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Abstract—Dense direct visual odometry (DDVO) is a well-
known robust model-based visual odometry method, that com-
putes robot self-localization with visual data. However, to obtain
a metric localization depth information is needed, which is not
available in most applications, especially in outdoor scenarios.
For this reason, we focus on a hybrid dense direct visual
odometry (HDVOQ) that combines a model-based localization
module and a data-based stereo depth estimation module. Since
depth is estimated from a stereo sensor, the proposed HDVO
can achieve better localization performance than methods using
only monocular RGB data. Moreover, the learning part of
HDVO is optimized with the photometric loss of DDVO without
any depth supervision signal. For this loss, occlusion and low-
texture will affect the optimization convergence. This paper
investigates a binary mask based on stereo-temporal consistency
to address the occlusion problem, along with another binary
mask based on local patch consistency to solve the low-texture
problem. Finally, it is shown that HDVO can achieve a significant
advantage in terms of both inference speed and odometry error
on public benchmarks. The corresponding code is available at
https://gitlab.inria.fr/acentauri-public/hdvo.

Index Terms—Visual odometry, hybrid AI method, data-based
algortihm, model-based algorithm, computer vision, robotics,
autonomous driving.

I. INTRODUCTION & RELATED WORKS

ODERN autonomous driving can use several sensors

for car localization when the GPS signal is poor or
absent: cameras, lidars, and sonars. Full vision-based methods
have the advantage of having low cost and good performance.
The main problem in visual odometry algorithms lies in
accurately matching detected features or image intensities,
which is a common problem for both feature-based visual
odometry methods and direct visual odometry methods.

Feature-based VO method heavily relies on feature de-
tection. Errors in feature detection and extraction cannot be
corrected and can lead to subsequent feature matching failures
[1], [2]. In contrast, intensity matching is included in the
loop for pose estimation in direct visual odometry methods.
Therefore, matching errors can be corrected in subsequent loop
iterations, and direct methods exhibit more reliable and robust
performance across various scenarios [3], [4].

Direct visual odometry methods can be categorized into
dense and sparse methods. Dense direct visual odometry uti-
lizes photometric intensities and may use geometric priors to
estimate dense or semi-dense geometry [3], [5]. Additionally,
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semi-dense direct visual odometry [6] introduces uncertainty
weights to mitigate the effects of noisy pixels. These dense or
semi-dense methods employ geometry priors, often referred to
as depth prior, to optimize the model parameters in order to
reduce computation time. Direct sparse visual odometry (DSO)
[4] uses less data and does not need to rely on geometry priors
since it can optimize all model parameters, including camera
poses, camera intrinsic parameters, and geometry parameters
(inverse depth), without incorporating geometry priors. On
one hand, DSO decreases computation time by selectively
using a set of independent regions around special points,
such as corners. On the other hand, the computation time of
optimization is increased since the depth is also unknown.
Finally, the performance of direct visual odometry heavily
relies on depth prior, pose prior, and the optimization method
determining a trade-off between precision [3] and efficiency
[4].

Considering the importance of priors in model-based visual
odometry methods, hybrid visual odometry approaches are
gaining increasing attention. These methods combine deep
learning networks with model-based pose estimators. For
instance, D3VO [7] and DVSO [8] employ learned depth and
camera pose as geometry and pose priors for DSO module
[4]. UnOS [9] proposes rigid-aware direct odometry (RDVO),
which performs odometry estimation based on the estimated
optical flow in rigid areas instead of relying on photometric
loss. Another hybrid method, DF-VO [10] combines deep
learning with epipolar geometry and Perspective-n-Point (PnP)
method. Although these methods show impressive accuracy
with deep learning. There are several critical problems. Firstly,
they obtain depth priors using monocular solutions, which
are not reliable in the depth scale. Secondly, it is difficult
to achieve real-time inference with multiple deep learning
networks.

All the previous hybrid visual odometry approaches in-
volve a pre-trained depth estimation network, a camera pose
estimation network or an optical flow network. The pre-
trained depth estimation network is the most important part
of these methods. Currently, only monocular networks are
being explored. These monocular networks are trained with
different loss functions, including weakly-supervised [11],
semi-supervised [8], or unsupervised [12], [13] loss functions.
Specifically, the photometric error is constructed by predicting
the warped stereo image or the warped temporal image. In the
case of stereo-warping, monodepth [14] introduces the stereo-
matching constraint to optimize the depth. This constraint is
widely utilized in subsequent work, often in combination with
the temporal-warping method [12]. As for temporal-warping,
SFMLearner [13] is one of the earliest networks that employed
a temporal-warping-based loss. They proposed using a full
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Fig. 1: Dense photometric loss matrix is affected by noisy pixels, including occlusion, brightness discrepancy, and homogeneous
texture. Each colored cell represent one pixel in loss matrix. Different colors have different loss values. Three simple examples

are shown above.

deep network to estimate camera poses, and then depth and
camera pose are used for temporal warping. Similarly to
dense direct visual odometry, temporal-warping methods also
minimize photometric errors of the warped reference image.
These temporal-warping methods predict camera pose with
pose networks. Because the predictions of pose networks are
not reliable, DVODepth [15] uses a direct visual odometry
module to fine-tune the camera pose further.

However, these monocular networks have problems of poor
generalization, which can be seen from two aspects. Firstly,
monocular solutions can not recover the depth scale as the
stereo vision in theory. This problem will be more serious in
a different scene of the training data.

Secondly, monocular networks have poor generalization
ability in new data domains, because they predict depth from
a monocular image. In contrast, stereo networks are designed
to learn stereo-matching relations. In previous works, stereo
networks have shown better and more robust performance
than monocular networks in both supervised [16] and weakly-
supervised ways [11].

The objective of this paper is to address the issue of visual
odometry, which is a crucial component in localization.

Considering the advantages of dense direct visual odometry
and stereo depth estimation network, this paper proposes a new
hybrid dense direct visual odometry (HDVO) approach. HDVO
has an end-to-end structure. In the training stage, the data-
based depth network is optimized with the same photometric
loss of the dense direct visual odometry module.

However, this photometric loss of the DDVO faces many
noisy pixels because of camera motion [7], [12], [17], [13].
The photometric loss matrix is actually the matching error
between reference and current frames. Various masking meth-
ods have been explored to solve this problem. These masking
methods can be divided into binary mask methods, which
remove noisy pixels from the loss, and soft mask methods,
which re-weight the influence of noisy pixels in the loss.
Based on pixel matching, we can systemically summarize
these problems into occlusion, brightness discrepancy, and
homogeneous texture. Fig. 1 explains how these noisy pixels
affect the photometric loss. Pixels in these ill-conditioned areas
act as outliers for the photometric loss.

For binary masks, previous methods have relied on hand-
crafted designs since the learnable methods are not reliable
when ground truth masks are not available. These masks
are designed based on different measurements, but they only
address a portion of the aforementioned problems. For ex-
ample, the principled mask [17] computes a binary mask
based on image warping alignment, filtering out pixels that
fall outside the image boundary. Monodepth2 [12] proposes
an auto-mask based on whether adjacent frames have the
same intensities. This mask filters out pixels from a static
camera, relative static objects, or homogeneous texture areas.
Additionally, an overlap mask and a blank mask are proposed
[19], based on image warping alignment. DFNet and UnOS
[20], [9] generate a binary mask using the forward-backward
consistency of optical flow. Overall, these masks partially
address some occlusion scenarios. And they only consider the
information in the monocular sequence.

For soft masks, or namely uncertainty” masks, previous
works can be categorized into direct regularization methods
and indirect methods. For instance, Sfmlearner [13], an un-
supervised depth and pose estimation framework, proposes an
explainability mask that ranges from O to 1. This mask is
optimized together with the loss by re-weighting the loss map,
and it is regularized to avoid vanishing to 0. Similarly, ”SFM
from SFM” [21] introduces a probability uncertainty mask,
which uses the inverse of the mask to re-weight the loss map.
Similarly, this soft mask tends to approach infinity. A loga-
rithm term is used to regularize it. D3VO [7], a hybrid direct
sparse odometry method, also uses the same soft mask as the
former. Furthermore, a learnable depth scale consistency mask
[22] is proposed to handle moving objects and occlusions. This
soft mask is learned by minimizing the depth scale consistency
loss. In addition, some indirect approaches utilize optical flow
and semantic segmentation tasks to generate soft masks that
represent moving objects [23].

Based on the above discussion, binary masks and soft masks
represent two different solutions to solve the noisy pixels in
dense photometric loss, filtering them and re-weighting them.
The problem of binary masks is that only the most extreme
noisy pixels can be confidently found. It is hard to identify
the boundary between noisy pixels and meaningful pixels. For
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Fig. 2: Structure of hybrid dense direct visual odometry (HDVO). HDVO contains a data-based depth network and a model-

based DDVO module. For depth network, the input includes left image IR

, right image If of reference frame, and intrinsics

K. DDVO module is an optimization-based method that has N iterations. For each iteration, relative pose and depth can be
updated with an optimizer. Depth network’s parameters are optimized with another optimizer. To compute the optimization
loss, both the occlusion mask and the texture mask are calculated with the stereo image I, temporal image I;, depth map Z,,
then, the dense loss map is filtered with these binary masks. In the inference stage, the parts with snowflakes v are frozen,
only the relative pose is optimized efficiently with a second-order optimizer, ESM [18].

soft mask methods, the learning-based method is not stable
in training and these masks cannot be generalized to new
data. Therefore, we introduce the famous robust loss function,
Huber loss function [24], to replace the L1 or L2 function
used in precious works [7], [12]. Huber loss function works
like L2 function for most loss values, but works like L1
function for high loss values. Therefore, it can decrease the
weights of noisy pixels. It is more robust and computation-
efficient than the learning-based soft mask. However, for the
most extreme noisy pixels, re-weighting by Huber loss can not
solve occlusion and low-texture problems. We further propose
new binary mask module, including an occlusion mask and a
low-texture mask, to filter the extreme noisy pixels. With both
Huber loss function and binary mask module, the proposed
model can converge to a better result.

The present article builds upon the foundation laid by previ-
ously published conference papers [11] [25]. These conference
papers presented preliminary findings and initial analyses,
which have since been expanded and refined through further
research. The first paper proposed to use stereo depth to
solve the scale problem of depth map, which can improve
direct visual odometry [11]. The second paper proposed a
new rule-based mask generation method, which shows better
explainability and performance [25]. By integrating and
extending the work from these earlier publications, the current
article offers a more comprehensive and detailed examination

of the subject matter. This progression allows for a deeper ex-
ploration of the topic, addressing limitations and incorporating
additional experiments to strengthen the overall conclusions
and contributions to the field.

In summary, the contribution of this paper can be summa-
rized as follows.

o This work unifies the modern deep learning network and
traditional direct visual odometry method.

« Stereo-based depth is introduced to solve the scale prob-
lem of monocular depth map, which is important for
generalization in different scenarios and sensors.

« HDVO can realize efficient test-time training, which im-
proves the generalization and keeps real-time inference.

« Robust Huber loss is introduced to replace unstable pixel-
wise loss weights, reducing the influence of noisy pixels.
The most extreme noisy pixels are filtered using robust
binary mask modules.

The paper is structured as follows: Section I provides an in-
troduction to our work, including our motivation, an overview
of related works in the field, and a description of our con-
tributions. In Section II, we present HDVO method in detail,
outlining its key components and explaining how it addresses
the challenges of occlusion, brightness discrepancies, and
homogeneous texture. Section III presents the experimental
results obtained through the application of HDVO. We analyze
and discuss the outcomes of our experiments to evaluate



the effectiveness and performance of the proposed method.
Finally, in the concluding section, we summarize the main
findings of our study and discuss the potential implications of
HDVO in the context of visual odometry. We also highlight
avenues for future research and development in this area.

II. PROPOSED APPROACH

In this section, we first describe the overall framework of
HDVO, and then introduce the data-based depth network,
model-based DDVO, photometric loss function, and occlu-
sion/texture masks for loss. As shown in Fig. 2, HDVO
contains a data-based depth module, a model-based DDVO
localization module, and masks for loss. This model is trained
with a photometric loss. In the training stage, the initialized
pose is set as the ground truth camera pose to optimize the
deep learning-based depth network. In the inference stage, the
pose is initialized with the pose of the last frame, and the
predicted camera pose can be obtained from DDVO module.

A. Data-based depth module

Dense direct visual odometry is based on RGB-D data.
However, the RGB-D data is not available for most scenes,
and RGB-D hardware has a higher cost than RGB camera.
This section will discuss the stereo solution to generate depth
information from RGB images. Compared with the popular
monocular depth networks [12], [13], the stereo network can
provide a more robust and accurate depth map.

To obtain depth information, the reliable and accurate two-
stage 2D-3D stereo network [26], [27], [28] is utilized. The
structure of the two-stage 2D-3D stereo network is introduced
as follows. It contains 2D feature extraction, 4D cost volume
construction, and 3D stereo-matching. Fig. 3 shows this net-
work structure.
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Fig. 3: Structure of two-stage 2D-3D stereo network.

To obtain accurate and robust depth, we propose to use the
3D-CNN (Convolution Neural Network) deep stereo network
[26] instead of the monocular auto-encoder [10], [7], [12]. This
3D CNN stereo network contains two stages: a parameter-
shared siamese 2D CNN feature extractor and a 3D CNN
matching network. Meanwhile, a 4D raw cost volume is
built before the matching network. For the 4D cost volume,
n possible stereo matches for the left and right views are
enumerated.

Firstly, 2D feature extraction is a shallow 2D CNN to de-
crease computation costs. This structure is designed similarly
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to the residual network [29], [26]. A left feature map and a
right feature map will be obtained with this network.

Secondly, similar to the traditional stereo-matching algo-
rithms [30], a 4D cost volume will be built with the left
feature map and the right feature map. Assume the disparity
distribution of these stereo images ranges from 0 to D — 1,
there are D stereo-matching pairs to be generated. For each
disparity value d € [0,D), there is a homogeneous disparity
map D,_, only contains value d, a warped left feature map Ff
from the right feature map is generated with this homogeneous
disparity map D,_,. Then, a stereo-matching pair is obtained
by concatenating the left feature F; and the warped left
feature FX. This stereo-matching pair is a 3D volume with
2C x 1H X 1W size. With D stereo-matching pairs, a 4D cost
volume Wthh has D x 2C x 1H X 1W size, will be obtained.

Thirdly, the 3D stereo- matchmg is usually performed with
stacked 3D auto-encoder CNN as [26]. After this 3D stereo-
matching network and x4 spatial upsampling, the learned cost
volume, which has D x H x W size, can indicate the true
disparity value for each pixel. The true disparity value has the
highest likelihood along the disparity dimension of the learned
cost volume. To make the network differential, a SoftArgmin
[31] layer is used. In each H x W spatial position, the predicted
disparity d is obtained by computing the weighted sum of the
cost volume probability vector and disparity distribution vector
d=10,1,..,D—1].

After havmg the predicted disparity map D, the predlcted
depth map Z can be transformed from the disparity map D
according to the stereo vision theory, as Eq. 1 shown.

.~ f-b
D

7= (D

where f is the focal length, b is the baseline length between
stereo cameras.

B. Model-based localization module

The model-based localization module is a traditional dense
direct visual odometry (DDVO) which is also an iterative
optimization-based method. The DDVO contains a forward
image warping and a backward optimization solver. In this
section, we introduce the forward image warping. The opti-
mization will be described in the next section. The DDVO is
optimized with photometric loss which is computed between
the generated image I¢ and ground truth image I,. The forward
image warping is to compute this generated image.

To compute the warped reference image I¢ from the current
image I, the transformation coordinate p. = P, of the current
image should be obtained. Firstly, the coordinate p, = [u,;V,]
of the reference image is firstly projected to a 3D space m, =
[X;Y,;Z,] as Eq. 2.

P, = [urivii1]
q, =K 'xp, )
m, =7,-q, = [X;;Y,;Z]

where K is the camera intrinsics. Z, is the depth of the
reference frame.
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Secondly, the 3D points of the reference view are trans-
formed to the current view with the 4 x 4 matrix of relative
camera pose “T,, as shown in Eq. 3.

m, = [m,; 1] = [X,1Y,:Z:: 1]
m, =T, -m, = [Xc;¥; Z; 1] 3)
m, = [Xo;Ye; Z]

Thirdly, the 3D points of the current frame are projected

back to 2D space. The obtained coordinates p. € P, will be
used for image warping operation.

qc :mc/zc
P = Kxqe = [ue;ve; 1] 4
Pc= [uc;vc]

Then, the image warping operation will generate the warped
reference image I¢ as Eq. 5. The photometric loss will be
computed between IS and I,, which will be described in the
next section.

I = W(L,P,) 5)

where W() is the warping operation according to the target
coordinates.

C. Loss function

The optimization of HDVO is mainly based on the image
photometric loss matrix between the generated image and the
ground truth image. In the previous works [10], [12], the
photometric loss usually refers to the L1/L2 error. In this
paper, we use the robust Huber loss as the photometric loss,
which is shown in Eq. 6.

115 (p) — I(p)| < &
otherwise

(6)

The difference between robust loss function and L1/L2 loss
function is shown in Fig. 4. Compared with L2 loss, Huber
loss can re-weight the outliers. Compared with L1 loss, Huber
loss is differentiable anywhere.

In addition, there are depth regularization terms that are
applied on the predicted depth Z. These regularization terms
include depth structure similarity error [32], and a depth
smoothness loss.

The Structural Similarity Index (SSIM) is a metric used
to measure the similarity between two images [32]. In this
context, SSIM is used to compare the similarity between
generated and ground truth images.

The SSIM loss is shown as follows.

1
lstructure = Z 5(1 - SSIM(Ible)(p)) (7)
peP

Y 1(E(p) —1(p))>

p<P

Y. 8(5(p) — I, (p)| — 16)
peP

lhuber =

The details of the SSIM measurement are shown as Eq. 8.
Let u, and p, be the mean pixel intensity of images I,,I,,
respectively. Let ze and Gy2 be the variances of images I, I,
and let o, be the covariance of images I, I,. Additionally, let

=== Ll Loss
— L2 Loss
0 F — Huber Loss {-rmmrremrrrrerremeres

-3 =2 -1 0 1 2 3
Residual (x)

Fig. 4: Different types of robust loss functions.

c1 and ¢ be two variables that help stabilize the division in
cases of weak denominator.

2ty +c1) (200 +¢2)
(U2 +pg+e1)(of+ 0} +c2)

SSIM(L,. 1) = @®)

The disparity smoothness loss can be seen in Eq. 9.

Lanooth = Z |ax2(p)‘ef|8x1<p)\ + |ay2(p)‘87\ay1(p)\ )
peP

where dy, d, refer to the gradient of x and y direction of the
image separately. Z,I are the depth and the image on the same
camera view.

D. Optimization

In this section, we discuss the optimization of HDVO. The
optimization of HDVO is described following training and
inference stages.

1) Optimization in training stage: In training stage, the
optimization target variables include data-based network’s
parameters x; and depth Z / pose T variables in DDVO
module. There are a large amount of parameters and gradients
that requires to be computed. And there are a large number
of training data. A first-order optimizer, such as RMSprop ,
is used in training stage to keep a lower global computation
cost in training stage.

Firstly, the gradients of the photometric loss relative to the
network parameters are computed as follows.

__ 90l Iy 97 9D
B0 92 oD oxyg

where [ is the total loss of photometric loss and depth
regularization losses, I = lyper + Lstructure + Lsmooth-

Then, the gradients of the photometric loss relative to depth
7 / pose T variables in DDVO module are computed as Eq.
11 and Eq. 12.

(10)

a1
827 01 9z

(1)
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These parameters are updated with a first-order optimizer
as Eq. 13.

(12)

Axy=—¢g 13)

2) Optimization in inference stage: Like most deep learning
methods, data-based network do not require to be optimized
in inference/test stage. Instead, the optimization goal is trans-
formed to optimize the relative pose T of moving camera,
which is the goal of visual odometry task. The network’s
parameters and depth variable in DDVO module are frozen.

To be efficient, the DDVO uses the ESM (Efficient Second-
order optimization Method) optimizer [18], which is computed
as Eq. 14.

There are two stages. At the first stage, the 6D camera pose
update Ax, is computed.

o (02 02)

where the J is the Jacobian matrix with gradients of the
ground truth image, J is the Jacobian matrix with gradients
of the generated image. The Jacobian matrix is computed as
follows.

—1 _ R

]
(5 @1 a9

12) )
J=—. e (15)
Jdp JAx,
where p = [u;v] is the image coordinate.
The image gradient can be computed easily.
2l | Z) ) |
— = (16)
ap ou, dv,

The gradient of the coordinates relative to 6D parameters is:

aP( Jus(so+52) .ﬂ“o_aﬁdl)
x, \ fs(0—ai)da  fis(so+s1)
zZ 0 zZX, (0-Y)X, 1+X'X, 0-VY
( 0 Zz z-(0-Y,) —-1-YY, XY, X!
(17

where [X/,Y!] = q can be obtained as Eq. 2. X,,Y, is
computed as follows.

Xy =(X.—t1/Z)-1/s9

Yo=Y —1/Z) 1/

where [t;f2;13] =t is the translation of the initialized camera
pose. The s, 1,57 is computed as follows, s =1/(so+s1 +52)-

(18)

1
13 05
— (t:X] —11)fu7i; (LY — 1) f,

[al;ag] = [[3)(; —l1;t3Yr/ —1‘2]
97.,97
[dl’dz] - [fugvag]

At the second stage, the 6D update Ax), is transformed to
4 x 4 camera pose T. The parameters X, € R® are defined in

1
[s0351382) = [1 1953]

19)

JOURNAL OF KKIgX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

Lie algebra. It is expressed with the constant velocity twist,
as the Eq. 20.

Ax, = (wAt,VAr) (20)

where Vv is the linear velocity, w is the angular velocity.
Then, incremental camera pose AT (X)) can be expressed as
Eq. 21.

WAf],,

AT(AX,,)—exp({[ o "(ﬂ)

As shown in Eq. 22, the predicted camera pose T is updated
iteratively.

21

Ti = T;_1AT(AX,) (22)

It is the product of the last step ’f‘k,l and an incremental pose
AT(Ax,). The x,, is a minimal parameter of the Lie algebra
se(3). In theory, there is an optimal & to make TT(X) =T. T
is the ground truth camera pose.

E. Loss masks

As discussed above, HDVO is optimized with dense photo-
metric loss between the generated and original image. Ac-
cording to the properties of cameras, extreme noises can
not be avoided in this photometric loss matrix because of
the occlusion and homogeneous texture problem. Previously,
robust loss functions (e.g. Huber) were used to remove the
effect of outliers [24].

However, for photometric loss matrix, those extreme noisy
pixels can not be solved well by robust loss function, espe-
cially for difficult cases. A binary mask is essential to solve
those extreme noisy pixels.

We summarize the extreme noises into two cases: occlusion
and low-texture. The occlusion mask removes all noises from
view occlusion and dynamic objects, and only keeps the most
reliable losses. The texture mask removes the ambiguous
pixels which can not be discriminated from surrounding pixels.

1) Occlusion mask: For a stereo direct visual odometry
model, there are three kinds of occlusion, including stereo
view occlusion and temporal view occlusion. The optimization
goal is to let loss / be 0, as shown in Eq. 23, but the occlusion
problem makes it impossible.

= 0,p € nonocclusion

I(p) = |I(p) —1(p)| = { (23)

> v,p € occlusion

where p = [u;v] is the pixel coordinate. For the occlusion
pixels, the photometric loss can not be zero because there is
no matched pixel. There is always a minimum error Yy, which
is the optimization noise. Therefore, the occlusion pixels will
affect the model converging to a global minimum.

To keep a reliable loss, a new method is proposed to
find the occlusion, namely stereo-temporal consistency (STC)
occlusion mask. This method is based on the double-check of
stereo-warped result and temporal-warped result on the same
camera view. The pixels that can be recovered from both
stereo and temporal warping are regarded as the confident non-
occlusion pixels. The computation steps of the STC occlusion
mask are shown in Fig. 5.



ZIMING LIU et al.: HDVO: HYBRID DENSE DIRECT VISUAL ODOMETRY

STC mask

Error map

Temporal-warped ime

Fig. 5: Steps for computing the STC occlusion mask.

Firstly, the stereo warped stereo image IS and the temporal
warped temporal image I’ are obtained.

S __
Ir - W(IS7 Zr) (24)
Itr = W(Ih Zr)
where I$ and I. are warped images in the same reference view.
I and I; are the stereo image and adjacent temporal image. Z,
is the reference depth. Then, the error map E, between I} and
IL is computed. To generate a binary mask for the loss map,
setting a suitable threshold value on this error map yields the
STC binary mask Mgrc as Eq. 25.

1,E. < 6
M =
Sre {OE >5

(25
In addition, different camera views have brightness discrep-
ancies problems, which are extra noises when measuring the
error in Fig. 5. To solve this problem, a brightness robust
error is proposed. To keep this error robust for the brightness
discrepancy of different camera views, we model this error
with the image’s local patches instead of the single pixel.
Furthermore, instead of simply summing or averaging the error
of the local patch, we introduce the zero mean normalized
cross-correlation ¢ to model the error of the prediction and
ground truth image local patches, as shown in Eq. 26:

1 Z(ﬂ) gm> B)

<(pe) = P 5 5

(26)

where X,X refer to the prediction and the ground truth.
uois the average value of the local image patch. o =

DRVAC 2 is the standard deviation of the local image
peP;
patch. P; is the coordinates of the local image patch. pg is the

position in the global image, which is the center of P;.
Then, we formulate the brightness robustness (BR) error as
Eq. 27.

LY (1-c(p))

E(p)= —
r(p) ZPg peP,

27)

where P, is the global image coordinates. As the image
intensities are normalized by the average and the standard
deviation, the BR error has the range of [0,2].

2) Texture mask: For the homogeneous texture or low-
texture area, the photometric loss will fail because there is
the same pixel intensity in a local area. Intuitively, humans
also can not estimate the correct depth from the homogeneous
texture area. In this part, a simple but efficient texture mask
is proposed.

As shown in Eq. 28, if the optimization converges to the
optimal, the prediction and the ground truth have the same
position p. However, if a pixel belongs to a homogeneous
texture area, the loss becomes zero even if the prediction
position P is not equal to the ground truth position p. This
kind of noise will affect the optimization of photometric loss.
The model can not converge to the minimum point.

=0p=p

N . (28)
=0,p#pand [p—p| <R

l(p) = |ir(f)) _Ir(ﬁ” {
Homogeneous texture area refers to the local image patch
with the same intensity. If the local image path is small
enough, we can assume a new hypothesis: a pixel has the
same intensity as its surrounding local image patch. It is a
homogeneous texture pixel.
A new texture mask is proposed, namely local average max
(LAM) texture mask. The computation steps of the LAM
occlusion mask are shown in Fig. 6.

. Texture mask

Fig. 6: Steps for computing the LAM texture mask.

Firstly, the LAM mask models the local patches of each
position p using the average intensities of the local patches.
To realize that, as shown in Eq. 29, we first compute the global
average map using the average pooling operation. The kernel
size is the same as the local patch size, e.g. (5,5). The stride
is 1. The average pooling can realize this step efficiently.

1

_ I(p
ZPZ peP; ( )

Loyg (pg) = (29)

where I,,¢(p) is the average value of the image local patch P;
which has the center p,g, p, € P,. P, is the coordinates of the
global image.

Then, L1 intensity error between the original image / and
the average map I, is computed as Eq. 30.



Eerr(pg) = |I(pg> —lavg (pg)| (30)

However, if we directly generate the binary mask from this
error map, the binary mask will be noisy. The limited context
of the average pooling layer causes this problem. To solve
that, we first repeat the average pooling to be two layers to
enlarge the context field of the local image patch. Meanwhile,
we use a max pooling layer (kernel size = local patch size,
stride=1 ) to filter the outliers in the error map as Eq. 31. The
max pooling layer can make the LAM mask to be continuous
in the homogeneous texture area.

Espmooth (pg) = maXEerr(p) (31)
pep;
where Egpo0n(Pg) is the max pooling output of one local patch.

Finally, the LAM binary mask is obtained with a threshold

B on the error map Egp00n:

0,E <
MLAM _ { smooth ﬁ (32)

1aEsmooth > B
If the error of pixel p, is lower than the threshold, it will be
regarded as a homogeneous texture pixel.

III. EXPERIMENTS

In the experiment part, the new method, HDVO, is first
compared with the previous state-of-the-art methods, including
traditional SLAM, deep learning networks, as well as hybrid
visual odometry methods. Then, HDVO is analyzed from
different aspects: loss masks, loss function, depth quality,
computation cost, and diverse datasets.

A. Datasets

Five datasets are used for the abundant experiments in this
paper. There are three datasets for the ground vehicle: KITTI
Odometry, KITTI Depth, and Virtual KITTI2, and two datasets
for the drone: MidAir and EuRoC MAV.

1) KITTI Odometry: Nine sequences (00-08) are used for
training, and two sequences (09, 10) are used for testing,
as in most papers. For the depth estimation network,
the network is optimized with 5 training epochs on this
dataset.

2) KITTI Depth: Similarly to the previous work [12], we
re-organize this dataset by locating the possible +1
temporal adjacent images in the raw data, allowing us
to perform temporal image warping and reconstruction.
Following previous works, the Eigen split and evaluation
methods are used.

3) Virtual KITTI2: This is a common virtual dataset similar
to the KITTI dataset. Scene{01,02,06,18} are used for
the training of the depth estimation network, Scene20
is used for the evaluation. Only the data with ‘morning’
weather is used. The depth estimation network is trained
over 30 epochs.

4) MidAir: This is a drone simulation dataset. We use
all 30 sequences of ‘sunny’ weather for the training
of the depth network, and 3 VO testing sequences are
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used for evaluation. Because the test sequences contain
14990, 14990,7867 frames, and the trajectories are re-
peated patterns, we only keep the first 1499,1499 787
frames for the evaluation.

5) EuRoC MAV: This is also a widely used drone dataset.
Following previous works, MH_03_m MH_05_d
V1_03_d V2_02_m are used for the evaluation.

B. Details

For the training of the depth estimation network, we use
an RMSprop optimizer with le-4 learning rate. The learning
rate follows the Cosine Annealing updating policy, with a
minimum learning rate of le-6. A liner warmup method is
also used at the first 100 iterations. In addition, we use L2
norm gradient clip during the training with a maximum norm
of 35. For most experiments, we optimize the network for 5
epochs with a batch size of 3 on three Nvidia A40 GPUs.

For the setting of the visual odometry part, we use the gray-
scale sequential images of the left camera. The implementation
of the direct visual odometry refers to the OpenROX code [33].
The masking strategy is used for visual odometry. We also use
the robust Huber loss to get better odometry results in part of
experiments.

C. Experiments of comparison with state-of-the-art methods

Method seq.9 seq.10

terr Yerr terr Terr
ORBSLAM [1] 15.30 0.26 3.68 0.48
ORBSLAM?2-mono [2] 57.60 | 58.03 | 62.37 | 57.68
ORBSLAM2-stereo [2] 0.85 0.26 0.56 0.24
DSO-stereo [34] 41.04 14.47 1.34 0.42
DSO-mono [4] 74.81 41.27 | 94.88 | 39.04
SfmLearner [13] 17.84 6.78 3791 17.80
Geonet [35] 43.76 16.00 | 35.60 13.8
DeepVO [36] - - 5.96 6.12
Wang [37] 9.30 3.50 7.21 3.90
Li [38] 8.10 2.81 12.90 3.17
TrianFlow [39] 6.93 0.44 4.66 0.62
TAPE [40] 6.72 2.60 8.66 3.13
F2FPE [40] 2.36 1.06 3.00 1.28
AdaMem - - 3.94 1.73
TartanVO [41] 6.00 3.11 6.89 2.73
MaskVO [42] 8.51 2.79 9.74 3.34
DeepAVO [43] - - 5.49 2.49
LoSeVO [44] - - 5.59 2.66
CoProU-VO [45] 4.70 1.89 7.64 3.67
DVSO [8] 0.83 0.21 0.74 0.21
UnOS [9] 5.21 1.80 5.20 2.18
D3VO [7] 0.78 X 0.62 X
DFVO [10] 2.07 0.23 2.06 0.36
DDSO [46] 15.02 0.20 8.76 0.66
DINO-VO [47] 1.64 0.93 0.96 0.71
DPV-SLAM++ [48] 17.69 0.23 6.32 0.23
HDVO [11] 0.87 0.28 0.87 0.46
Ours 0.73 0.36 0.42 0.24

TABLE I: Results with with KITTI metrics fe, 7err

Firstly, we show the comparison of the proposed HDVO
with other state-of-the-art methods. We report the comparison
of the results in Tab. I and Tab. II. KITTI sequence error metric
and absolute trajectory error are used to evaluate odometry
results. HDVO has achieved better performance than other



ZIMING LIU et al.: HDVO: HYBRID DENSE DIRECT VISUAL ODOMETRY

—— HDVO |
ORB-SLAM2-Stereo
—— DSO-Stereo
—— DFVO
—— TrianFlow
—— Ground Truth
/
460
360 /
E
N 260
160
60
-40
-189 -89 11 111 211 311
x (m)
312
—— HDVO
ORB-SLAM2-Stereo d
—— DSO-Stereo /
—— DFVO
212 —— TrianFlow ?
—— Ground Truth /
112
E
N
—88
—188
288 0 100 200 300 400 500 600
x (m)

Fig. 7: Trajectory comparison with the other methods on
KITTI sequence 09 and 10.

TABLE II: Results with ATE metric on KITTI seq 09, 10.

seq.9 seq.10
Method ITE ATE
ORB full [1] 0.014040.0080 0.01204+0.0110
ORB short [1] 0.0640+0.1410 0.0640+0.1300
StmLearner [13] | 0.0160£0.0090 0.013040.0090
Geonet [35] 0.012040.0070 0.01204-0.0090
Vid2depth [17] 0.0130+0.0100 0.012040.0110
Com Col [23] 0.0120+0.0070 0.012040.0080
UnOS [9] 0.012040.0060 0.013040.0080
HDVO [11] 0.0109+0.0068 0.0105+0.0088
Ours 0.0109+0.0064 0.0099+0.0089

visual odometry methods. Compared to previous methods,
the new solution achieves the smallest translation error and
competitive rotation error results.

In addition, the comparisons of inference speed and odom-
etry errors (ATE, translation error, rotation error) are shown
in Fig. 8. HDVO has a significant advantage in terms of
both inference speed and odometry error. These results are
measured on the same cluster node with four 2080Ti GPUs.
HDVO can run with less than 22 ms. Another advantage of
HDVO is that it can recover the scale of the real world. Fig. 8
suggests that monocular-based visual odometry methods can
not predict the correct scale of the real world. Some results in
Tab. I are re-scaled using ground truth odometry results, which
are reported in original papers [10], [7], [8], [46], [9], [39].
Therefore, all previous hybrid visual odometry methods can
not be directly used in real autonomous driving localization.

Finally, the comparison of HDVO and some famous visual
odometry methods is shown in Fig. 7. These trajectories are
re-scaled using ground truth odometry results because several
methods can not predict the odometry results with the correct
scale of the real world. Based on these two figures, HDVO
is the best one to fit the ground truth trajectory. Based on
the detailed visualization images, ORB-SLAM2 still has large
shifts in several areas, although it has a close odometry error
as HDVO.

D. Ablation study for Loss function

This experiment suggests the advantage and importance of
robust loss function in HDVO optimization. In this experiment,
a simplified PSMNet is used to predict depth. The quality of
depth maps and camera poses is shown as Tab. IV and Tab.
III, which compares robust Huber loss and L1 loss.

Camera Pose Error Metric

Loss

1err() | (g 100m) | ATE) | RPErran (m) | RPEyor (de)
seq09-HUBER | 0.83 0.30 7.08 0.013 0.040
seq09-L1 1.03 0.40 8.25 0.014 0.041
seql0-HUBER | 1.42 0.44 12.25 0.016 0.037
seql0-L1 1.74 0.52 14.76 0.019 0.038

TABLE III: Camera pose results.

Loss Error Metric Accuracy Metric

abs rel|rel sqr| rmse [rmse log|1.25]1.257[1.253
seq09-HUBER | 0.342 (12.840| 8.466 | 0.407 [86.5]| 90.6 | 93.1
seq09-L1 0.481 {20.636/11.229| 0.511 |[81.5| 86.8 | 90.3
seql0-HUBER| 0.211 | 7.941 | 7.028 | 0.307 [90.5| 93.9 | 95.7
seql0-L1 0.369 [16.208|10.426| 0.434 [85.7|90.1 | 92.8

TABLE IV: Depth results with robust loss and L1 loss.

We evaluate differences between Huber loss and L1 loss
with depth error, depth accuracy and camera pose error.
The above results suggest that robust loss has a significant
improvement on the hybrid dense direct visual odometry.

E. Analysis of the quality of predicted depth

To validate the effectiveness of data-based depth network,
we analyze the depth quality by computing the error and
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Fig. 8: Comparison of the speed and localization error with the other methods on KITTI sequence 09 (row 1) and 10 (row 2).

accuracy of the predictions. Error and accuracy metrics are
described in the previous paper [49]. In this part, we compare
the stereo depths results and monocular depths results in the
previous visual odometry methods [10], [7], [12], [50], [13],
[8], [35]. As shown in Tab. V, we report the results with depth
error and depth accuracy metrics.

On almost all metrics, the proposed method achieves the
best performance. These results suggest that the deep stereo
network can provide more robust and accurate depth prior
than the previous solutions. And monocular depth results are
re-scaled with ground truth depth, which is not practical. In
contrast, our results have the correct scale of the real world.

Method Error Metric Accuracy Metric

abs rel[rel sqr| rmse [rmse log|1.25[1.25%]1.25°

SFMLearner [13]| 0.208 | 1.768 | 6.856 | 0.283 [67.8| 88.5|95.7
UndeepVO [50] | 0.183 | 1.730 | 6.570 | 0.268 | X | X X
DVSO[8] 0.097 | 0.734 | 4.442 | 0.187 |88.8|95.8 | 98.0
GeoNet[35] 0.149 | 1.060 | 5.567 | 0.226 [79.6] 93.5 | 97.5
MonoDepth2[12]| 0.106 | 0.806 | 4.630 | 0.193 |87.6| 95.8 | 98.0
D3VO [7] 0.099 | 0.763 | 4.485| 0.185 |[88.5|/95.8|97.9
HDVO [11] 0.080 [ 0.795 | 4.146 | 0.185 [92.2|95.9|97.6
Masked HDVO | 0.077 | 0.676 | 3.863| 0.173 (92.7| 96.3 | 97.9

TABLE V: Depth estimation results compared with monocular
networks.

FE. Computation cost analysis

To further evaluate the efficiency and practical applica-
bility of the proposed HDVO framework, we analyze its
inference latency and throughput on different hardware plat-
forms. Specifically, experiments are conducted on two high-
performance GPUs (A40 and L40) and two embedded edge
devices (NVIDIA Jetson Orin and Jetson Thor). All results are
summarized in Tab. VI.

As shown in this table, HDVO achieves real-time inference
across all tested platforms while maintaining consistent lo-

Inference Performance \ Pose Error Metrics

Platform

Time | (ms) FPS 1 \ terr (%) repr (°/100m) ATE (m)
A40 GPU 21.06 47.5
L40 GPU 26.67 37.5 ‘
Jetson Orin 80.89 12.4 1.12 0.41 11.83
Jetson Thor 55.97 17.9 ‘

TABLE VI: Inference time analysis of HDVO (CoEx backbone
[51D).

calization accuracy. On a mid-trim GPU such as the A40, the
proposed method reaches an inference speed of up to 47.5 FPS.
Even on embedded platforms, HDVO remains computationally
efficient, achieving 12.4 FPS on Jetson Orin and 17.9 FPS on
Jetson Thor. These results indicate that the proposed method is
suitable for real-time visual odometry applications, including
those deployed on resource-constrained platforms.

All inference times are measured using the original PyTorch
implementation without additional engineering optimizations.
Further acceleration is possible through deployment-oriented
frameworks such as ONNX or TensorRT. Overall, these results
highlight the favorable efficiency—accuracy trade-off of HDVO
and its potential for real-world deployment.

G. Ablation study for loss masks

1) Compare with the other masks: To demonstrate the
advantage of the proposed masking method, we compare
with several typical masking methods, including principled
mask [17], monodepth2 mask [12], SFMLearner mask [13],
Bayesian mask [21]. As shown in Tab. VII of the next page,
our masking method has the best results on the predicted depth
and camera poses.

2) Effect of proposed masks: To demonstrate the advantage
of the multi-mask system, we show both the depth estimation
and visual odometry results on both real and virtual data.

In our experiments, the STC mask and the LAM mask
both improve depth prediction accuracy and camera pose
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Tyoe Depth Error Depth Accuracy Pose Error Time/ms
P abs rel [ rel sqr [ rmse [rmse log | 1.25 [ 1.252 [ 1.253 [ terr [ Terr [RPEW,, [RPEm,
Soft
SFMLearner [13] 0.1482 | 2.7122 | 5.0126 | 0.2497 |89.59|93.96 |96.10|2.32|0.66 | 0.024 | 0.039 137.6
Bayesian [52], [21], [7] | 0.3186 | 12.3994 | 9.1111 | 0.3943 |86.29 [ 90.91|93.40 | 2.64 | 0.70 | 0.024 | 0.039 154.6
Binary
Principled [17] 0.3431 | 14.2719 | 9.7451 | 0.4090 | 85.83|90.46 |93.06|2.90|0.74| 0.023 | 0.039 | 209.8
monodepth2 [12] 0.0781 | 0.5958 |3.6738 | 0.1747 [91.67|95.95]97.76 | 5.17 | 1.66 | 0.026 | 0.045 121.7
Ours 0.0665 | 0.4731 | 3.3050 | 0.1460 |93.37 | 97.20 | 98.65 | 1.54 | 0.45 | 0.021 | 0.032 | 209.6

TABLE VII: Compare with the other masking strategies on the depth results on KITTI Odometry sequence 09. For those

masks from optical flow [9], [20] are not considered.

Data Type Mask type Depth Error Metrics Depth Accuracy Metric Camera Pose Error Metric
abs rel | rel sqr | rmse |rmse log| T < 1.25|< 1.25% | < 1.25% |t (%) ( deg;el'Z)Om) RPE; 4y (m) | RPE,y (deg)
Baseline |0.2827 | 10.4134 | 8.414 0.369 86.89 91.53 | 94.03 | 2.77 0.68 0.024 0.039
Real seq09 LAM mask | 0.2535 | 8.2864 | 7.538 0.347 86.91 91.69 | 9426 | 241 0.71 0.024 0.037
STC mask |0.1042 | 1.2005 | 3.934 0.200 91.29 9543 | 97.33 | 2.68 0.81 0.024 0.038
multi-mask | 0.0665 | 0.4731 | 3.305 0.146 93.37 97.20 | 98.65 | 1.54 0.45 0.021 0.032
Baseline | 0.4019 | 14.8759 | 9.528 0.456 82.49 88.11 | 91.38 1.89 0.56 0.016 0.042
Real seql10 LAM mask | 0.3388 | 11.1628 | 8.387 0.418 83.18 88.80 | 92.13 1.52 0.47 0.016 0.040
STC occlu | 0.1587 | 1.9037 | 4.051 0.273 87.23 9233 | 95.13 1.66 0.71 0.016 0.040
multi-mask | 0.0840 | 0.4262 | 2.804 0.175 91.13 9574 | 9791 | 1.48 0.32 0.015 0.038
Baseline | 0.7648 | 84.2296 | 62.1419 | 0.6397 | 78.75 84.38 | 87.56 | 13.90 3.75 0.066 0.061
LAM mask | 0.3273 | 34.7354 | 63.2385 | 0.5206 | 79.81 86.98 | 9035 | 5.29 0.87 0.045 0.017
Virtual seq20 | STC mask | 0.3298 | 19.9154 | 64.7536 | 0.4740 | 79.20 86.60 | 90.29 1.68 0.76 0.006 0.014
multi-mask | 0.1284 | 8.8084 | 59.4475| 0.3545 | 83.12 91.16 | 94.67 | 0.95 0.46 0.005 0.013

TABLE VIII: Experiments to show the effect of the proposed multiple masks. Three groups of results on both real-world data
and virtual data are recorded, and all show significant improvements with the masks.
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Fig. 9: Comparison of the estimated and actual visual odome-
try trajectory. The results of four different conditions (no mask,
LAM mask, STC mask, and multi-mask) are shown. A x—z
dimension view (bird’s eye view) is shown.

prediction accuracy. The improvement is more significant in

the simulation data, Virtual KITTI2. The STC mask has a
better effect than the LAM mask, which also suggests that
removing the occlusion areas is more important.

The multi-mask system is obtained by combining the STC
mask and the LAM mask. For these three sequences, the
multi-mask system has the best result. The results on the
depth estimation task and the visual odometry task all have
significant improvements. These results not only suggest that
both the occlusion areas and homogeneous texture areas are
important for the computation of the image warping loss, but
also demonstrate the effect of the proposed multi-mask system.
The above experiment data is reported in Tab. VIII of the next
page.

Besides the data in Tab. VIII, we also show the visualization
of the estimated trajectory of the visual odometry. Fig. 9
shows the comparison of the localization results with different
masking strategies. This visual comparison clearly suggests
that the proposed masking strategy is efficient and essential for
visual odometry. Finally, the different masks are also shown in
Fig. 10 of the next page. Homogeneous texture mask focuses
on the low-texture area, such as sky. Occlusion mask focuses
on the edge of objects.

H. Results on diverse datasets

To show more results on diverse datasets of the proposed
method, two visualization results on drone datasets, Mid-Air
and EuRoC MAV, are shown in Fig. 11 and Fig. 12. Mid-
Air dataset is a drone dataset with far distance. The maximum
depth can be over 1000 meters. EuRoC MAV dataset is a drone



(d) The multi-mask

Fig. 10: Masks examples from sequence 20 of the Virtual
KITTI2 dataset and sequence 09 and 10 of the KITTI Odome-
try dataset (from the left to the right). The black areas are the
masked pixels. The LAM homogeneous texture mask removes
homogeneous texture areas, e.g. the sky, highlight and shadow
areas. The STC occlusion mask removes occlusion areas. The
multi-mask system is obtained by removing all masked pixels
from these masks.

dataset with fast motion. The stereo baseline is also small.
These two datasets show different scenarios compared with
autonomous vehicle. With the proposed methods, the predicted
trajectory can match the ground truth trajectory well.

Then, the ATE metric results suggest that the proposed
method can also improve visual odometry accuracy for drone-
captured videos.

Tab. IX and Tab. X show the visual odometry results on the
EuRoC MAYV and MidAir drone datasets separately.

Seq ID MH_03 | MH_05 V1_03 V2_02 Mean
HDVO 0.0061 0.0049 0.0095 | 0.0093 | 0.0075
Masked HDVO 0.0052 0.0029 0.0049 | 0.0078 | 0.0052

TABLE IX: Odometry results with ATE metric on the EuRoC
MAV dataset.

Seq ID Sunny00 SunnyO1 Sunny(02 Mean
HDVO 0.1069 0.1375 0.0757 0.1067
Masked HDVO 0.0082 0.0164 0.0073 0.0319

TABLE X: Odometry results with ATE metric on the Mid-Air
dataset.

In the MidAir dataset, some frames have difficult occlusion
problems when the drone is close to the forest or the hill
in the MidAir dataset. And there are larger homogeneous
texture areas (e.g. sky, lake) in this dataset. In EuRoC
MAV dataset, there are also many homogeneous texture areas,
and the occlusion problem is obvious for indoor scenarios.
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Multi-mask

RGB image

The prediction & ground truth
trajectories

Fig. 11: Results on Mid-Air drone dataset. Red line is the
ground truth trajectory, green line is the predicted trajectory.

Multi-mask refers to use proposed mask generation module.

The prediction &

Multi-mask ground truth trajectories

Fig. 12: Results on EuRoC MAV drone dataset.

Therefore, the improvement with the proposed mask module
is more significant for drone datasets.

1. Results in dynamic environment

Scene Total Objects Dynamic Objects  Static Objects
Scene20 127 77 50
Scenel8 21 21 0
Scene06 15 14 1
Scene01 93 9 84
Scene02 17 9 8

TABLE XI: Statistics of dynamic objects of all five scenes in
VKITTI2 dataset.

Dynamic objects are a well-known challenge for visual
odometry, as they violate the static-scene assumption under-
lying most geometric optimization methods. Although the
proposed HDVO method does not explicitly model dynamics,
it is still able to maintain stable localization performance in
such environments. This robustness of HDVO mainly relies
on the mask strategy and the direct photometric formulation,
which relies on global image-level consistency rather than
sparse feature correspondences, thereby reducing the influence
of locally moving objects.

To analyze the impact of dynamic objects, we first analyze
their distribution in the VKITTI2 dataset. Tab. XI reports the
statistics of dynamic and static objects across different scenes.
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Fig. 13: Qualitative comparison of localization results under different dynamic levels. The first row shows RGB images, the
second row shows the predicted trajectories compared with ground truth.

As shown, Scene 20 contains a significantly higher number
of dynamic objects compared to the other scenes, whereas
Scene 02 exhibits relatively low dynamic activity. Based on
this observation, we select Scene 02 and Scene 20 to conduct
zero-shot visual odometry experiments.

In this experiment, the HDVO model is pretrained on the
KITTI Odometry dataset and directly evaluated on VKITTI2
without any fine-tuning. The qualitative results are shown in
Fig. 13. Although there are numerous moving vehicles in
Scene 20, HDVO is still able to produce accurate and stable
trajectories that closely follow the ground truth. These results
indicate that the proposed method is robust to dynamic objects,
even without explicit motion segmentation or dynamic scene
modeling.

J. Results under different weather conditions

To evaluate the generalization and robustness of the pro-
posed HDVO method, we conduct experiments on the same
scene under varying weather and illumination conditions.
VKITTI2 is a synthetic dataset that provides six distinct
weather settings for each scene, including base, overcast, rain,

Weather RPE Trans (m) | RPE Rot (deg) |
Base 0.170 0.051
Fog 0.204 0.066
Morning 0.177 0.046
Overcast 0.183 0.044
Rain 0.191 0.048
Sunset 0.173 0.041

TABLE XII: Relative Pose Error (RPE) on VKITTI2 Scene20
under different weather conditions.

fog, morning, and sunset. This controlled setup enables a fair
and systematic comparison of visual odometry performance
under diverse environmental conditions.

As illustrated in Fig. 14, we report the results on Scene 20
of the VKITTI2 dataset. Scene 20 covers the longest trajectory
in this dataset (711 meters over 837 frames), making it
particularly suitable for evaluating long-term visual odometry
stability and drift behavior.

All experiments are conducted in a zero-shot setting, where
the HDVO model is pretrained on the KITTI Odometry dataset
and directly evaluated on VKITTI2 without any fine-tuning.
The quantitative results are summarized in Tab. XII, with
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Fig. 14: Qualitative comparison of visual odometry trajectory results under six weather

dataset.

representative trajectories visualized in Fig. 14. Overall, the
proposed HDVO method demonstrates consistent performance
across different weather conditions. Among all settings, the
fog condition exhibits the largest performance degradation,
reflected by higher translational and rotational errors. This
degradation can be attributed to reduced visibility and weak-
ened geometric cues caused by dense fog. In contrast, the
rain condition introduces only a slight increase in translational
error, while maintaining comparable rotational accuracy.

Despite these variations, the performance of HDVO under
all weather conditions remains close to that of the base scene.
The limited variation in relative pose error (RPE) indicates
that the proposed HDVO method generalizes well and exhibits
robustness to environmental changes.

(9]

o 100 200 300 400
X (m)

-400  -300 -200 -100 0 100 200 300 400

X (m)

M

conditions on scene 20 of VKITTI2

IV. CONCLUSION

The hybrid visual odometry method proposed in this paper,
named HDVO, combines model-based approaches and data-
based learning in order to provide a more robust and accurate
pose estimation. The main contributions of this paper lie in
the brightness robust loss function and binary masks that filter
the extreme noisy pixels, such as occlusion and homogeneous
texture pixels. It is important to notice that data-based ap-
proaches alone provide hallucinated depth estimations that can
reduce the precision of pose estimation. Therefore, a promising
research direction involves introducing prior knowledge from
large foundation model to identify the pixels that are not
reliable or possible. Future exploration will focus on using
semantic information and better depth information to enhance
the quality and robustness of visual odometry.
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