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Abstract. Monocular visual odometry is important in autonomous driving, ro-
botics, and related fields, and has attracted increasing attention in computer vi-
sion.Traditional geometric methods and end-to-end deep learning methods have
achieved promising results in monocular visual odometry, but they still face lim-
itations in temporal consistency, uncertainty representation, and abnormal obser-
vation handling. To overcome these limitations, this paper proposes a monocular
visual odometry method that combines deep temporal features with a Kalman
filtering module based on a state-space model. By explicitly modeling the tem-
poral evolution of motion states in the state space, the method introduces conti-
nuity constraints into the pose estimation process. Meanwhile, the state transition
matrix and the covariance matrices for process and measurement noise are esti-
mated by neural networks, allowing the system to adaptively balance prediction
and observation during state update. Experimental results on the KITTI VO da-
taset show that, compared with the baseline method, the proposed model im-
proves pose estimation robustness and adaptability to incomplete observations,
which verifies the effectiveness of combining classical filtering theory with deep
learning for monocular visual odometry.

Keywords: Monocular Visual Odometry, Computer Vision, Kalman Filter,
Deep Learning.

1 Introduction

Visual odometry aims to continuously estimate the motion state of a camera or platform
from sensor observations and is a key technology in autonomous driving, mobile ro-
botics, and related fields [1].Compared with multi-sensor solutions, monocular visual
odometry has advantages such as low cost and flexible deployment. However, without
explicit depth and scale information, monocular visual odometry must estimate camera
motion solely from image sequences, making the task particularly challenging.There-
fore, how to estimate camera motion from monocular images in a stable and accurate
manner remains an important research problem in computer vision and robotics.
Traditional visual odometry methods are mainly based on multiview geometry and
motion constraints, and estimate camera motion through a sequence of modules such
as feature extraction and matching, pose estimation, and backend optimization [1, 2].
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These methods can achieve good performance in scenes with rich textures and limited
viewpoint changes, but they are sensitive to scene conditions. In addition, they rely on
manually designed multi-module pipelines and careful parameter tuning, which makes
the system complex and limits its generalization ability across different datasets and
application scenarios.

To improve system adaptability and reduce manual design, researchers have pro-
posed end-to-end visual odometry methods based on deep learning [3-5] in recent
years. These methods avoid explicit feature matching and geometric solving, and show
a certain degree of robustness in complex scenes. However, the temporal dependencies
in pose estimation are mainly captured implicitly by the network architecture. As a re-
sult, the estimated results are difficult to remain temporally continuous and consistent.
At the same time, existing methods usually do not model predictive uncertainty, making
it difficult for the model to adaptively balance current observations and historical in-
formation under degraded or missing observations. Therefore, it is necessary to intro-
duce an estimation mechanism with explicit state evolution and uncertainty modeling
on top of deep learning methods [6-8], so as to compensate for the lack of structural
constraints and stability in purely data-driven modeling.

Based on the above analysis, this paper proposes a monocular visual odometry
method that combines deep temporal features with a state-space model. The method
constructs noisy observations from image features and performs recursive state estima-
tion with a differentiable Kalman filter, while neural networks adaptively estimate the
state transition and noise covariance parameters. By explicitly modeling state evolution
and uncertainty, the method introduces structured constraints into an end-to-end frame-
work. Comparative experiments, robustness tests under random Gaussian noise, and
ablation studies on the KITTI VO dataset verify the effectiveness of the proposed
method.

In summary, the main contributions of this paper are as follows:

e By introducing a differentiable Kalman filtering mechanism, the proposed method
integrates a state-space physical model with deep temporal feature learning in an
end-to-end trainable framework, enabling explicit modeling of motion-state dynam-
ics for monocular visual odometry.

e Through learnable uncertainty modeling, the method adaptively balances prediction
and observation, suppresses the interference of noise in state estimation, improves
system robustness, and enhances estimation stability under degraded observations.

e The explicit recursive filtering process improves model interpretability, makes the
fusion between prediction and observation analytically traceable, and provides a
clearer basis for understanding model behavior and stability.

2 Related Work

This section reviews related research in monocular visual odometry and discusses the
core ideas of different technical routes as well as their methodological differences. Ex-
isting studies can generally be divided into three categories: traditional methods based
on geometric constraints, end-to-end methods based on deep learning, and hybrid
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methods that combine deep learning with physical models, which have emerged in re-
cent years.

2.1  Geometry-based Visual Odometry

Visual odometry methods based on geometric constraints rely on multiview geometry
and recover camera motion through feature matching or photometric consistency con-
straints, typically combined with geometric estimation and optimization procedures [1,
2, 9, 10].Overall, such methods have clear geometric interpretations and well-defined
optimization frameworks, and can achieve high accuracy in controlled environments.
However, they are sensitive to complex environments and lack data-driven adaptability,
which limits their robustness across diverse scenarios.

2.2 Learning-based Visual Odometry

Recent studies have explored the use of convolutional neural networks for camera mo-
tion estimation from image sequences. Such methods usually formulate visual odom-
etry as an end-to-end regression problem, using deep networks to extract motion fea-
tures, model temporal dependencies, and predict relative poses from image sequences
[3-5]. Compared with traditional geometric methods, these learning-based methods can
automatically extract expressive visual features from data and show stronger robustness
in complex scenes. However, they lack explicit state-space modeling and error propa-
gation mechanisms, making it difficult to impose structured constraints on historical
information and correct accumulated errors, which may lead to trajectory drift over
time.

2.3 Deep Learning with Physical Models

To address the above issues, some recent studies begin to combine deep learning with
physical models or state-space frameworks [6-8], and introduce structured dynamic
modeling and recursive estimation mechanisms into data-driven methods. Such meth-
ods perform structured modeling of the system in the state space, thereby establishing
a connection between data-driven learning and physical constraints. Compared with
purely deep learning methods, these approaches retain an explicit state evolution pro-
cess during inference through state-space modeling, and achieve adaptive fusion of pre-
diction and observation through uncertainty modeling, thereby alleviating error accu-
mulation to some extent and improving estimation stability. On this basis, this paper
further tightly integrates deep temporal features with a differentiable Kalman filtering
framework. The network adaptively learns the state transition and noise parameters,
and realizes structured fusion of prediction and observation in end-to-end training,
thereby more effectively suppressing error accumulation and improving estimation ro-
bustness under degraded observations.
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3 My Method

This section describes the proposed visual odometry framework in detail. The proposed
framework contains three main modules: a visual feature extraction module based on a
convolutional neural network, a temporal modeling module based on a recurrent neural
network, and an embedded Kalman filtering recursion module. Its goal is to estimate
the relative camera pose between adjacent time steps and thereby obtain the motion
trajectory representation of the whole sequence. Unlike traditional end-to-end visual
odometry methods that directly regress the pose at each time step, the proposed method
takes the output of the deep network as the source of noisy observations and introduces
a recursive estimation process in the state space to perform structured modeling of the
hidden motion state. The overall framework is shown in Fig. 1.
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Fig. 1. Overall framework of the proposed method. Consecutive image pairs are processed to
estimate camera motion via a recurrent network and a Kalman filter.

First, a convolutional neural network processes adjacent image pairs and generates a
high-dimensional observation representation at each time step. Through a learnable ob-
servation encoder, this representation is mapped into the state space to produce the ob-
servation input required by Kalman filtering, z, € RP, where D = 128. A recurrent
neural network is then used to capture temporal dependencies across time steps and
support subsequent state estimation.

Under an explicit state transition model and noise assumptions, the Kalman filtering
module recursively estimates the hidden motion state x, € R?, and characterizes mo-
tion evolution and observation reliability through prediction and update steps. Finally,
the filtered state is mapped back to the six-degree-of-freedom pose space through a
learnable state decoder, yielding the final pose output

pr" = g(x,) ERC. @)
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3.1 Image Preprocessing and Convolutional Feature Extraction

Given an image sequence of length T, denoted by {I.}7_,, each image frame is first
subjected to a unified preprocessing procedure, including resizing or cropping, tensor
conversion, and normalization, so as to ensure consistency in spatial resolution and
value distribution across the input data.

To explicitly model the motion information between adjacent frames, this paper
adopts a frame-pair-based input form. Specifically, two consecutive frames are concat-
enated along the channel dimension to form a 6-channel input:

Xt = Concat(lt, It’+1)! Xt € RGXHXW. (2)

The concatenated image pairs are then fed into a convolutional neural network for fea-
ture extraction. The convolutional encoder is designed or pretrained based on the idea
of optical flow modeling [11] to enhance the representation of motion information be-
tween adjacent frames. The convolutional network consists of multiple convolutional
blocks with downsampling, which progressively reduce the spatial resolution and in-
crease the feature dimension. Let the convolutional feature at time step t be

fi = denn(Xe), 3)

where @y (+) denotes the convolutional encoder, and f, is a high-dimensional visual
feature vector.

The resulting feature sequence {f,}7_, preserves the temporal order and serves as the
input to the subsequent recurrent neural network for temporal modeling. In addition,
the convolutional feature is used to generate the noisy observation z,, which is fed into
the Kalman filter as the observation input. The feature is also used to construct the
measurement noise covariance R, which provides observation uncertainty information
for the subsequent state-space model.

3.2  Temporal Modeling with Recurrent Neural Network

The visual feature sequence {f,}7_, extracted by the convolutional network preserves
temporal order information, but it does not directly model the dynamic dependencies
across time steps. To address this issue, this paper introduces a recurrent neural network
to perform temporal modeling on the feature sequence, so as to capture long-term de-
pendencies in the motion process.

During the temporal modeling stage, a multi-layer long short-term memory network
(LSTM) [12] is used to recursively process the convolutional features, and its hidden
state update can be expressed as

h, = LSTM(f,, h,_,), 4

where h; denotes the hidden state vector at time step t. This hidden state serves as a
compact representation of the temporal context and encodes the current observation
together with its historical information.
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Fig. 2. Temporal modeling and dynamic parameter generation using LSTM. The recurrent net-
work produces time-dependent state transition and process noise parameters for Kalman filter-

ing.

Based on the LSTM output state h,, this paper generates the dynamic parameters in the
state-space model through several learnable linear mappings. Specifically, these map-
pings are used to predict the state transition matrix A, and the process noise covariance
Q., thereby providing a prior dynamic model for the subsequent filtering process. The
relationship between the LSTM and the state-space parameters is shown in Fig. 2.

Through the above design, the deep network extracts high-dimensional feature rep-
resentations from visual inputs and generates the key parameters in the state-space
model accordingly, while the filtering process itself is carried out within an explicit
probabilistic framework.

3.3  Kalman Filter Integration

This paper embeds Kalman filtering [13] into the overall framework as a differentiable
recursive module to estimate the latent motion state at each time step. In this process,
the observation input to the filter is the encoded high-dimensional observation repre-
sentation, while the final pose output is obtained by decoding the filtered state.The
overall workflow of the Kalman filtering module is illustrated in Fig. 3.
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Fig. 3. Overall workflow of the Kalman filtering module.
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Prediction: State Propagation. For each time step t = 1, the model is given a time-
dependent state transition matrix A, and process noise covariance Q.. On this basis, the
linear Gaussian dynamical model performs prediction of the state and covariance, as
shown in Egs. (5)—(6).

Xejp—1 = AeXpq, )
P1:|1:—1 = AtPt—lAI + Q.. (6)

Update: Observation Correction. At time step t, the model is given the high-dimen-
sional observation z, and its corresponding measurement noise covariance R;. Based
on these, the innovation covariance and the Kalman gain can be defined, and the pre-
dicted state is then updated, as shown in Egs. (7)—(9). Meanwhile, to ensure numerical
stability, this paper adopts the Joseph form to update the covariance, as shown in
Eq.(10):

S; = HP,,_,HT + R, (7)

K, = Py, HTS;? (8)

Xe = Xge—1 + K (Ze — HXe—q) %)

P, = (I—-KH)Py,(I— K.H)T + K.R.K{ (10)

RTS Smoothing.The state estimate x, and its covariance P, obtained through the
above prediction and update steps are the results of the forward recursion of Kalman
filtering. However, when the full sequence is available, the state estimates at later time
steps can also provide additional information for the state estimate at the current time
step. To further improve the accuracy of state estimation, this paper introduces the
Rauch-Tung-Striebel (RTS) smoothing method [14] after Kalman filtering. RTS
smoothing performs backward recursion based on the filtering results and corrects the
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state estimate at the current time step by incorporating the state estimates at future time
steps, thereby obtaining more accurate state estimates. Let x§ and P/ denote the
smoothed state estimate and its covariance matrix, respectively. Then the smoothing
process can be written as:

G, = PtAI+1Pt_+11|t’ (11)
X{ =X; + Gt(XfH - Xt+1|t)' (12)
P =P, + Gt(PtS+1 - Pt+1|t)G;r' (13)

Through the above backward recursion process, the state estimate can make use of not
only the current and past information, but also the state estimates at later time steps,
thereby further reducing the estimation error over time. It should be noted that RTS
smoothing uses future estimated states rather than future ground-truth poses, and there-
fore does not introduce label information during inference. Since it relies on infor-
mation from later time steps, it is used here as a full-sequence refinement module.

3.4  Pose Decoding and Loss

The outputs of Kalman filtering and RTS smoothing are still latent states and cannot be
directly used as six-degree-of-freedom relative poses. To address this issue, a decoding
function g(-) is introduced to map the state representation to the pose space. For the
filtered state x; and the smoothed state x; at time step t, the pose estimates are defined
as

P =9, Pi=9gx), g:R”->RC (14)

where p, and p; denote the relative pose estimates obtained from the filtering result
and the RTS smoothing result, respectively. Let the ground-truth relative pose be p; =
[r;, u.], where r; and u, denote the relative rotation and relative translation, respec-
tively. Considering that the training process needs to constrain both the pose regression
error and the consistency of observation update and trajectory evolution, the loss func-
tion consists of three terms.

To constrain the relative pose errors of the filtering result and the RTS smoothing
result, unified relative pose supervision is adopted. Let b € {f, s} denote the filtering
result and the smoothing result, respectively, where ﬁ{ = P;. Then the relative pose
loss is defined as

Lrelpose = %Z{:l Zbe{f,s} Wp [Alrjp (dgeo (ﬁb' th)) + Agp(ﬁ? - ut)]' (15)

where p(-) denotes the Smooth L1 loss, and d,,,(+,-) denotes the geodesic distance be-
tween rotation matrices. R? and th are the rotation matrices corresponding to the b-th
output and the ground-truth pose, respectively, and wy = 1, wy = a. The relative pose

supervision jointly constrains the consistency of both the forward filtering result and
the RTS smoothing result with the ground-truth pose. The rotation error and translation
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error are modeled separately, which helps reduce the effect of scale differences on op-
timization.

In addition to pose supervision, the observation representation corresponding to the
observation update and its measurement noise covariance estimation are also con-
strained during training. To constrain the matching relationship between the observa-
tion residual and the uncertainty estimation, a negative log-likelihood constraint based
on the innovation is further introduced in the observation update stage. Let the innova-
tion at time step t be y, = zt — Hxt|t — 1, and let S, be the corresponding innovation
covariance. Then, after omitting the constant term, the observation loss can be written
as

1 —
Lobs = 57 Xt=1(y¢ S¢'ye +10g|S]). (16)

This loss term acts directly on the filtering update stage and is used to constrain the
statistical consistency between the innovation magnitude and the covariance estima-
tion.

The above two constraints mainly act on individual time steps and are still insuffi-
cient to fully suppress the accumulated error over long sequences. To constrain the
temporal continuity of the whole trajectory, the predicted relative pose sequence is ac-
cumulated over time to obtain the corresponding absolute trajectory, and a consistency
constraint is introduced at the trajectory level. Let @ (-) denote the accumulation oper-
ator that recovers absolute poses from relative poses. Then the consistency loss can be
expressed as

Lcons = % {:1 [)i p(dgeo ((pR(ﬁl:t): (DR (pl:t))) + Azcz p((pu(ﬁl:t) - (Du(pl:t))]- (17)

This constraint is used to suppress long-term drift and maintain the geometric con-
sistency and motion continuity of the recovered trajectory.

By combining the above three constraints, the final training objective can be written
as

L= Lrelpose + ¥ Lobs + B Leons, (18)

where a controls the contribution of the smoothing result in the relative pose supervi-
sion through wy, and y and S control the weights of the observation constraint and the
trajectory consistency constraint, respectively. The three loss terms correspond to rela-
tive pose supervision, observation update constraint, and trajectory consistency con-
straint, respectively, and together form the final training objective.

4 Experiment

The proposed method is implemented based on the PyTorch framework [15], and all
experiments are conducted on an NVIDIA RTX A6000 GPU. The experiments are per-
formed on the KITTI Visual Odometry dataset [16], where sequences 00, 01, 02, 03,
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04, and 08 are used for training, sequences 05, 06, and 07 are used for validation, and
sequences 09 and 10 are used for testing.

The input data are constructed using a sliding-window scheme, where each sample
contains 9 consecutive image frames. All input images are uniformly resized to a reso-
lution of 640 x 192. During training, data augmentation is performed using brightness,
contrast, and gamma perturbations. The AdamW optimizer [17] is used together with a
cosine annealing learning rate schedule. The learning rate for the backbone is set to
1 x 107%, and that for the state-space branch is set to 3 x 107>, The weight decay is
setto 1 x 10~%, the batch size is 64, and validation is performed after each epoch.

During testing, the model performance is quantitatively evaluated using the com-
monly adopted KITTI metrics of translational error and rotational error.

4.1 Comparison

To evaluate the pose estimation performance of the proposed method, this paper com-
pares the proposed method with several representative visual odometry methods on
KITTI sequences 09 and 10, with DeepVO used as the primary learning-based baseline.
For qualitative trajectory comparison, DeepVO is selected as the main learning-based
baseline. Table 1 presents the quantitative results, while Fig. 4 and Fig. 5 show the
trajectory comparison and the position changes along the three axes, respectively.

Table 1. Quantitative comparison of different methods on KITTI sequences 09 and 10.

Methods Seq. 09 Seq. 10
tre (%) Tl (deg/m) trel (%) el (deg/m)
ORB-SLAM [2] 15.30 0.26 3.68 0.48
Zhou et al. [4] 17.84 0.0678 37.91 0.1778
Zhanetal. [5] 11.93 0.0391 12.45 0.0346
DeepVO [3] 11.0523 0.0390 11.1915 0.0260
Ours 9.6302 0.0261 8.7219 0.0342

As shown in Table 1, the proposed method achieves substantially lower translational
errors than DeepVO on both test sequences, indicating better overall accuracy. In terms
of rotational error, the proposed method performs better on sequence 09, while it is
slightly worse than DeepVO on sequence 10. This suggests that the improvement of the
proposed method is more evident in translational estimation than in rotational accuracy.
These results indicate that the proposed method has good robustness and generalization
ability across different scenes.

As shown in Fig. 4, the predicted trajectory of the proposed method is overall closer
to the ground-truth trajectory, with smaller drift in turning regions and over long accu-
mulated distances, whereas DeepVO exhibits more evident error accumulation.



Deep State-Space Monocular VO with Learnable KF 11

(a) Sequence 09 (b) Sequence 10

Fig. 4. Trajectory comparison between DeepVO and the proposed method on KITTI sequences
09 and 10.

Further observations from Fig. 5 show that the proposed method produces smoother
position variations along the x, y, and z axes over multiple segments, and its overall
trend is more consistent with the ground-truth trajectory. This indicates that the method
has better stability in local temporal modeling, which is closely related to the introduced
state-space modeling mechanism.

(a) Sequence 09 (b) Sequence 10

Fig. 5. Comparison of position components along the X, y, and z axes on KITTI sequences 09
and 10.

4.2 Robustness under Noisy Observations

In practical application scenarios, visual observations are inevitably affected by noise.
To evaluate the robustness of the model under degraded observation conditions, Gauss-
ian noise with different intensities is added to the input images during testing, and com-
parative experiments are conducted on KITTI sequences 09 and 10. Table 2 and Table
3 present the corresponding quantitative results, respectively.

The results show that, as the noise intensity increases, the errors of both methods
rise, but the performance of the proposed method changes more gradually, indicating
better stability. On sequence 09, the proposed method achieves lower translational and
rotational errors than DeepVO across all noise levels. On sequence 10, the proposed
method consistently maintains a clear advantage in translational error, while its
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rotational error is slightly higher than that of DeepVO, although the overall trend re-
mains stable.

Overall, the proposed method maintains stable pose estimation performance under
noise interference, demonstrating good robustness. This result is related to the intro-
duced uncertainty modeling mechanism, which can adaptively adjust the weight of state
updates.

Table 2. Quantitative comparison under noisy observations on KITTI sequence 09.

. DeepVO Ours
Noise Range
trel (%) Trel (deg/m) trel (%) Trel (deg/m)
0-0.02 11.073 0.03918 9.677 0.02665
0-0.05 11.506 0.04115 9.930 0.02915
0-0.10 12.645 0.04629 10.549 0.03540

Table 3. Quantitative comparison under noisy observations on KITTI sequence 10.

. DeepVO Ours
Noise Range
trel (%) Trel (deg/m) trel (%) Trel (deg/m)
0-0.02 11.291 0.02613 8.727 0.03469
0-0.05 11.800 0.02733 8.574 0.03552
0-0.10 13.498 0.03197 8.554 0.03720

4.3  Ablation Study

To analyze the effect of each module on model performance, ablation studies are con-
ducted on KITTI sequences 09 and 10, including two settings: removing the LSTM
temporal modeling module and replacing the learnable noise covariances with fixed
values. Table 4 presents the quantitative results. From the overall results, the complete
model obtains the best results on both sequences, indicating that all modules contribute
positively to the performance improvement.

Table 4. Ablation studies on KITTI sequences 09 and 10.

No LSTM Fixed Q/R Ours
8 T (@) G (6) e (d0/M) G (%) 1o (degim)
09 28.7618 0.1055 18.2846 0.0598 9.6302 0.0261
10 35.1767 0.1618 12.3910 0.0502 8.7219 0.0342

mean | 31.9693 0.1336 15.3378 0.0550 9.1761  0.0302
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No LSTM.As shown in the table, removing the LSTM leads to a clear degradation in
model performance, with both translational and rotational errors increasing substan-
tially. This indicates that temporal modeling is crucial for exploiting continuous motion
information.
Fixed Q/R.When the process noise covariance matrix and the measurement noise co-
variance matrix are set as fixed parameters, the model performance also degrades. Alt-
hough the overall performance remains better than that of No LSTM, it still falls short
of the full model, which indicates that adaptive noise modeling helps improve estima-
tion accuracy.

In summary, both LSTM-based temporal modeling and adaptive estimation of the
noise covariance play key roles in improving performance, and the best results are
achieved when the two are combined.

5 Conclusion

This paper proposes a monocular visual odometry method that combines deep temporal
features with a state-space model. The method uses a convolutional neural network to
extract visual features and generate the measurement noise covariance R;, uses a recur-
rent neural network to generate the state transition matrix A; and the process noise co-
variance Q;, and combines differentiable Kalman filtering with RTS smoothing to
achieve recursive estimation and refinement of the motion state. Compared with purely
end-to-end regression methods, this framework explicitly introduces state evolution
constraints and uncertainty modeling, thereby enhancing the interpretability, temporal
consistency, and robustness of the model. Experimental results on the KITTI dataset
show that the proposed method outperforms the comparison method in overall trajec-
tory estimation performance. These results verify the effectiveness of combining clas-
sical filtering theory with deep learning methods for monocular visual odometry and
These results also indicate that the method has good application potential in complex
dynamic scenes, while its performance in broader and more diverse dynamic scenarios
requires further investigation.
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