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Abstract—It is shown how dense optical flow obtained using
deep learning can be used to provide high quality visual odom-
etry. The obtained odometric information can be utilized as a
component to reduce the inherent drift of inertial navigation
systems (INS). This could be a key component to provide
autonomous system with robust localization capability in GNSS

denied environments. The method leverages the power of estimat-
ing optical flow from neural networks, which can provide reliable
results even when feature based optical flow fails. Comparison
of different methods to decide which points of the dense optical
flow that should be used to provide as good visual odometry as
possible has been performed. Furthermore, it is exemplified how
the methodology can help limit the drift in an INS.

I. INTRODUCTION

Accurate and reliable localization plays an essential role in

autonomous navigation systems. It is an important enabler for

wide variety of applications, for example autonomous driving

or unmanned aerial vehicles navigation. Global navigation

satellite systems (GNSS), which uses satellites orbiting the

earth to calculate the navigation information is, by far, the most

used system for providing an accurate location information in

outdoor environments. However, GNSS are sensitive to signal

disturbances, jamming and spoofing, suffers from degraded

performance in urban canyons, and does not work at all in

indoor environments where the GNSS signals are blocked. In

contrast, inertial navigation system (INS), which uses inertial

sensors, is a common way to obtain stand-alone localization

information without relying on external signals. However, due

to its nature, i.e., dead-reckoning of measured accelerations

and angular rates, it suffers from long-term drift which is a

problem. Usually this is solved by an additional source of

information to reduce the drift and provide a viable long-term

navigation solution.

Vision-based localization systems, and especially monocular

cameras, have attracted considerable attention over the past

few decades due to low sensor costs and wide applicabil-

ity. Vision-based systems can provide useful complementary

sensor information to other sensors such as GNSS, INS, laser

scanner, etc. There are many examples of localization systems

that are vision-based, e.g., visual odometry (VO) [1], where

monocular camera is used for velocity estimation or visual

simultaneous localization and mapping (V-SLAM), such as

Mono-SLAM, [2], which is an example of a SLAM problem,

[3]. Mono-SLAM is essentially an extended Kalman filter

(EKF)-based visual navigation system which estimates the
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camera pose by utilizing information from translations be-

tween image frames. It also estimates the 3D-structure by using

the 2D features from the images in an EKF. Parallel tracking

and mapping (PTAM), [4], is a similar estimator that uses the

FAST corner detector as a 2D feature extractor, [5], and also

optimizes the map with bundle adjustment. It splits tracking

and mapping sequences into two threads and adopts a key-

frame idea in the mapping step. However, this system requires

manual initialization. In recent years, state-of-the-art solutions,

such as ORB-SLAM [6], has emerged as one of the widely used

methods in different applications showing robust performance.

The visual tracking thread of ORB-SLAM is based on the

ORB feature, an oriented FAST and rotated BRIEF, to improve

both feature detection and descriptor performance [7], and it

overcomes the shortcoming of manual initialization of PTAM

by utilizing key-frame-based homography and fundamental

matrix estimation with automatic initialization. It proposed a

pipeline with three parallel threads consisting of tracking, local

mapping, and loop-closing. The direct sparse odometry [8] was

proposed as a sliding window bundle adjustment method for

the direct tracking method without using a loop closure. The

direct methods show reliable tracking performance in large

environments. However, it requires a high camera frame rate,

and the monocular-based direct methods still have the scale

issue. Moreover, due to the limitations of the field of view or

information loss in 2D to 3D structure reconstruction from the

visual measurements, the motion is only recovered up to an

unknown scale factor depending on depth ambiguity, inherent

in all monocular systems.

To overcome these disadvantages, visual-inertial navigation,

which combines measurements from an inertial sensor and a

camera, has been actively studied to solve the scale estimation

using the IMU. In addition, it helps with the disadvantages

of the inertial system’s inherent drift by lowering the error

accumulation with support from the visual measurements.

The multi-state constraint Kalman filter (MSCKF) [9] is an-

other successful example of robust visual-inertial estimation.

It showed good performance in an environment which is

sufficiently rich with landmarks that can be tracked by ad-

justing number of landmarks and, consequently, the size of

the covariance (which normally increases quadratically in size

with the number of landmarks) which can be an obstacle for

real-time applications. MSCKF is utilized in Google’s ARCore

[10] and Apple’s ARKit [11]. Other successful examples of

inertial-visual estimation include [12–15]. The last mentioned,

VINS-Mono, employs an IMU pre-integration method, [16],

which integrates the IMU parameters between camera frames,



as well as modularized pipeline for the visual-inertial esti-

mator. Expansions of this concept, such as tightly coupled

pre-integration and loop closure used in global optimization

framework, were done in [17]. It contains bootstrap initializa-

tion from arbitrary state and an expanded sensor configuration

to e.g., stereo camera and IMU fusion.

The rapid development of the deep learning in computer

vision makes it possible to apply these techniques to the

navigation problems where vision is utilized. DNN started

with replacing obvious components such as feature detectors,

descriptor, and depth estimation, [18, 19]. CNN-SLAM [20]

was proposed by combining depth estimation from neural

networks and the large scale direct monocular SLAM (LSD-

SLAM) backend, [21]. It can estimate the camera pose from

pure rotation via depth estimation. However, its robustness

is limited in long-term navigation. A GoogleNet-based pose

estimator, PoseNet, [22], is trained on structure from motion

(SfM) data without map information for pose estimation. It

requires sophisticated SfM with existing data in the training

step, and therefore the performance is highly data dependent.

DeepFactors [23], introduces the idea of combining the advan-

tages from previous visual navigation paradigms. It utilizes

geometric error from feature-based and deep learning depth

estimation methods and photometric error from direct method.

It shows clean 3D surface reconstruction, but it still has

limitations in large-scale scenes. A study on how combined

representations influence the performance [24] suggested that

using an intermediate representations method including depth

estimation or optical flow performed better than end-to-end

learning. Hybrid methods utilizing optical flow networks for

visual odometry were proposed [25, 26]. However, these

methods still suffer from the inherent scale problem of the

camera-only method. Depth networks have been applied to

overcome this limitation [27], but it requires more learning

parameters as well as more hardware resources.

In this paper, we propose a visual-inertial odometry method

using deep learning-based dense optical flow estimation as

the means to support the inertial system. We have chosen

dense optical flow due to its versatility compared to sparse

methods. It gives the possibility to use every pixel and is

not limited to the information content in the scene. Deep

learning has been chosen due to its capability to estimate dense

optical flow in an efficient way, compared to calculating it in a

classical way. Our previous study [28] shows that six different

dense optical flow estimation methods obtained from deep

networks, [29–34], can provide optical flow with good quality.

The study compares deep network-based optical flows with

classical feature-based flow estimation method. The proposed

odometry pipeline combines the deep learning-based dense

optical flow (used as visual measurements) with inertial data

(accelerations and angular rates) in order to obtain as accurate

as possible velocity estimate.

The main contributions of this paper are:

• a fusion method using dense optical flow, obtained from

deep neural network, as visual measurements that can

reduce drift in IMU based dead-reckoning;

Fig. 1: System overview

• a comparison of different methods to decide the best

optical flow from dense flow frames that can improve

odometry performance; and

• a performance evaluation of the proposed odometry esti-

mator on a publicly available UAV dataset.

The remainder of this paper is organized the following way.

First, in Sec. II, the proposed visual-inertial fusion method is

described. The experimental setup and the results from the

experiments using the proposed method are presented and

discussed in Sec. IV. Finally, the conclusions and discussions

are presented in Sec. V.

II. VISUAL-INERTIAL INFORMATION FUSION

We consider the inertial-visual odometry formulation based

on the optical flow from a monocular camera that is rigidly

attached to the IMU. It is assumed that the dynamic model for

the moving platform and the optical flow measurement model

are on the following form:

xt = f(xt−1,ut) + nt, (1a)

0 = h(xt,yt, et), (1b)

where, xt is the platform’s state and yt is the measurements,

both at time t. Here, nt and et denote white Gaussian noise

with nt ∼ N (0, Qt) and et ∼ N (0, Rt), respectively. The

dynamic model takes the inertial data as control input ut. This

model will be given in more detail below.

A. Notation

We first define the notation that we use throughout the

paper. We denote the fixed world frame W , the IMU frame

I , the camera frame C, and the platform body frame B. In

the camera frames, we denote the pixel frame p, and the

normalized image frame n. The points in the pixel frame

p are denoted mp, and m̃p is the homogeneous version.

Therefore, m̃n = K−1m̃p is defined using the intrinsic

camera matrix from a pinhole camera model [35]. Moreover,

the skew-symmetric matrix operator is defined as

Ω(u) =





0 −uz uy

uz 0 −ux

−uy ux 0



 , (2)

acting on a 3D vector u =
[

ux uy uz

]T
.



B. IMU dynamic model

The inertial measurements of the angular velocity ωI
t and

acceleration aI
t from the IMU are given by

ω̂I
t = ωI

t + nω
t , (3a)

âI
t = aI

t + na
t , (3b)

where, ω̂I
t and âI

t are the IMU measurements at time t.

nω
t and na

t denote angular velocity and acceleration noise,

respectively, both assumed to be Gaussian white noise with

covariance Σω = σ2
ωI3 and Σa = σ2

aI3, respectively. Here, I3
denote an identity matrix of dimension 3× 3.

The state x of the dynamic model comprises the position

pW =
[

px py pz
]T

, the velocity vW =
[

vx vy vz
]T

,

and a unit quaternion qWB =
[

q0 q1 q2 q3
]T

. The

quaternion qWB defines the orientation of the body frame B

expressed in the world frame W [36]. We can now use the

measurements from IMU to infer the system dynamics model

in time interval T as

pW
t = pW

t−1 + TvW
t−1 +

T 2

2

(

RWB
t−1 (a

B
t + na

t ) + gW
)

(4a)

vW
t = vW

t−1 + T
(

RWB
t−1 (a

B
t + na

t ) + gW
)

(4b)

qWB
t = exp

(

T
2
S(ωB

t + nω
t )
)

qWB
t−1 , (4c)

where the skew-symmetric 4× 4 matrix

S(ω) =









0 −ωx −ωy −ωz

ωx 0 ωz −ωy

ωy −ωz 0 ωx

ωz ωy −ωx 0









, (5)

and RWB
t−1 is the shorthand notation for the rotation matrix

parametrized using the unit quaternion as in R(qWB
t−1 ) and

gW =
[

0 0 −9.81
]T

denotes the gravity vector. Note

also that acceleration and angular velocity are expressed in

the body frame (B). This is done by applying the rotation

matrix between inertial and body frame, RBI (assumed to be

known and constant), to accelerations and angular velocities,

{a,ω}B = RBI{a,ω}I . Another frame that is important is

the camera frame (C), and in this work we will assume that

the camera and body frame are the same.

C. Optical Flow

Optical flow is defined as the movement of a pixel between

consecutive image frames. The basic assumption is that the

pixel should represent the same point in 3D scenes, then it is

possible to describe properties of the motion of the camera

without knowledge of the underlying 3D world. Assume a set

of correspondences between images Ik and Ik+1, mk
p and

mk+1
p , the optical flow for the point mk

p is then defined as

ṁk
p = mk+1

p −mk
p. (6)

Assuming the underlying point in 3D giving rise to the point

in the image is the same, the optical flow contain information

about the movement of the camera.

Traditionally optical flow has been computed using feature

points which could be tracked in consecutive images, i.e., Ik,

from which the optical flow is easily computable.

D. Visual Measurement Update Model

We use the derivations in [37, 38] which considers the

image point denoted mn and the optical flow in that point

denoted ṁn. It is assumed that the measurement of the flow is

calculated from the neural networks. Following the derivations

in the references above, optical flow measurements can be

related to the kinematics of the camera motion and combined

with the IMU dynamics model for estimation purposes in the

following way: from the 3D point observation model (which

we assume is time dependent), mC = RCWmW + tC ,

and taking its time derivative, we can derive the following

equation:

ṁC = ṘCWmW +RCW ṁW + ṫC

= Ω(ωC)(mC − tC) + ṫC , (7)

where ṁC is (3D) optical flow in camera frame, RCW , tC

are the extrinsic parameters of the camera observation model,

and Ω(ωC) is the skew-symmetric matrix obtained from the

angular velocity ωC .

Since the depth λ = mC,z is unknown, it is convenient to

eliminate it from (7) by using following relationship; mC =
λm̃n, where m̃n is the homogeneous form of the image point.

Equation (7) can now be rewritten as follows:

˙̃mn = ωC × m̃n +
1

λ
vC −

λ̇

λ
m̃n, (8)

where ˙̃mn is the homogeneous form of optical flow in which

the z-axis component is zero per definition, and vC is related

to the states as

vC = ṫC − Ω(ωC)tC (9a)

tC = −RCWpW (9b)

ṫC = −Ω(ωC)RCWpW −RCWvW (9c)

Scalar-multiplying both sides of (8) by (vC ×m̃n)
T from the

right, the depth parameter λ can be eliminated resulting in

0 = ˙̃mT
n (v

C × m̃n) + m̃T
n (ω

C × (vC × m̃n)). (10)

We link the parameters with the system model to obtain

the final measurement equation. We assume that the camera

and IMU are mounted on a rigid body, and that the initial

alignments are given. The angular velocity ωC is from the

world frame to camera frame, which can be obtained from

the IMU measurement with rotation matrix RCI , the IMU-

camera rotation information. Using the angular velocity ωC ,

image coordinates m̃n and their optical flow ˙̃mn, as well as

mutually independent measurement noise at time t, the final

measurement equation is obtained by

0 = h(xt,yt, et)

= ( ˙̃mn + eof )T (vC × m̃n)

+ m̃T
n ((ω

C + eω)× (vC × m̃n))

= ˙̃mT
n (v

C × m̃n) + m̃T
n (ω

C × (vC × m̃n))

+ m̃T
n (e

ω × (vC × m̃n)) + (eof )T (vC × m̃n), (11)



where eof and eω are the mutually independent measure-

ment noise of optical flow and angular velocity and yt =
[

ωC ˙̃mn

]T
.

The above discussion shows how the optical flow in a

given image point can be formulated as a measurement.

The information in a single point of optical flow is limited,

using more points may provide more information. This is

achieved by simply stacking several measurements equations

(11) for different points, as described above. This composite

measurement can then be used in an EKF to infer the state.

Since optical flow and the angular velocity are used as the

measurements, the proposed method can update the velocity

and orientation of the state more directly. This means that

the position estimate will still inherit drift from the velocity

estimation error. However, for completeness sake, we evaluate

performance comprehensively for all the states in the next

section.

III. OBTAINING OPTICAL FLOW MEASUREMENTS

Recent advances in deep learning methods have resulted in

new ways to compute optical flow, and DNN can be used to

compute dense optical flow from image pairs (Ik, Ik+1). The

selection of in which points of the optical flow to used has a

significant impact on how much information can be extracted.

We will first outline how DNN can be used to obtain dense

optical flow, followed by a discussion about different ways to

select which of estimated points to use.

A. Optical Flow from Deep Learning

Compared to feature based, sparse, optical flow, where the

optical flow is recovered in only a few points, DNN can provide

dense optical flow, i.e., optical flow for each pixel in an image.

As such, it can provide optical flow in cases when the feature

detector used in a sparse method fails to find matching feature

points.

Most DNN for optical flow estimation are trained using syn-

thetic data. The reason is that it is very difficult to accurately

label image pairs with respect to optical flow, whereas it is easy

to generate high quality optical flow between two simulated

images. The paper [28] presents an evaluation of six different

methods to compute dense optical flow using DNN, trained

using synthetic data, and benchmarked on real images. Based

on these results, which show no significant difference between

the evaluated methods, the global motion aggregation (GMA)

[34] method trained on synthetic data will be used to compute

dense optical flow in this paper.

It should be noted that, even though DNN methods provide

dense optical flow, the quality of the computed optical flow

typically depends on the available texture in the images from

which to infer the optical flow. This leads up to the question

of how to select which points of the optical flow should be

used in the visual-inertial information fusion.

B. Feature-Based Optical Flow Selection

When using sparse, feature-based, optical flow, optical flow

points to use are naturally determined by the detected feature

points. These in turn depend on the feature detector used,

e.g., ORB as in this paper. The number of points can be

controlled by setting the threshold for feature matching. A

benefit of using features is that the quality of the optical flow

is high (in feature points), as they with good accuracy connects

detected features in consecutive images. The downside is

that, depending on the structure in the image, the number of

detected features might be low, resulting in a low diversity

amongst the points in which the optical flow is available.

C. Grid-Based Optical Flow Selection

When using dense optical flow, potentially all image pixels

could be used for estimation. However, this strategy is not

advisable due to shear amount of data to process in the filter

leading to quick increase in computational complexity, as well

as flow quality. This quality varies in the image and including

poor optical flow in the estimation should be avoided. The

measurements of optical flow are most informative if the

optical flow points in different directions. One method to select

suitable optical flow measurements is to divide the image into

a grid, and then pick one or more measurements from each

cell, e.g., the center point or the point with the strongest optical

flow. The idea being that, while being an inexpensive selection

criterion, by choosing points from different cells the optical

flow diversity should be maximized. Picking the strongest

optical flow should maximize the signal to noise ratio which,

in turn, increases the quality of the measurement.

D. Consistency-Based Optical Flow Selection

Another method to select optical flow points is to try to

identify high quality optical flow points across the whole

image and use them as measurements. The idea pursued in [39]

is that points for which the optical flow between the images

Ik and Ik+1 and back, from Ik+1 to Ik, is consistent should

have high quality flow. This is because the GMA finds the same

optical flow in both directions. These points can then be used

to construct the measurement.

To define a consistency measure, consider the point mk
p in

image Ik with the associated optical flow ṁk
p , for which the

matching pixel in image Ik+1 is

m̂k+1
p = mk

p + ṁk
p.

Now, using the reverse optical flow from image Ik+1 to Ik,

m̂k
p = m̂k+1

p + ṁk+1,b
p ,

where superscript b is used to indicate the backward direction

of the optical flow. The optical flow in mk
p is fully consistent

if m̂k
p = mk

p . That is, filter out pixels where

D
k(mk

p) =
∥

∥m̂k
p −mk

p

∥

∥ =
∥

∥ṁk
p + ṁk+1,b

p

∥

∥ (12)

is small. This concept is illustrated in Fig. 2.

We select optical flows with D
k(mk

p) lower than a certain

threshold, i.e., high flow consistency, and use them in the vi-

sual measurement model. That is, pixels with high confidence

based on the flow consistency are used as measurements. This

procedure can be combined with other methods if the number

of measurements needs to be limited further.



TABLE I: Summary of estimation results. Boldface figures denote the lowest value for each parameter and data set.

Velocity Error [m/s] Orientation Error [◦] Position Error [m]
x y z Total ψ θ ϕ Total x y z Total

DR 3.02 0.73 0.48 3.14 0.05 0.41 0.05 0.49 83.25 36.40 16.80 92.40
mh_01_easy ORB Selection 0.34 0.38 0.10 0.52 0.05 0.35 0.07 0.38 4.58 7.84 1.80 9.26
(3 682 frames) Grid Selection 0.25 0.32 0.17 0.44 0.05 0.17 0.05 0.24 2.25 3.62 1.48 4.51

Consistency Selection 0.18 0.23 0.13 0.32 0.05 0.19 0.05 0.22 1.57 1.92 2.21 3.32

DR 1.38 1.35 0.18 1.94 0.04 0.12 0.06 0.15 58.55 64.93 6.54 87.68
mh_03_medium ORB Selection 0.81 0.60 0.08 1.01 0.66 0.44 1.12 1.24 7.83 4.06 2.55 9.18

(2 700 frames) Grid Selection 0.54 0.33 0.08 0.64 0.11 0.23 0.17 0.28 6.11 8.51 4.98 11.61
Consistency Selection 0.30 0.33 0.06 0.45 0.03 0.18 0.06 0.16 3.43 13.45 4.21 14.50

DR 1.36 1.22 0.38 1.87 0.17 0.59 0.22 0.85 21.24 24.96 19.38 38.08
v2_01_easy ORB Selection 0.33 0.41 0.18 0.56 0.16 0.48 0.22 0.75 2.53 3.87 4.13 6.20
(2 280 frames) Grid Selection 0.21 0.34 0.16 0.43 0.16 0.46 0.22 0.71 2.98 2.76 3.17 5.16

Consistency Selection 0.20 0.32 0.15 0.40 0.16 0.46 0.22 0.70 2.60 3.24 2.54 4.87

DR 7.87 1.58 0.15 8.03 0.26 0.66 0.37 0.91 277.77 22.63 4.11 278.72
v2_03_difficult ORB Selection 0.37 0.39 0.09 0.54 0.25 0.57 0.35 0.73 8.49 2.85 1.82 9.14
(1 922 frames) Grid Selection 0.38 0.36 0.09 0.53 0.24 0.60 0.33 0.75 7.61 1.27 0.87 7.76

Consistency Selection 0.30 0.41 0.09 0.52 0.33 0.60 0.42 0.81 4.06 2.22 1.83 4.98

Fig. 2: An example of the forward-backward optical flow

relationship between two frames. ṁk
p is the forward optical

flow of frame Ik to frame Ik+1, and ṁk+1,b
p is the matching

backward optical flow.

IV. EXPERIMENTAL SETUP AND EVALUATIONS

In this section, we describe the details of the experimental

evaluation of our method using the publicly available Eu-

Roc datasets [40]. The estimation performance of the sparse

feature-based optical flow and optical flow without flow

consistency, described in Section III-A, is compared to the

proposed method.

A. Implementation Details

The optical flow network of the proposed framework is

implemented using PyTorch [41] with the mixed precision

strategy. The network is initialized from scratch with random

weights using Tesla T4 GPU. We follow the standard optical

flow training conventions [30, 33, 42]. We first pre-train

GMA network on FlyingChairs [29], and fine-tune it on a

combination of FlyingThings3D [43] and Sintel [42]. We train

on FlyingThings3D for 120 000 iterations with a batch size

of 8, followed by another 120 000 iterations on FlyingThings

with batch size of 6. Finally, the model is further fine-

tuned on Sintel for 120 000 iterations with batch size 6. We

implement the same hyperparameters as GMA for the training.

The runtime of the measurement step is significantly affected

by the inference time of this trained GMA networks.

B. Experimental setup

We compare our approach with pure inertial dead-reckoning

(DR), i.e., no support from the optical measurements, classical

sparse feature-based optical flow instead of deep networks,

and optical flow without considering flow consistency. For

the sparse optical flow, ORB feature detector [7] is used. To

compare the influence of flow consistency on point selection

in dense optical flow, we assign 16 equally distributed small

patches in the dense flow frame and extract optical flow

from each patch under the norm constraint that satisfies some

threshold to remove outliers. We then compose the optical

flow measurements as the maximum flow value in the patch.

The threshold for consistency-based optical flow is selected

empirically, and we set it to 8× 10−4.

All the methods are evaluated on image sequences from

the EuRoC dataset [40], in particular the “Machine Hall

01” (here denoted “mh_01_easy”), “Machine Hall 03”

(“mh_03_medium”), “Vicon Room 02” (“v2_01_easy”), and

“Vicon Room 03” (“v2_03_difficult”), which are the same

sequences used in our previous work [28]. All comparisons

are performed against the ground truth available in the dataset.

C. Results

The quantitative results of the proposed method on all

sequences are shown in Table I. Velocity error, angle error, and

position error measure the root-mean-square error from their

respective ground truth. Below, the velocity and orientation

estimates will be evaluated first, then the resulting position

estimates.

1) Velocity and Orientation: The velocity and position

errors are expressed as each axis and total errors. The ori-

entation is considered as Euler angles; roll, pitch, and yaw.

The qualitative results are shown in Fig. 3–4, containing

velocity error in xy-plane, z-axis velocity error, orientation

error expressed as angle differences and the position error

for each axis for mh_01_easy and v2_03_difficult sequences.

The table and figures indicate that the proposed method

using flow with the consistency check shows better average
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Fig. 3: Estimation errors using the different methods on the

mh_01_easy sequence.
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Fig. 4: Estimation errors using the different methods on the

v2_03_difficult sequence.

estimation performance than pure dead-reckoning, the feature-

based method, and the grid selection method.

The velocity estimation from DR data shows large errors

compared to other methods and, in some sequences, it di-

verges. This is more or less the expected behavior of the dead-

reckoning with uncorrected inertial measurement. However,

estimators with added visual measurement do not diverge and

show less velocity errors than DR. As can be seen in the quan-

titative analysis, although the velocity error between methods

varies depending on axis, the proposed method with flow

consistency shows improved total velocity estimation error in

all cases compared to other methods. On the other hand, all

compared methods including DR show small orientation errors

in all sequences. It means that the proposed dynamic model

provides more accurate orientation estimation although drift

occurs in the velocity estimate.

One interesting result is that the z-axis velocity estimation

shows relatively small errors compared to other axes (this

includes DR as well). The probable reason for this is the

camera configuration on the UAV. The camera is mounted in
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Fig. 5: Position estimates for mh_01_easy sequence.
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Fig. 6: Position estimates for v2_03_difficult sequence.

such a way that it faces in the direction of flight most of

the time. This means that z-axis is basically parallel with the

image plane and most of the xy-plane is perpendicular to it. In

turn, the flow induced by the movement in the xy-plane will

in general be small in most of the pictures, while the flow in

the z-direction is easier to detect. These two things together

will give an estimation result similar to what was obtained

here.

2) Position: The position estimates from DR diverges with

large drifts in all cases, as illustrated in Fig. 5–6. However,

the results show the effect of using measurement update from

the optical flow extracted with both feature-based and deep

learning methods. Additionally, in mh_03_medium, the feature

based optical flow method shows small average position error,

but the results of other sequences show that the proposed

method (with flow consistency) is efficient in reducing position

estimation drift over long sequences. Overall, using optical

flow as a measurement is efficient in reducing velocity and,

mostly, position drift and deep learning-based optical flow is

useful in providing dense flow in a relatively straightforward

way. The dense flow is more preferable to sparse one, since the

possibility to choose the best parts of the image is much easier

in that case. In addition, the results also show that using the

flow consistency prediction the estimation is further improved.

V. CONCLUSIONS AND FUTURE WORK

In our previous study [28], deep learning-based dense

optical flow was evaluated and compared to the sparse feature-

based flow, and the performance was quite satisfactory. We

proposed that deep learning-based dense flow can be used

for support of the navigation system by fusion with inertial

information. To extract optical flow from dense frames, a

grid-based method and a flow consistency method was pro-

posed and evaluated. The results show that deep learning-

based optical flow provides efficient measurement information

with relatively superior visual inertial navigation compared

to traditional feature-based methods, and in particular, can

update stable measurements by removing outliers through flow

consistency.

The proposed method is shown to be effective in reducing

the velocity drift. However, the position error is still relatively

large, and it can be considered to further reducing it by adding

measurements that can update position information in addition

to optical flow. Future work includes expanding experiments

on other environments and compare with reference to other

approaches.
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