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Abstract— The inherent scale ambiguity issue greatly limits
the performance of monocular visual odometry. In recent years,
a variety of methods have been proposed for self-supervised
learning of ego-motion and depth estimation, incorporating
specifically designed scale-consistency constraints that utilize
estimated depth as a reference. However, these existing methods
neglect the influence of the depth uncertainty introduced by
the dominant photometric loss, which leads to unreliable depth
estimation in difficult regions and detrimentally affects scale
alignment. To solve these problems, we introduces a feature-
based visual odometry learning system with an effective scale
recovery strategy in this paper. Additionally, we propose a
learning method to estimate the photometric-sensitive depth
uncertainty for guiding the scale recovery. The proposed
method is evaluated on KITTI odometry, and the experimental
results demonstrate that our system can predict scale-consistent
trajectories from monocular videos and achieves state-of-the-
art performance. Moreover, the proposed method achieves
competitive performance on KITTI depth estimation.

I. INTRODUCTION

Ego-motion and depth estimation are crucial for au-
tonomous systems to comprehend the scene structure around
them and to recognize their location. These are fundamental
challenges of visual Simultaneous Localization and Map-
ping (V-SLAM) and visual odometry (VO) systems, which
play significant roles in many applications, such as AR/VR,
intelligent robots, and autonomous vehicles.

For years, the monocular-based method has drawn atten-
tion for its low requirements of cost and easy of deployment.
However, the inherent scale ambiguity issue existing in
the monocular-based method can lead to predicting scale-
inconsistent motion and structure. To address this problem,
conventional V-SLAM and VO systems typically employ
bundle adjustment in local windows or closing loops [1],
[2]. In parallel, with the prosperity of deep learning, a lot
of learning-based ego-motion and depth estimation methods
that incorporate scale alignment strategies have been pro-
posed to mitigate the scale ambiguity issue [3]–[6].

Recently, the self-supervised learning framework that
jointly learns ego-motion and depth in an end-to-end man-
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Fig. 1. A sample from the KITTI dataset. Using the proposed photometric-
sensitive learning method, the hard regions that can converge to very small
photometric error (c) may still have high depth uncertainty (d).

ner is attractive [3], [4], [7]–[9]. These methods typically
use two separate networks to simultaneously regress the
pose and depth from image sequences, under the constraint
of photometric error. Although the pose and depth will
align with a consistent scale as well as possible during
the regression process, achieving competitive performance
with such solutions remains challenging. To leverage the
learning-based methods with the two-view geometry, some
works have integrated the geometry constraint into the self-
supervised learning frameworks and achieve a substantial
improvement [5], [6]. Specifically, these methods replace
the pose regression network with a flow net and use the
optical flow correspondences to solve the pose using the
fundamental matrix. To acquire scale-consistent predictions,
they align the estimated depth with the depth triangulated
from the dense optical flow correspondences to recover the
scaling factor between the predicted motion and structure.
However, these works neglect that learning depth under the
supervision of photometric error easily causes inaccurate
estimation in difficult regions, and directly aligning the esti-
mated depth with the triangulated depth limits the reliability
of the recovered scale. Moreover, as the entangled depth
estimation can provide sufficient structural information, pre-
dicting dense optical flow only for solving relative pose
involves information redundancy and lacks efficiency.

From the above discussion, we present a feature-
based monocular visual odometry system with an effective
uncertainty-aware scale recovery strategy in this paper. We
introduce a point network to predict sparse interest points,
each of which contains a coordinate, a descriptor, and a
score. According to the predictions of the point network,
we perform feature matching with top-K points to generate
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correspondences for solving relative pose and triangulating
sparse depth. Meanwhile, we use a depth network to output
the depth map with uncertainty estimation. Then, the scaling
factor is recovered according to the predicted depth and the
triangulated depth. With the recovered scaling factor, the
predicted motion can be scaled to align with the structure
during both the training and inference stages. Instead of
recovering scale by comparing the two types of depth di-
rectly, we propose to take the depth uncertainty into account
for scale recovery, which greatly alleviates the negative
effect of the unreliable depth estimation in hard regions
and ensures the accuracy and robustness of the system. In
self-supervised learning of ego-motion and depth, the depth
predictions are usually more uncertain in hard regions where
the brightness constancy assumption may be invalid and
the photometric loss may converge to a vary small value
despite inaccurate depth estimation, such as non-Lambertian
surfaces and large textureless areas [10]. To predict the
depth uncertainty introduced by the inherent problem of
photometric loss, we propose a novel photometric-sensitive
learning method that will effectively assign high uncertainty
to hard regions. As shown in Fig. 1(c) and 1(d), the regions
that can converge to a very small photometric error under
the supervision of photometric loss may still have high
depth uncertainty. We evaluate the proposed method on
KITTI odometry, the experimental results demonstrate that
our system can predict scale-consistent trajectories from
monocular videos and achieves state-of-the-art performance.
Furthermore, as for depth estimation, our method achieves
competitive performance on KITTI depth estimation.

In summary, our major contributions are as follows:
• We propose a feature-based learning system with an

effective uncertainty-aware scale recovery strategy for
monocular visual odometry.

• We propose a photometric-sensitive method to learn
depth uncertainty introduced by the deficiency of pho-
tometric constraint for guiding scale recovery.

• The proposed method effectively solves the scale ambi-
guity problem and significantly improves the accuracy
of monocular visual odometry. Experimental results
demonstrate that our system achieves state-of-the-art
performance on KITTI odometry and performs com-
petitively on KITTI depth estimation.

II. RELATED WORK

Self-supervised visual odometry. Ego-motion estimation
from monocular video has been studied for decades, and
various remarkable VO/SLAM systems are proposed on
the basis of multiple view geometry [1], [2], [11]–[15].
Recent years, camera pose estimation based on the self-
supervised learning method became prevalent. Zhou et al. [7]
proposed the first full self-supervised pose and depth learning
framework that jointly optimizes the predictions by minimiz-
ing the photometric error. Their work enlightened a lot of
following researchers [3], [4], [9], [16], [17]. Bian et al. [3],
[4] proposed a geometry consistency constraint and a self-
discovered mask for predicting scale-consistent trajectory

and improving the accuracy of depth estimation. However,
the monocular ego-motion estimation generally suffers from
the scale ambiguity issue severely. Although some work-
s, such as [3], [4], [18], proposed implicit constraints to
enforce the networks predicting scale-consistent pose and
depth, the improvement is still limited. To address this
problem, Zhan et al. [5] proposed a hybrid visual odometry
system that leverages the advantages of two-view geome-
try constraint with deep learning. They solve the relative
pose and triangulate the depth map from the optical flow
correspondences. By comparing the triangulated depth with
the predicted depth, they can estimate a scaling factor to
align the motion and structure, which boosts the accuracy
of trajectory estimation. Similar as [5], Zhao et al. [6] also
proposed a flow-based pose and depth learning framework to
solve the scale-inconsistency problem. Differently, they align
the depth to the pose by supervising the depth estimation
with the triangulated depth during the training phase while
aligning the pose to the depth during inference.

Depth and uncertainty estimation. Learning depth in
a supervised manner requires expensive ground truth in-
formation [19]–[21]. Therefore, self-supervised depth esti-
mation has attracted numerous attention. With the known
displacement, the depth can be learned from the left and right
images with view synthesis [22], [23]. Without the stereo
information, the self-supervised monocular depth estimation
is always tightly coupled with the ego-motion estimation [7],
[8], [24]–[27]. Godard et al. [8] proposed a per-pixel mini-
mum photometric loss and an auto-masking loss to overcome
the occlusion and dynamic problems respectively, which ef-
fectively improves the performance of self-supervised depth
learning. Zhou et al. [25] proposed an architecture that
benefits the accuracy of depth estimation with the especially
designed multi-scale feature modulation module and the
iterative inverse depth update strategy. Besides, some works
showed that modeling the uncertainty of prediction is helpful
for learning depth [24], [28], [29]. Klodt and Vedaldi [29]
introduced the photometric uncertainty into loss function
for improving the depth estimation. Despite the photometric
uncertainty, Dikov and Vugt [10] proposed a Variational
Depth Networks (VDN) to learn the depth uncertainty that
reflects the reliability of predicted depth in different regions.

III. METHOD

In this section, we introduce the proposed feature-based
pose and depth learning system at first. Secondly, we present
the method of photometric-sensitive depth uncertainty esti-
mation. Finally, we detail the optimization and inference of
the proposed system. The overview of our method is shown
in Fig. 2.

A. Feature-based pose and depth leaning

Self-supervised learning. On the basis of the brightness
constancy assumption, the pose and depth can be learned
simultaneously in a self-supervised learning manner by mini-
mizing the photometric error between the target image It and
the synthesized image It′→t. The synthesized image It′→t is

3985



Point network

Depth network

Two-view 
geometry

Uncertainty-aware 
scale recovery

Feature 
matching

Losses

Triangulation

Correspondences

Target image

Source image

Scale factor

...
...

,R t

ˆ,R t

Depth uncertainty

Depth map

Photometric uncertainty

Alignment

Fig. 2. The overview of the proposed system. The proposed system contains a point network and a depth network. The point network takes the target
image and the source image as inputs to predict interest points. According to the descriptor similarity of interest points, we can acquire the correspondences
between the target and source images. Meanwhile, the depth network takes the target image as input and outputs a depth map, a depth uncertainty map,
and a photometric uncertainty map. Next, we solve the motion from the target viewpoint to the source viewpoint and triangulate the depth of sparse points
based on the correspondences. And, the depth uncertainty is introduced to recover the scale factor by aligning the triangulated depth with the predicted
depth. The scaling factor ensures the consistency between the motion and the structure, and it is crucial for both training and inference.

reconstructed by sampling the pixel values that are projected
into the target viewpoint from the source image It′ with the
target depth map Dt, the relative pose [Rt→t′ , tt→t′ ], and
the camera intrinsics K. According to [23], the photometric
error at pixel point p is formulated with L1 loss and
SSIM [30] as:

pe(It(p), It′→t(p)) =
α

2
(1− SSIM(It(p), It′→t(p)))

+ (1− α)||It(p)− It′→t(p)||1,
(1)

where α is commonly set to 0.85. Further, we use the per-
pixel minimum operation proposed in Monodepth2 [8] to
formulate the photometric loss as:

Lp =
1

|N |
∑
p∈N

min
t′
pe(It(p), It′→t(p)), (2)

where N is the set of all pixel points on an image and t′ ∈
[t− 1, t+ 1] indicates that the previous and the next images
with respective to the target image are used to compute the
photometric loss [8].

Moreover, considering the probabilistic formulation, the
pixel values on the synthesized images It′→t(p) can be seen
as the observation of that on the target images It(p). Follow-
ing [29], with the predicted photometric uncertainty Σp

t (p),
It(p) can be modeled by a posterior probability distribution
p(It(p)|It′→t(p),Σt(p)). As assuming the distribution is
Laplacian, the learning objective is to minimize the negative
log-likelihood, and the Eq. 2 can be further rewritten as:

Lp =
1

|N |
∑
p∈N

min
t′
pe(It(p), It′→t(p))

Σp
t (p)

+ log Σp
t (p). (3)

Solving pose with feature matching. With the photomet-
ric loss, most existing methods regress the pose and depth
using two separate deep neural networks in self-supervised
learning. Generally, this kind of method reports promising
depth estimation results, but the accuracy of the regressive
pose is inferior compared with that of the conventional
methods. In this paper, we use a point network to predict
interest points and solve the pose with the point correspon-
dences while jointly learning a depth network. Currently,
some works achieve promising performance on learning
interest points without the supervision of ground truth 3D
information [31]–[33]. We follow the previous works and
pre-train a point network to predict interest points from
video sequences. Each of the predicted interest points has
a coordinate, a descriptor, and a score. In the process of
pose estimation, we select top-K points on both It and It′

with high point scores and then perform feature matching to
acquire correspondences. Notably, different from the flow-
based methods that have to filter the occluded regions to gen-
erate reliable correspondences, we do not need to consider
the occlusion problem since the correspondences are matched
according to the similarity of the point descriptor. We set the
K to be 30% both in optimization and inference. With the
pixel-wise correspondences, we can solve the fundamental
matrix for recovering the relative pose [Rt→t′ , t̂t→t′ ] [34],
[35].

Uncertainty-aware scale recovery. Since the translation
solved from the fundamental matrix is up-to-scale, align-
ing the scale between the predicted pose and depth is
necessary. Previous works either align depth to pose by
supervising the depth estimation with the depth triangulated
from the correspondences [6], or align pose to depth by
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scaling the translation with a scaling factor that is recov-
ered by comparing the predicted depth and the triangulated
depth [5]. However, existing works have not yet taken the
depth uncertainty introduced by the photometric training
constraint into account during the process of scale recovery.
Intuitively, aligning the scale on the pixel points with low
depth uncertainty is more convincing than that on the pixel
points with high depth uncertainty. Therefore, we propose an
uncertainty-aware strategy that weights the scale computed
from each pixel point by the certainty of depth to recover the
scale. The uncertainty-aware scale recovery is formulated as:

s =
∑
p∈M

 1− Σd
t (p)√ ∑

p∈M
(1− Σd

t (p))2


2

Dt(p)

Dtri
t (p)

, (4)

where Dt and Dtri
t are the predicted depth map and the

triangulated depth map of the target image respectively, Σd
t

is the target depth uncertainty estimated by the depth net-
work (Sec.III-B), and M is the set of interest points that are
filtered with cheirality constraint. With the scaling factor s,
the aligned relative pose [Rt→t′ , tt→t′ ] is computed as:

[Rt→t′ , tt→t′ ] = [Rt→t′ , st̂t→t′ ]. (5)

B. Photometric-sensitive depth uncertainty

As we mentioned before, estimating the depth uncertainty
introduced by the photometric constraint is favourable for
the scale alignment. Photometric constraint works upon the
brightness constancy assumption. However, although the
brightness consistency is satisfied, the photometric constraint
may still lead to inaccurate prediction in some regions, in
which the photometric error can be small by computing with
a wrong depth estimation, such as textureless regions [10].
To this end, we propose a loss function for learning the
photometric-sensitive depth uncertainty. During the training
process, the depth network predicts the target depth map Dt

with its uncertainty map Σd
t . We create a noisy depth map D̂t

by sampling from the normal distribution that the location
and the scale are defined by Dt and Σd

t respectively:

D̂t = NormalSample(Dt,Σ
d
t ). (6)

Using the noisy depth map D̂t, we can reconstruct the syn-
thesized image Ît′→t and compute the photometric error p̂e.
By comparing with the photometric error pe, the proposed
photometric-sensitive depth uncertainty loss is formulated as:

Lps =
1

|V |
∑
p∈V

(|pe(p)− p̂e(p)| − γpe(p))Σd
t (p), (7)

where V is the set of pixel points that satisfy the minimum
condition [8], γ is a hyperparameter. From Eq.7, the gradient
of Σd

t will be positive when the difference between the pe
and the p̂e is larger than the tolerance threshold γpe or will
be negative. In other words, by minimizing the Lps, the
regions that have the lower tolerance to varying the depth for
unchanging the photometric error will be assigned with the
lower depth uncertainty or will be assigned with the higher.

By substituting the photometric-sensitive depth uncertainty
Σd

t to Eq.4, we can recover the scaling factor to align the
relative pose with the predicted depth both.

C. Optimization and inference
Optimization. We optimize the proposed system in two

stages. At first, we follow the approach of [33] and use the
same loss function to optimize the point network in a self-
supervised learning manner. Next, we freeze the parameters
of the point network and optimize the depth network with
the proposed learning framework. In the second stage of
optimization, apart from the Lp and the Lps, we additionally
compute the depth consistency loss Ldc between the target
depth map Dt and the reconstructed depth map Dt′→t [36].

Ldc =
1

|N |
∑
p∈N

min
t′

∣∣∣∣ 1

Dt(p)
− 1

Dt′→t(p)

∣∣∣∣ . (8)

Besides, we also use the edge-aware smoothness loss Ls to
smooth the depth prediction [23].

Ls = |∂xD∗t |e−|∂xIt| + |∂yD∗t |e−|∂yIt|, (9)

where D∗t is the mean-normalized inverse depth.
Therefore, the total loss function used in the second stage

of optimization is defined as:

L = λpLp + λpsLps + λdcLdc + λsLs, (10)

where [λpe, λps, λdc, λs] are the loss weights.
Inference. During inference, our system predicts the rel-

ative pose and depth as the same as the training process.
Differently, for stable estimation, we follow the approach
of [5], [6] that uses perspective-n-point (PnP) method instead
of epipolar geometry to solve the relative pose when the
parallax between the consecutive frames is small.

IV. EXPERIMENTS

A. Implementation details
Network Architectures. We use the LANet [33] as our

point network since it is lightweight and easy to train.
For the depth network, we use the same architecture as
the Monodepth2 [8] with the backbone of ResNet18 [37]
pretrained on ImageNet [38]. We add two output channels
to the last layer of the decoder in the depth network to
output the depth uncertainty and the photometric uncertainty
respectively.

Training. We use COCO 2017 dataset [39] and the same
settings as [33] to train the point network at first. Next,
the depth network is trained on KITTI dataset [40]. For
KITTI odometry, we use sequences 00-08 for training and
09-10 for testing [7]. For depth estimation, we train and
test the depth network using the Eigen split protocol [19].
The depth network is trained by Adam optimizer for 12
epochs. The learning rate is set to 10−4 initially and reduced
to 10−5 at the last 5 epochs. The input images are resized
to 320 × 1024 with a batch size of 8. The loss weights
are set as [λpe, λps, λdc, λs] = [1.0, 1.0, 0.1, 0.001] and the
hyperparameter in Lps is set as γ = 0.25. The proposed sys-
tem is implemented with PyTorch [41] on a single NVIDIA
GeForce RTX 3090 GPU.
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TABLE I
COMPARISONS ON KITTI ODOMETRY. THE BEST AND THE SECOND BEST RESULTS ARE IN BOLD AND UNDERLINED RESPECTIVELY EXPECT FOR THE

METHODS WITH ONLINE ADAPTATION. THE RESULTS OF ONLINE ADAPTATION METHODS THAT ACHIEVE THE BEST ARE SUPERSCRIBED WITH ∗ .

Methods Metric Seq. 00 Seq. 01 Seq. 02 Seq. 03 Seq. 04 Seq. 05 Seq. 06 Seq. 07 Seq. 08 Seq. 09 Seq. 10

ORB-SLAM2 [2]
(w/o loop closure)

terr 11.43 107.57 10.34 0.97 1.30 9.04 14.56 9.77 11.46 9.30 2.57
rerr 0.58 0.89 0.26 0.19 0.27 0.26 0.26 0.36 0.28 0.26 0.32
ATE 40.65 502.20 47.82 0.94 1.30 29.95 40.82 16.04 43.09 38.77 5.42

ORB-SLAM2 [2]
(w/ loop closure)

terr 2.35 109.10 3.32 0.91 1.56 1.84 4.99 1.91 9.41 2.88 3.30
rerr 0.35 0.45 0.31 0.19 0.27 0.20 0.23 0.28 0.30 0.25 0.30
ATE 6.03 508.34 14.76 1.02 1.57 4.04 11.16 2.19 38.85 8.39 6.63

SfM-Learner [7]
terr 21.32 22.41 24.10 12.56 4.32 12.99 15.55 12.61 10.66 11.32 15.25
rerr 6.19 2.79 4.18 4.52 3.28 4.66 5.58 6.31 3.75 4.07 4.06
ATE 104.87 109.61 185.43 8.42 3.10 60.89 52.19 20.12 30.97 26.93 24.09

Depth-VO-Feat [42]
terr 6.23 23.78 6.59 15.76 3.14 4.94 5.80 6.49 5.45 11.89 12.82
rerr 2.44 1.75 2.26 10.62 2.02 2.34 2.06 3.56 2.39 3.60 3.41
ATE 64.45 203.44 85.13 21.34 3.12 22.15 14.31 15.35 29.53 52.12 24.70

SC-SfMLearner [3]
terr 11.01 27.09 6.74 9.22 4.22 6.70 5.36 8.29 8.11 7.64 10.74
rerr 3.39 1.31 1.96 4.93 2.01 2.38 1.65 4.53 2.61 2.19 4.58
ATE 93.04 85.90 70.37 10.21 2.97 40.56 12.56 21.01 56.15 15.02 20.19

Li et al. [43]
terr 1.32∗ 2.83∗ 1.42∗ 1.77 1.22 1.07 1.02 2.06 1.50∗ 1.87 1.93
rerr 0.45 0.65 0.45 0.39 0.27∗ 0.44 0.41 1.18 0.42 0.46 0.30∗

DOC+ [44]
terr - - - - - - - - - 2.02 2.29
rerr - - - - - - - - - 0.61 1.10
ATE - - - - - - - - - 4.76∗ 3.38

DF-VO (M-SC) [5]
terr 2.25 66.98 3.60 2.67 1.43 1.15 1.03 0.93 2.23 2.47 1.96
rerr 0.58 17.04 0.52 0.50 0.29 0.30 0.26 0.29 0.30 0.30 0.31
ATE 12.64 695.75 23.11 1.23 1.36 3.75 2.63 1.74 7.87 11.02 3.37

TrainFlow [6] terr - - - - - - - - - 6.93 4.66
rerr - - - - - - - - - 0.44 0.62

Ours
terr 1.96 15.03 2.76 2.66 0.78 0.95 0.81 2.93 1.62 1.86 1.55
rerr 0.63 0.52 0.54 0.53 0.44 0.34 0.29 1.11 0.38 0.29 0.31
ATE 12.95 54.08 18.39 0.93 0.65 3.21 2.10 6.27 6.14 6.06 2.64
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Fig. 3. Qualitative tracking trajectories on KITTI odometry.

B. Visual odometry evaluation

We adopt the commonly used evaluation metrics of the
relative translation error terr (%), relative rotation error rerr
(◦/100m), and absolute trajectory error ATE (m) for testing
on KITTI odometry. We report the comparison results in

Tab. I. The compared methods are categorized into four
sets with geometry-based methods [2], pure learning-based
methods [3], [7], [42], online adaptation methods [43], [44],
and hybrid methods [5], [6]. Since the real-world scale is
unknown for monocular system, the evaluation results are
aligned to the ground truth for comparison. From Tab. I,
expect for comparing the methods with online adaptation,
our method can achieve the best of terr and ATE on both
sequence 09 and sequence 10. By comparing the hybrid
methods, our system outperforms the TrainFlow [6] by a
large margin and surpasses the DF-VO (M-SC) [5] on overall
performance. The tracking trajectories of sequences 09 and
10 are shown in Fig. 3(a) and 3(b). Furthermore, we also
report the results on sequences 00-08. As shown in Tab. I,
our method achieves the best terr and ATE on the majority
of sequences and outperforms the classic ORB-SLAM2 with
loop closure without any backend optimization. The results
indicate that our system can predict the scale-consistent
trajectory and proves the effectiveness of the proposed scale
recovery strategy. Two qualitative results are demonstrated in
Fig. 3(c) and 3(d). As for sequence 01, most of the methods
fail to track trajectory while our system shows remarkable
robustness and succeeds in tracking. By comparing with the
online adaptation methods, our system performs comparably
with the method of Li et al. [43] that updates the network
parameters with the meta-learning strategy during testing.
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TABLE II
DEPTH ESTIMATION ON KITTI. ALL METHODS ARE TRAINED ON KITTI WITH MONOCULAR MODALITY AT THE HIGH-RESOLUTION SETTINGS.

“U-A”: UNCERTAINTY-AWARE STRATEGY, “P-S DEPTH UNCERTAINTY”: PHOTOMETRIC-SENSITIVE DEPTH UNCERTAINTY.

Methods Error ↓ Accuracy ↑
Abs Rel Sq Rel RMSE RMSE log δ < 1.25 δ < 1.252 δ < 1.253

Monodepth2 [8] 0.115 0.882 4.701 0.190 0.879 0.961 0.982
R-MSFM3 [25] 0.112 0.773 4.581 0.189 0.879 0.960 0.982
R-MSFM6 [25] 0.108 0.748 4.470 0.185 0.889 0.963 0.982
HR-Depth [26] 0.106 0.755 4.472 0.181 0.892 0.966 0.984
Zhang et al. [27] 0.105 0.755 4.492 0.183 0.893 0.964 0.983
Ours w/o U-A (average) 0.110 0.718 4.545 0.186 0.880 0.962 0.983
Ours w/ U-A (photometric uncertainty) 0.107 0.719 4.552 0.184 0.884 0.963 0.983
Ours w/ U-A (P-S depth uncertainty) 0.105 0.727 4.491 0.180 0.888 0.964 0.984

TABLE III
ABLATION STUDY ON SEQUENCES 09-10 OF KITTI ODOMETRY.

Methods Seq. 09 Seq.10
terr rerr ATE terr rerr ATE

Baseline PointNet only 8.65 0.29 28.13 10.89 0.89 26.61
PointNet + DepthNet + PnP 3.19 0.82 9.29 2.60 1.27 4.76

Ours
w/o U-A (average) 4.20 0.36 15.06 2.52 0.40 4.67
w/ U-A (photometric uncertainty) 4.21 0.31 14.69 2.28 0.29 4.23
w/ U-A (P-S depth uncertainty) 1.86 0.29 6.06 1.55 0.31 2.64

C. Depth estimation

The depth network of the proposed system is evaluated on
KITTI dataset splitting by the Eigen testing protocol [19].
We compare our depth network with the recent models that
are trained in monocular modality using the high-resolution
inputs of 320× 1024 and report the results using metrics of
Abs Rel, Sq Rel, RMSE, RMSElog, δ < 1.25, δ < 1.252,
and δ < 1.253. From Tab. II, our depth network achieves
competitive overall performance. Moreover, we explore the
effects of the proposed uncertainty-aware strategy. Firstly, we
train the system without the uncertainty-aware strategy but
using the average of all scale factors. As shown in the third
line from the last of Tab. II, expect for the square relative
error, the performance drops obviously. Next, compared with
using the photometric uncertainty, the proposed photometric-
sensitive depth uncertainty improves the performance on
all metrics expect for the square relative error. The results
indicate that the depth network can benefit from the scale-
consistency relative pose estimation of our system.

D. Ablation study

We perform an ablation study on sequences 09-10 of
KITTI odometry, and the results are shown in Tab. III. We
additionally report the results of two baseline settings: (1)
solving the relative pose by the epipolar geometry with the
outputs of the point network only; (2) solving the relative
pose by the PnP method with the predictions of the point
network and the depth network.

Compared with the results of PointNet only, our system
dramatically reduces the terr and ATE. From the results of
the second row, it seems that using the PnP method can
achieve an acceptable performance. That is because the depth

network is optimized with the proposed training scheme,
from which solving the relative pose by the PnP method
benefits. Further, we train and evaluate a model without the
proposed uncertainty-aware but the average scale recovery
strategy, the results are reported in the third row of Tab. III.
By comparing with that, recovering the scaling factor by
our proposed method outperforms the average strategy by
a large margin on terr and ATE, and slightly improves the
performance on rerr. Moreover, we also train and evaluate
a model using the photometric uncertainty in uncertainty-
aware by replacing Σd

t (p) to Σp
t (p) in Eq. 4, the results

are shown in the fourth row of Tab. III. Compared with
the photometric uncertainty, weighting the scale factors by
the proposed photometric-sensitive depth uncertainty can
significantly reduce the terr and ATE. The results show
that the proposed uncertainty-aware scale recovery and the
photometric-sensitive depth uncertainty are effective to pre-
dict scale-consistent motion for monocular visual odometry.

V. CONCLUSION

In this paper, we present a feature-based visual odometry
and depth learning system with an effective uncertainty-
aware scale recovery strategy. To estimate the depth uncer-
tainty arising from the limitation of photometric constraint
for scale recovery, we propose a photometric-sensitive depth
uncertainty learning method. The experimental results on
KITTI odometry indicate that the proposed system can
predict scale-consistent trajectories from monocular videos
and outperforms the conventional method that has strong
backend optimization. Moreover, the depth network of our
system achieves comparable performance in depth estimation
on KITTI dataset.
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