
i=1

∥∥T trans
gt,i − T trans

est,i

∥∥2. (2)

where Test,i is the estimated trajectory; Tgt,i is the
groundtruth; N means the total number of poses in
a trajectory; and trans represents the translation of
the variables.

4 Experimental results

To evaluate the proposed method of using image
depth information in the modified DeepVO model,
two sets of experiments were conducted. The
first consists of analyzing the performance of the
proposed model every 10 epochs until reaching
100 epochs, to identify the adaptability of the image
depth information obtained from the pre-trained
monodepth2 model with the information from
the scene being trained each epoch; and then
increasing the training sequence up to 500 epochs
in order to identify any improvement when the
model is trained for a long period, this experiment
is called as depth information impact. And the
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second experiment consist of analyze the general
performance of the proposed model with different
training and testing sequences, this is called
as general performance. In both experiments,
a performance comparison between modified
DeepVO [18] (M-DeepVO) and the proposed
model was made.

For the experiments, image frames were resized
to 320x160, κ was set to 50, and learning rate
was set to 5x10−5 using the Adaptative Gradient
(AdaGrad) as optimizer.

The proposed model is implemented in PyTorch
[15], the training sequences were deployed using
a single NVIDIA RTX 2070 GPU with batch size of
32.

4.1 Depth information impact

To identify the impact of depth information obtained
by incorporating the monodepth2 encoder through
the depth pathway, the performance of the modified
DeepVO base model [18] (M-DeepVO), which only
incorporates the scene pathway, was compared
with the proposed model. For this, we trained both
models setting sequences {00, 01, 03, 04, 05} (7931
frames in total) for training and sequence {02}
(998 frames in total) for testing. Training phase
was made along 500 epochs, where the first 100
epochs were checked each 10 epochs, and the rest
each 100 epochs.

Graph in Fig. 7 shown the ATEtrans obtained
during the first 100 epochs in steps of 10, and
the rest in steps of 100, by modified DeepVO
(M-DeepVO) in red line color and the proposed
model in blue line color, with the training sequence
{00} and the test sequence {02}.

Fig. 8 shown the qualitative results of baseline
modified DeepVO [18] (M-DeepVO) in the training
{00} and testing {02} sequences along the first 100
epochs with step of 10 (see (a), (b), for training
sequences, and (d), (e) for testing sequences); and
then for 500 epochs in steps of 100 (see (c) for
training sequences, and (f) for testing sequences),
where the dashed lines represent the groundtruth
and the colored lines correspond to the respective
model in training epoch.

In Fig. 9 the qualitative results of training the
proposed model are shown, where the dashed
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0
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A
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)

ATE in training [00] and test [02] sequence

proposed [02]

M-DeepVO [02]

proposed [00]

M-DeepVO [00]

Fig. 7. Comparison of ATEtrans obtained by modified
DeepVO [18] and the proposed along training in
sequence {00} and testing with sequence {02}

lines represent the groundtruth and the colored
lines represent the estimated trajectories by the
model in a respective epoch. (a) and (b) show the
results of the first 100 epochs in steps of 10 with
the training sequence {00}; (d) and (e) show the
results of the first 100 epochs in steps of 10 with
testing sequence {02}. (c) and (f) show the results
for 500 epochs in steps of 100 for training {00} and
testing {02} sequences respectively.

4.2 General performance

To identify the general performance of the pro-
posed model, we trained the baseline M-DeepVO
and the proposed model with different sets of
training and testing sequences. Table 2 presents
the qualitative results of this experiment, where
the set of training and testing sequences can be
identified. In addition, runtime measurements in
sequences are reported, given in time spend in
minutes along a full sequence (all frames in a
sequence) and per step (using pair image as input)
measured in Hertz.

Qualitative comparison results between M-
DeepVO and the proposed model are depicted in
Fig. 10, the dashed lines represent the groundtruth
and colored lines correspond to the estimated
trajectories by a respective model. (a) and (f)
show the results in training sequences {00, 05}
respectively. (b) to (e) show the results in testing
sequences {01, 02, 03, 04}, which are reported in
Table 2.
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Table 2. ATEtrans (in meters) and runtime (in minutes and Hertz) obtained by proposed model, remarked column
means the test sequence ATEtrans

Methods Sequence Name Runtime in sequence
Train Test Full seq. (min) Step (Hz)

00 02 03 04 05 01 01
M-DeepVO [18] 94.85 12.12 34.51 31.51 146.2 92.76 0.533 41.812
Proposed 27.55 26.70 29.52 25.38 33.13 77.78 0.983 22.677

00 01 03 04 05 02 02

M-DeepVO [18] 79.02 42.46 20.39 48.9 236.6 43.9 0.4 41.583
Proposed 26.59 26.95 26.56 28.96 33.20 17.58 0.733 22.681

00 01 02 04 05 03 03

M-DeepVO [18] 89.26 16.23 9.07 14.05 30.63 35.04 0.316 41.105
Proposed 27.42 23.49 25.91 24.84 32.97 24.11 0.583 22.314

00 01 02 03 05 04 04

M-DeepVO [18] 85.18 74.04 81.05 95.14 104.5 79.12 0.55 41.969
Proposed 27.09 24.77 26.89 31.03 34.34 41.79 1.05 21.984
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Fig. 8. Qualitative results of modified DeepVO [18]
model during training. (a-c) correspond to trajectory
estimation in training sequence {00} (top graphs); (d-f)
correspond to trajectory estimation in test sequence
{02} (bottom graphs)

4.3 Comparison With State-of-the-art Methods

Table 3 presents a comparison of ATEtrans

results obtained by the proposed model and
state-of-the-art methods, which are: the baseline
modified DeepVO (M-DeepVO) [18] method, which
is an end-to-end model fully based on deep
learning, trained with the Rosario dataset; the
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Fig. 9. Qualitative results of proposed model during
training. (a-c) correspond to trajectory estimation in
training sequence {00} (top graphs); (d-f) correspond
to trajectory estimation in test sequence {02} (bottom
graphs)

hybrid method proposed by Shu et al. in [20], it’s
based on a classical indirect monocular VSLAM
system which employs a deep learning-based
method to recover depth information from a
monocular image; this method was developed
using the Rosario dataset; MonoViT [29], which
was developed using the KITTI dataset (a
structured environment), to obtain the results in
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Fig. 10. Qualitative comparison between M-DeepVO
and the proposed model. (a) and (f) correspond to
estimated trajectories of sequences {00, 05} employed
for training; (b-e) are estimated trajectories of sequences
{01, 02, 03, 04} employed for testing, quantitative results
of these test sequences are presented in Table 2

Table 3, this method was trained with Rosario
dataset; and ORB-SLAM3 stereo [4], which
is a classic indirect method based on feature
extraction. Results of MonoViT and ORB-SLAM3
were taken from [19].

Table 3. Comparison of ATEtrans (m) results with state-
of-the-art methods

Methods Sequence Name
01 02 03 04

M-DeepVO [18] 99.56 7.923 5.74 53.39
Shu [20] 12.46 16.98 14.52 13.58
MonoViT [29] 72.17 7.3 8.08 24.70
ORB-SLAM3 [4] 6.41 10.53 7.32 7.06
proposed 77.78 17.58 24.11 41.79

According with Table 3, proposed model
exhibits better performance than M-DeepVO in
complex sequences {01, 04} (due to approximately
180-degree turns) even when M-DeepVO is trained
with 2K epochs and the proposed model with
500 epochs, which is able to recognize movement
direction changes due to such turns (see (b) and
(e) in Fig. 10). While in sequences {02, 03},
M-DeepVO has a lower ATEtrans, qualitatively,

the proposed model presents a more consistent
trajectory estimation (see (c) and (d) in Fig. 10).

On the other hand, in sequences {02, 03},
proposed model presents competitive performance
compared to the hybrid SLAM method [20].
MonoViT presents a lower ATEtrans in all se-
quences than the proposed model; nevertheless,
in sequence {01}, it presents a similar result
(with a difference of 5.61 meters). Due to the
stereo configuration, which allows it to accurately
estimate depth and consequently the scene scale,
ORB-SLAM3 stereo performs better in complex
sequences {01, 04}. In sequence {02}, the
proposed model presents a competitive result
compared to ORB-SLAM3 stereo (with difference
of approximately 7 meters).

4.4 Discussion

The incorporation of depth information add con-
siderable improvements to the baseline modified
DeepVO [18] (M-DeepVO) which is evidenced by
the proposed model results.

In the depth information impact experiment, the
proposed model presents the best performance
compared with the baseline modified DeepVO
(M-DeepVO) model, even in the first 50 epochs as
(a) and (b) in Fig 9 shows. On the other hand,
baseline modified DeepVO (M-DeepVO) presents
a low performance in the first 100 epochs as (a),
(b), (d) and (e) show in Fig. 8; and when it is trained
up to 500 epochs, the performance improves but
the estimated trajectories are not consistent as (c)
and (f) in Fig. 8 show. This experiment reveals
that depth information captured by the monodepth2
decoder can be used to boost DeepVO model,
its impact can be observed since 10 epochs,
where the training and testing sequence maintain
consistent and coherent with the groundtruth as
Fig. 9 shows. This impact is not incremental along
a large number of epochs, i.e. the improvement
reach a state where the estimated trajectory is not
relevant improved, e.g. when the model reach
300 epochs in the results presented in (f) Fig.
9, the estimated trajectories do not present a
relevant improvement, it seems that the following
epochs (400 and 500) do not present any effect
in comparison with the first 100 epochs, it can
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also be seen in Fig. 7, where the ATE decreased
significantly in the first 100 epochs, then the ATE
maintains a similar state or value. On the other
hand, M-DeepVO can improve its performance with
greater number of epochs as was demonstrated
in [18], where it was trained along 2K epochs to
obtain good results.

The general performance experiment assessed
the proposed model performance by switching
the training sequences to use the sequences
{01, 02, 03, 04} for testing. This is for evaluate the
capacity to maintain a similar performance with
different training and testing scenarios. This results
are presented in Table 2, where the performance
of the proposed model is better than the baseline
modified M-DeepVO, because in major of training
and test sequences the proposed model present
lower ATEtrans. A peculiar case is given when
sequence {03} is used for testing, here M-DeepVO
present a lower ATEtrans than proposed model
in all of training sequences present, but in tested
sequence, the proposed model performs lower
ATEtrans, it means that this model can generalize
better. Considering runtime reported in Table 2,
proposed model had a longer execution time than
the M-DeepVO, approximately twice as long. This
performance in runtime is expected due to the
incorporation of a second processing pathway in
the proposed model, where the layer that requires
the most execution time is ConvGRU , which
makes the proposed model require more execution
time.

Another important aspect that can be observed
in Fig. 10, is the consistency of the trajectories
generated by the proposed model compared with
M-DeepVO; the trajectories estimated by proposed
model present more consistency and coherence
with the groundtruth, but when the test trajectory
present curves, the performance decrease, this
can be caused by the scarcity of trajectory curves
samples for training.

Compared with state-of-the-art methods pre-
sented in table 3, the proposed model performs
competitive with the hybrid method [20] in
sequences {02, 03}, a similar performance was
presented with the classic ORB-SLAM3 stereo [4]
method. Considering that [20] and ORB-SLAM3
methods are based on a classical approach, they

require manual calibration for correct operation,
while the proposed model, due that it is based
fully on a deep learning approach, does not require
any calibration, making it simpler and faster to
implement.

Although MonoViT’s quantitative results are
better to those obtained by the proposed model,
these results shown in Table 3 are scaled and
aligned with the groundtruth, which improves its
performance as shown in (b) Fig. 11, while results
presented by the proposed model are not scaled
nor aligned. Qualitatively, the proposed model
exhibits a better trajectory estimation consistency
with respect to the groundtruth, as shown in (a)
Fig. 11, where estimated trajectories are not
scaled. Considering sequence {04}, ATEtrans of
the MonoVit trajectory estimation without scaling
is 91.59 meters, whereas ATEtrans of proposed
model trajectory estimation without scaling is
41.79 meters, which means that proposed model
performs better.
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Fig. 11. Qualitative comparison between MonoViT and
proposed model. (a) Estimated trajectories without
scaling; (b) Estimated trajectories with scaling

5 Conclusion

Depth information added in a second processing
pathway helps to improve the performance of
the baseline modified DeepVO as the proposed
model shows; the geometric patterns learned
by monodepth2 encoder helps to produce better
training and testing trajectories estimations in less
number of epochs.
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The proposed model present good performance
compared with baseline modified DeepVO even
when this last is trained with 2K epochs. Proposed
model shows susceptibility to curves presented
in trajectories {01, 04}, in this sequences the
performance decreased.

As future work, we consider to increase the
training and testing sequences by adding the
Rosario dataset version 2 [21] sequences. We
expect this help to improve the performance of the
proposed model in curves movements.
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