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Fig.1: Visual Odometry on Compressed Videos. We present VOCA, a novel
Visual Odometry system that produces smoother, more stable trajectories than
descriptor-based systems such as ORB-SLAM3 and OKVIS2, thanks to its codec-aware
sparse optical-flow frontend. Our system enables Visual Odometry on data compressed
by up to 100x. We visualize challenging segments with dashed-red markers, sampled
from three different datasets. In the zoomed-in views, we show the previous pixel
location that would be the prior in regular VO systems, the motion-vector prior that
we introduce, and the optical flow solution. In most cases, motion-vector priors reduce
the initialization distance to the solution to just a few pixels.

Abstract. Camera pose estimation from image streams is a critical com-
ponent of spatial world models that integrate perception into planning
and decision-making. Nearly all Visual Odometry (VO) and Simultaneous
Localization and Mapping (SLAM) systems have focused on datasets
containing raw, uncompressed videos. Many working systems instead
use ubiquitous hardware units to efficiently compress and decode video
streams, saving orders of magnitude in storage and bandwidth. However,
this lossy compression introduces visual artifacts that hinder the per-
formance of traditional tracking systems. We present VOCA, a causal
stereo visual-odometry method that exploits codec information to im-
prove tracking performance. We achieve state-of-the-art performance on
causal VO for relative trajectory error, efficiency, and absolute trajec-
tory error on compressed streams. This work highlights the potential of
leveraging widely available video codec information for vision tasks.
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1 Introduction

Spatial computing systems make their way into our lives in a variety of forms,
from mixed reality devices to autonomous systems such as robotic assistants,
drones, and self-driving cars. Cameras have proven to be a rich and cost-effective
sensor, driven in part by the ubiquity of mobile and embedded vision in consumer
devices [3}/63]. Current trends in computer vision, learning, and robotics show
increasing overlap in research, with no sign of slowing [9/27,|47]. Furthermore,
immense potential is expected from learning-based models that leverage the vast
amount of internet videos captured by these sensors for training [2,[9]. In this
context, tracking camera poses has become imperative for many applications and
research [11}19,/21,/23,[70]. There cannot be action and planning in 3D without
first understanding the current location of a moving agent [22].

The high potential for cameras comes at the cost of large volumes of data. A
raw image stream from a common setup of stereo monochrome cameras (8-bit
pixels) with a resolution of 640 x 480 at 30 frames per second produces more than
a gigabyte of data per minute. Since bandwidth and memory are expensive |72],
practical systems rely on compression to transmit camera streams efliciently
under the compress-then-analyze design paradigm [24]. Years of software and
hardware development have gone into accelerating common encoders such as
H.264, AV1, and VP9 |20//42//68]. Video codecs are now ubiquitous when working
with camera streams [46].

Over the last 20 years, a variety of approaches, ranging from purely clas-
sical algorithms [716,[18,[32} |43} |44} |50} 53}, /64] to various learning-based sys-
tems [29,[34L141},57,66,67,/69] have been proposed in the literature for egocentric
tracking. However, most VO and Visual SLAM (VSLAM) systems focus solely
on raw images, with datasets and benchmarks in the field considering only fully
uncompressed images [3,/39]. As we will show, common video encoders like H.264
can reduce the size of sequences by orders of magnitude. Unfortunately, this com-
pression process is lossy and introduces visual artifacts that significantly degrade
the performance of these state-of-the-art tracking systems [62| and other vision
tasks [48]. This has been an often overlooked challenge in the field of VO and
VSLAM, with only a few works discussing the topic [24,73] and, to the best
of our knowledge, only one, MoV-SLAM [62], attempting to actively improve
tracking through codec information.

In this work, we show that a significant amount of the tracking performance
loss due to compression can be recovered by properly exploiting the information
available in the encoded data. In some cases, certain appearance changes intro-
duced by compression can make feature tracking more stable (e.g., lower pixel
noise since it is difficult to encode). In addition, the reduced bandwidth and
memory requirements of compressed streams can improve runtime performance,
since decoding can, in many cases, be more efficient than repeatedly accessing
the much larger raw image sequences.

Following these observations, we present VOCA, a causal stereo VO method
that leverages video codec information for tracking. VOCA is built on top of the
popular odometry system Basalt [64] with modifications from [39]. It produces
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Fig. 2: Video encoding can introduce artifacts that violate the photometric-constancy
assumption used by most tracking algorithms. Examples from datasets used in this
work: EV203 (from EuRoC [6]) shows blurred details, TR2 (from TUM-VI room [54])
exhibits reduced contrast in the thin net, and MOO02 (from MSD [39]) contains geo-
metrically jagged edges/textures. See [35] for additional artifacts.

causal estimates, meaning it uses only past information for tracking, making it
suitable for real-time use . Our method outperforms Basalt on ~ 100X com-
pressed sequences. Furthermore, VOCA achieves state-of-the-art performance
for causal stereo VO when compared to other top-scoring systems (see Fig. .
The contributions of our work include:

— VOCA, a causal stereo VO method that can run on compressed videos and
leverage its codec information for greater accuracy and efficiency.

— An extensive benchmark showing that VOCA achieves state-of-the-art per-
formance, even in settings with heavy compression (~ 100x).

— An ablation study that isolates the contribution of each component and
provides insights for future methods for tracking encoded videos.

— A performance degradation analysis, showing tracking degradation for top-
scoring systems under different compression settings

See VOCA'’s project page at https://tum-vision.github.io/vocal

2 Related Work

The focus of this paper is VO for compressed images. Our discussion of related
work will include an overview of the topics VO and VSLAM, with a focus on
the most closely related work MoV-SLAM . We include approaches that
also use inertial measurements, although our work is primarily concerned with
improvements in front-end tracking. Therefore, we will introduce feature tracking
separately to discuss its challenges under video compression. We will also give a
brief introduction to video compression.

2.1 Feature Tracking

Feature-based VO and SLAM approaches require tracking feature positions across
multiple images to construct a (windowed) bundle adjustment optimization prob-
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lem. To establish these correspondences, feature positions are extracted and de-
scriptors of these feature positions are matched between images.

For classical VO, popular descriptors are SIFT/SURF [4,37], ORB [49|, and
BRISK |[33]. SuperPoint [15] presents a learned alternative. For compressed
videos, MoV-SLAM [62] introduced EXPRESS features based on the Macro
Blocks (MBs) of the H.264 video encoder. Each MB represents a potential fea-
ture, classified as distinctive or not, based on a linear-time operation along the
patch diagonals. The features are scale-invariant but not rotation-invariant. They
are matched using a binary descriptor distance, similar to ORB features.

Tracking feature points presents an alternative to feature matching, usually
based on optical flow, such as KLT-Tracking [38}/56,61]. The reliance on pixel
intensities renders optical-flow-based approaches sensitive to image artifacts in-
troduced by compression, as the photo constancy assumption is violated. In this
work, we exploit information from video compression to reduce the impact of
these artifacts on the feature tracking, improving its robustness.

2.2 Visual Odometry

Classical VO approaches can be broadly categorized into feature-based and direct
methods. Whereas feature-based methods such as PTAM [30], MRO [12], ROBA
[31], PNEC [40], and Basalt [64] use the aforementioned feature positions, direct
methods such as DSO [16] and DM-VIO [65] operate directly on pixel intensities.
Because they rely on the photo constancy assumption, direct methods are even
more sensitive to image artifacts than sparse feature-tracking methods. More
recently, purely learning-based approaches have enabled VO on uncalibrated
videos including VGGT 66|, PI3 [67], MapAnything [29], AnyCam [69], AnyMap
[13], and DepthAnything3 [34]. Due to their large model size and scalability
constraints for long videos, they are not yet viable for deployment on constrained
hardware. Hybrid approaches like LEAP-VO [10] and Splat-SLAM [51] bridge
the gap somewhat. We build our work on Basalt [64] as it is among the few VO
systems that use KLT-Tracking.

2.3 Visual Simultaneous Localization and Mapping

Despite its rigorous mathematical definition in [58], we follow the commonly
accepted approach in which SLAM extends VO with concepts such as loop clo-
sure [8]. Similar to VO, a family of direct SLAM methods exists around LSD-
SLAM [17]. ORB-SLAM 1, 2, and 3 [7,43,/44] build a system around matching
ORB features and loop detection using Bag-of-Words. OKVIS2 [32] employs
BRISK features and is optimized for drone usage. Snake-SLAM [50] decouples
front-end processing and back-end optimization, which is further split into IMU
state estimation and bundle adjustment to improve efficiency. Similar to VO,
end-to-end learning approaches [141|45(60] have been introduced in recent years.
More closely related to our approach is MoV-SLAM [62]. MoV-SLAM lever-
ages the EXPRESS features discussed previously for front-end correspondence
estimation with optional stereo matching using Lucas-Kanade optical flow. The
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back-end is based on PnP pose estimation using MAGSAC++. Despite its name,
MoV-SLAM does not use loop closure for drift correction.

2.4 Video Compression

Early digital video coding was first standardized for low-bitrate transmission
(e.g., ITU-T H.261 [36]), and later for broadcast and storage (MPEG-2 [26]),
which combined block transforms with motion-compensated inter-frame predic-
tion [52]. With the rise of videos on the internet, H.264/AVC [68| became the
most widely adopted codec by major platforms [25,/46,55]. Modern video codecs
(e.g., MPEG-2/H.262, H.264/AVC, H.265/HEVC, VP9, AV1, and H.266/VVC
[54/20}[261|421/59,/68] ) largely follow a hybrid block-based architecture: Each frame
is partitioned into blocks, and for each block the codec forms a predictor via
intra- or inter-prediction. The former leverages previously reconstructed neigh-
boring blocks within the same frame, while the latter uses motion-compensated
prediction from one or more previously decoded reference frames, either causally
or not, depending on encoder settings. The block is then transformed, quantized,
and entropy-coded, typically with in-loop filtering to improve reference quality.
For inter-frame prediction, the encoder selects one (or more) previously recon-
structed reference frames and estimates per-block motion vectors that point to
displaced regions in the reference; the decoder uses the corresponding displaced
(and, if needed, sub-pixel interpolated) reference block as an initial prediction
and reconstructs the final block by adding the decoded (inverse-quantized /inverse-
transformed) residual. Although these per-block motion vectors are primarily
optimized for rate—distortion efficiency in inter-frame coding, prior work shows
that they roughly resemble optical flow (see Fig. [3)) and can be reused as a
warm-start/initialization for optical flow estimation pipelines |28}71}73.(74].
Despite newer codecs improving compression efficiency, H.264/AVC remains
the most widely adopted codec on commodity devices [46]. Moreover, recent
fixed-function encoder benchmarks show that H.264 encoding throughput often
matches or even exceeds that of newer codecs [1], owing to its mature hardware-
accelerated implementations. Accordingly, we focus on H.264/AVC as our pri-
mary codec throughout the paper and refer the reader to the supplementary
material for preliminary positive results of the method on the AV1 codec.

3 Method

We first explain why video compression degrades KLT-Tracking, and hence why
systems like Basalt [64] struggle under these conditions, then show how the com-
pression itself can initialize tracking to overcome these limitations. Throughout,
we assume a causal configuration in which encoding order matches capture order
and inter-frame prediction references only past frames. This matches both our
target streaming setting and all experiments (Sec. . We begin with the basics
of video compression and optical flow.
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3.1 A Primer on Video Compression

Let I, : 2 — RY be the image at time ¢ defined on the pixel lattice 2 =
{1,...,H} x{1,...,W} with C color channels. In video coding, I; is typically
represented in a color space that separates the luminance, like YCbCr, and
the encoding pipeline operates on each component separately. For notational
simplicity and because the evaluated datasets are monochromatic, we describe
the process for a single scalar component Y; : 2 — R.

Let {By}< | be a frame-specific partition of 2 into K rectangular blocks,
indexed by k alone since ¢ is fixed throughout. Each block By = {my,...,my +
Hyp — 1} x {ng,...,n + Wi — 1} C 2 has height Hy, width Wy, and a top-left
anchor coordinate (mg,ny). We define the block of component values associated
with By as y¢ = Y:(Bg) € RHkXWi,

The encoder aims to represent each block y:; as accurately as possible
while minimizing the number of required bits. Within a frame, blocks are pro-
cessed in encoding order; when processing By, previously reconstructed blocks
Yt1s---,¥tk—1 within the current frame and reconstructed frames Yt/, t' < t, are
available. The encoder forms a predicted block y; ;, either by intra-frame predic-
tion from neighboring boundary samples or by inter-frame prediction, in which
a reference frame Yy and a displacement vector, often called a motion vector,
d;. € R?, likewise indexed only by k, are selected by minimizing a rate-distortion
cost, yielding y; , = Yy (Bi + di). The prediction residual is then computed,
transformed, and quantized as

Tk =Yk — Yk Xip = QT (rer)). (1)

Since quantization is a lossy, many-to-one mapping, the decoder can only recover
an approximation t; = T 1(Q ' (Xtx)) # ik, which leads to artifacts as
shown in Fig. @ The quantized coefficients X ;, together with the prediction
parameters (prediction mode, motion vector, and reference index), are entropy
coded into the bitstream. The choice of admissible prediction types is governed
at the frame level: within so-called I-frames, all blocks are restricted to intra-
prediction, making the frame independently decodable and serving as a random-
access point; within so-called P-frames, each block may choose between intra
and inter prediction, and blocks predicted in intra mode do not carry motion
vectors. The large majority of frames, however, are encoded as P-frames.

In H.264 [68], the blocks By, correspond to so-called macroblocks of fixed size
16 x 16 or (sub)-partitions of macroblocks with sizes ranging from 16x8, 8x8,
4x8, 8x4, down to 4x4, each carrying its own motion vector (see Fig. 3)).

3.2 From Video Compression to Lucas-Kanade Optical Flow

We denote with I; : £2 — [0, 1] the gray-scale intensity of the image frame I;. The
Lucas-Kanade [38] method assumes brightness constancy along the trajectory
p(t) of a moving point in an image sequence I(p,t),

I(p(t),t) = const, Vi, (2)
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Fig. 3: Encoded information. Video codecs assign motion vectors to macroblock
partitions and sub-partitions. They encode local block motion as a displacement to an
intensity-matched block in a reference frame. The figure shows a frame with macroblock
partitions (left), its motion vectors (center), and the normalized discrete vector field
they induce (right). While this field is correlated with optical flow, it is considerably
noisier: the encoder is free to match any region of the reference frame to improve com-
pression, regardless of whether the resulting vector reflects true scene motion. Vectors
likely deviating from optical flow are highlighted in red via median thresholding.

which, via first-order linearization, yields the optical-flow constraint

d

% p,t) = 0, (3)

0
Ip(t),) = VI(p.t) v(p,t) + 5. 1(
where v = (u,v) T denotes the (instantaneous) optical flow and I(p,t) = I;(p).

Evaluated between two consecutive frames (i.e., discretizing with At = 1),

the brightness constancy assumption takes the form
I 1(p) ~ Li(p+V). (4)

Lucas-Kanade further assumes locally constant motion, i.e., v(p,t) = v(p, t) for
all p in a neighborhood N (p).

This local-constancy assumption mirrors the structure of block-based inter-
frame prediction in video coding: identifying A/(p) with the block By, containing
P, the encoder assigns a motion vector d; that predicts By by sampling a dis-
placed region from a reference frame, yielding the relation

Ii(p) =~ I;_1(p+di), VD E By. (5)

Comparing with Eq. , since the motion vector dj points from the current
frame back into the reference frame, whereas v points forward in time, —dj acts
as a coarse, block-wise approximation of sparse optical flow, i.e., —d; =~ v. How-
ever, as Fig. [3]illustrates, this correspondence can break down: since the encoder
is free to reference any region that improves compression, regardless of whether
the resulting vector reflects true scene motion, decoded motion vectors may de-
viate substantially from optical flow, particularly in areas with little texture,
repetitive patterns, or strong motion blur. We therefore maintain a distinction
between the true optical flow v and the decoded motion vectors dj throughout.
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Fig. 4: Proximity to the minimum. VOCA uses motion vectors as priors for opti-
cal flow, which significantly reduces the distance to the ground-truth solution, possibly
improving convergence times and the likelihood that the initial state lies in the con-
vergence basin of the non-linear problem. This figure shows the error distributions of
pixel distances between the prior guesses (initialization) and the final tracked results.

3.3 Using Motion Vectors as Priors for KLT-Tracking

While video-codec motion vectors provide purely translational displacements per
block, KLT-Tracking estimates correspondences more accurately by optimizing
over a richer motion model for image patches. Specifically, the Basalt [64] im-
plementation performs tracking on the gray-scale intensity I; and optimizes an
SE(2) transform Tsop per patch P = N (p) centered on a keypoint p

Rop t
Top = ( SD 21D) , (6)

by minimizing the photometric error

Ly (p)  L(RapP +top)
Iy I ’

(7)

-
pPEP
where I,_; and I; are mean patch intensities that normalize for illumination
change. The translation top corresponds to an estimate of the optical flow v,
while the rotational component Rop captures local image rotation that a purely
translational model, such as a codec motion vector, cannot represent.

Directly replacing KLT-Tracking with decoded motion vectors is not a viable
alternative: as discussed above, motion vectors are optimized for compression
rather than motion fidelity, making them noisy estimates of true scene motion.
Moreover, they are purely translational and cannot represent the in-plane rota-
tion captured by the Rop component of the SE(2) model.

However, motion vectors can bridge displacements far larger than what image
pyramids alone can recover, making them well suited for use as initialization
priors. Since top points forward in time (matching the convention of v) and
v &~ —dj, we initialize top with the negated motion vector —dy, while retaining
the identity for Rop, and let the KLT optimizer refine both from this starting
point. For backward tracking from frame ¢ to ¢t — 1, used for cycle-consistency
verification, the initialization is dj directly.

As Fig. [ shows, for successful tracks, this initialization reduces the dis-
tances from the initialization points to the final converged positions when using
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motion vectors; the majority of motion vectors lie within 1-2 pixels of the con-
verged solution, confirming their effectiveness as initialization priors. Note that
video compression additionally introduces artifacts into the decoded images (see
Fig. , adding further noise to the optimization, thereby reinforcing the need
for a full KLT refinement rather than relying on motion vectors directly.

3.4 Bridging I-Frames

As established in Sec. I-frames carry no inter-frame prediction and there-
fore yield no motion vectors. This is particularly challenging because I-frames
tend to occur precisely when scene content changes substantially, the same con-
ditions under which establishing feature correspondences is most difficult. To
maintain motion-vector initialization across I-frame boundaries, we reuse the
motion vectors dj decoded from the last available P-frame, assuming constant
motion. While these vectors do not reflect the true displacement at the I-frame,
they provide a temporally proximate estimate that, in many empirical cases, lies
sufficiently close to the true optical flow to place the KLT optimizer within its
convergence basin.

3.5 Outliers through False Positives and Dynamic Objects

As the motion-vector initialization can cover large displacements, the tracking
is not constrained to the same locality as the previous-pixel prior baseline. This
has the potential to introduce two kinds of false positive tracks:

— A wrong motion vector can point in the wrong direction, but represent vi-
sually similar image regions (e.g., wall area of Fig. [3)

— A correct motion vector is associated with a dynamic object (see Fig. on the
arm). These features are difficult to track because of their large displacement.

If, in both of these scenarios, the forward tracking is already close to the min-
ima, then the backward track will be initialized close to its origin. As the motion
vectors from the video encoder represent photometrically similar regions, the tra-
ditional forward-backward consistency of KLT-Tracking is not reliable in filtering
out these outliers. These correspondences badly influence the bundle adjustment
in the backend and cause drift or divergence in the trajectory.

To reduce their influence, we propose the following strategy: track each point
with and without motion priors. If a point is tracked only once, we treat it as a
success. If both approaches successfully track the point, we check whether they
are consistent and reject any that are inconsistent. This allows us to identify
possible outliers in the tracks.

3.6 Implementation Details

As discussed in Sec. [IJ KLT-Tracking has strong assumptions and is not well
suited for compressed data. In consequence, this also holds for our foundation,
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Table 1: EuRoC dataset. Following |39], we use thresholds for ATE and RTE (A =6
frames) of 10 m and 10 cm, respectively, and mark runs that exceed these thresholds as
divergent with co. Incomplete runs (crashes) are marked as X. Systems that are unable
to estimate more than 50% of the trajectory without resetting are marked as R. We
show median (MED) and average (AVG). For avoiding outliers skewing the AVG, we
exclude sequences that fail in any of the systems with reasonable metrics. We mark
these sequences in gray. MoV-SLAM does not produce reasonable ATE and RTE, and
ORB-SLAM3 does not produce reasonable RTE. Only on easy sequences does Basalt
show slightly better performance than VOCA. On EuRoC, our method improves the
mean RTE by =~ 15% and the mean ATE by &~ 10%, while being more robust, as shown
by the number of successfully completed sequences.

ATE [cm]| (SE3 aligned) RTE [cm]| (A = 6 frames)

MoV- ORB- VOCA MoV- ORB- VOCA

SLAM SLAM3 OKVIS2 Basalt OURS SLAM SLAM3 OKVIS2 Basalt OURS
EMHO01 00 3.80 12.10 16.20 17.50 0o 00 1.371 0.595 0.637
EMHO02 00 5.30 13.60 10.60 13.30 0o 0 1.528 0.621 0.604
EMHO03 373.90 4.70 17.60 20.00 20.60 0o 00 2.950 1.504 1.487
EMHO04 698.50 949.30 oo 21.90 22.90 o0 00 [e%¢) 2.095 2.075
EMHO05 x 12.30 20.50 24.30 20.10 X 00 4.041 1.603 1.656
EV101 681.90 9.40 15.60 10.10 11.30 00 1.899 1.423 1.405
EV102 484.40 R 20.60 X 8.30 R 3.176 1.549

X
EV103 245.00 138.30 66.80 51.40 38.30 8.228 6.185 4.085

o0
EV201 781.50 42.40 11.00 7.60 8.10 e 1.582 1.981 2.031
EV202 549.50 12.50 20.20 13.70 9.60 o0 3.073 1.667 1.446
EV203 203.30 R 533.20 o 185.60 R o' 00 00

AVG 28.59 22.18 19.24 17.35

oo 3.084 1.947 1.669
MED 681.90 12.50 20.20 20.00 17.50

3.073 1.667 1.549

88(2388¢8

Basalt [64], with updates from [39]. In addition to motion-vector initialization,
we adapt the original system in two ways: First, we relax the threshold for the
forward-backward consistency, allowing for more tracks over the whole sequence.
Second, we adapt the patch P to cover a larger area. This captures more of the
image structure, increasing robustness. The reported numbers for Basalt include
these changes.

4 Experiments

We evaluate on three different VSLAM datasets representative of use cases with
limited compute due to hardware constraints. EuRoC [6] represents drone data
captured in two different scenarios, a machine hall and a standard room. TUM-
VI [54] represents handheld motion commonly found in smartphone or body-cam
footage. The Monado SLAM dataset (MSD) [39] is a recent dataset captured
with a head-mounted sensor setup for applications such as VR and humanoid
robotics, and is much longer than the previous two.

We use sequence acronyms with the first letter representing the dataset; e.g.,
EMHO04 for MH_04_difficult from EuRoC, TR2 for room2 from TUM-VI, and
MIPBO05 for MIPBO5_beatsaber_fitbeat_360_expert from MSD.

We compare against the following baselines: 1. ORB-SLAMS3 [7] is a state-
of-the-art descriptor-based visual SLAM system that is not designed with com-
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Table 2: TUM-VI dataset. We restrict the evaluation to the room sequences, as
they are the only ones with full ground truth. For almost all sequences, VOCA clearly
outperforms the baseline Basalt [64]. The difference is more pronounced on the most
challenging sequence, TR5, with an ATE improvement of =~ 85%. Only ORB-SLAMS3
achieves comparable performance in global consistency (ATE) but exceeds the RTE
threshold across all sequences. Symbols and shading follow the conventions of Tab. E

ATE [cm] (SE3 aligned) RTE [cm]| (A = 6 frames)

ORB- VOCA ORB- VOCA

SLAM3 OKVIS2 Basalt OURS SLAM3 OKVIS2 Basalt OURS
TR1 7.70 X 6.30 6.80 00 X 1.010 0.896
TR2 7.60 12.00 12.80 12.70 00 1.489 0.941 0.941
TR3 12.30 21.30 15.30 15.90 oo 2.028 0.910 0.853
TR4 8.10 8.70 14.40 7.10 oo 2.085 4.458 0.733
TR5 7.80 54.80  54.50 7.70 oo 3.907 7.287 1.046
TR6 7.80 5.80 4.70 4.80 oo 1.091 0.502 0.503
AVG 8.72 20.52  20.34 9.64 oo 2.120 2.820 0.815
MED 7.80 16.65 13.60 7.40 oo 2.057 0.975 0.874

pressed videos in mind. Similarly, 2. OKVIS2 |32| presents another SLAM sys-
tem with strong performance. 3. MoV-SLAM [62| presents the only work in
the literature that is specifically designed for compressed videos. 4. Basalt [64]
is the baseline upon which we build VOCA and is therefore conceptually the
closest, as it also uses KLT-Tracking correspondences. We evaluate our method
in a purely stereo VO setting. To simulate real-time usage, we report causal es-
timates only. We disable loop closure for ORB-SLAM3 and OKVIS2 to isolate
the front-end tracking.

Whenever possible, we provide the same input data. However, MoV-SLAM
and ORB-SLAMS3 require stereo-rectified images for certain camera models, in-
troducing computational overhead. As TUM-VI and MSD employ fisheye cam-
eras with large distortions, MoV-SLAM is not reported, as it cannot work with-
out rectification and would be heavily disadvantaged. We run the official MoV-
SLAM implementation on EuRoC and report those metrics since, despite our
best efforts, we were unable to reproduce the numbers claimed in [62]. We com-
press each camera separately with a maximum bitrate of 500 kbps when not
otherwise specified, using the popular tool ffmpeg. We provide usage examples
in the supplementary material. We adapt ORB-SLAM3, OKVIS2, and Basalt to
support video input. MoV-SLAM expects a video of alternating left and right
frames. This allows it to compute not only temporal but also stereo correspon-
dences. To simulate real-world live applications, we do mot use bidirectional
encoding for video compression, giving us purely causal data. Furthermore, we
evaluate the causal pose predictions of the methods, i.e., the poses of each frame
after its first optimization, before future frames become available. Qualitative
examples of trajectories are shown in Fig. [I]and Fig.[5] We evaluate on the com-
mon absolute trajectory error (ATE) and relative trajectory error (RTE) metrics.
Details on the metrics can be found in the supplementary material.
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Fig. 5: Qualitative trajectory examples. To showcase the quality of VOCA trajec-
tories, in addition to Fig.[I] we provide segments covering more devices and scenarios.
We highlight specific frames with dashed red outlines. Inside each frame, we draw the
optical-flow solutions, if any, the feature location in the previous frame used by
standard optical-flow-based feature trackers, and the motion-vector prior extracted
from the H.264 decoder used by VOCA. As can be seen in the images, our prior is
closer to the solution in almost all cases, even for large displacements such as those
seen in MGOO02 (from MSD).

4.1 EuRoC

On EuRoC (see Tab. 7 we show competitive performance against established
VO systems. Especially on the hard sequences (EMH04, EMHO05, EV103, EV203),
we show significant improvements over most baselines. In the RTE, we outper-
form the closest baseline, Basalt, by =~ 15%, demonstrating superior relative
tracking performance. VOCA recovers EV102, whereas most systems fail.

4.2 TUM-VI

On the TUM-VI room sequences (Tab. , we show consistent improvement over
the baselines. We exclude MoV-SLAM due to the previously discussed prob-
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Table 3: MSD dataset. Given MSD’s small room environment, we reduce the di-
vergence threshold for ATE to 1m. The high reset count of ORB-SLAMS3 (see Fig. @
makes it necessary to exclude it from the AVG aggregate. We report the mean, me-
dian, and percentage of successful sequences (success rate, SR) over the whole dataset.
Rankings for individual sequences can be found in Fig.[6} and the quantitative results
can be found in Fig. [f] MSD is the most challenging dataset, with a combination of
difficult movements and dynamic objects. This is the only dataset that exhibits consis-
tent failures across all methods. Compared to the second-best method, VOCA improves
median ATE by 37%, median RTE by 40%, and ATE SR by 13 percentage points (36%
relative improvement).

ATE [cm] (SE3 aligned) RTE [cm]| (A = 6 frames)
ORB- VOCA ORB- VOCA
SLAM3 OKVIS2 Basalt OURS SLAM3 OKVIS2 Basalt OURS
AVG R 38.17 5.51 4.46 R 5.223 1.478 0.755
MED R 124.70 479.20 78.30 R 8.692 29.124 5.212
SR 34.4% 31.2% 34.4% 46.9% 21.9% 48.8% 39.1% 53.1%

lems with fisheye cameras. Unlike Basalt, VOCA performs consistently across
sequences. The strong prior information of the motion vectors allows VOCA to
overcome difficult sections like the ones in TR5, reducing both ATE and RTE.

4.3 Monado SLAM Dataset

Similar to TUM-VI, the reduced camera overlap means stereo-rectification would
produce extremely narrow fields of view, penalizing performance disproportion-
ately for MoV-SLAM [62], so it is also excluded from this evaluation. Overall, the
dataset is significantly harder than EuRoC and TUM-VI due to regular dynamic
occlusions, strong accelerations, and fast rotations. In Tab. [B] we report metrics
over all sequences; all methods show a significantly worse RTE compared to other
datasets. We show an overview of each sequence in Fig. [6] with the full numbers
reported in the supplementary material. It is also the only dataset where meth-
ods either do not complete a sequence or produce results that are beyond the
selected thresholds. Due to this greater difficulty, in Tab. [3] our work shows sig-
nificant improvements when compared to the second-best method in each metric.
Over the whole dataset, the median ATE and RTE improve by around 37% and
40%. In terms of the number of successfully estimated sequences (success rate)
for non-diverging ATE results, VOCA shows an improvement of 36%.

4.4 Performance vs. Compression

In Fig. [7} we investigate how different compression bitrates affect the tracking
systems on EuRoC and TUM-VI. OKVIS2 suffers especially heavily from com-
pression. Overall, VOCA is the most stable VO system across both datasets.
VOCA’s performance is relatively stable up to 500 kbps, which represents about
x100 compression for most datasets. RTE, in particular, shows quite stable re-
sults.
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Fig.6: MSD overview. We indicate divergences and resets with gray oo and O,
respectively. First-place ranks for each sequence are shown in green, and non-first ranks
are shown in blue. See the supplementary for the detailed numbers of each run.

4.5 Ablation Study

We consider three strategies for integrating motion vectors (MV) into tracking,
balancing the strength of the MV prior against the risk of propagating outliers:

(A) OF = MYV tracks first with the base same-pixel prior, falling back to MV
priors for failed points, assuming most points are easy to track and MV
priors are only needed in difficult sections.

(B) MV = OF reverses this order, placing high confidence in the MV prior and
resorting to prior-free tracking only when it fails.

(C) MV || OF is our default strategy from Sec. Both modes run in parallel;
tracks successful in a single mode are kept; tracks successful in both modes
are kept only if mutually consistent.

For (C), we additionally evaluate bridging I-frame keyframes (+ IF), as described
in Sec. Tab.[d]shows that (C) MV || OF achieves the best overall performance,
with (A) OF = MV close behind. Intuitively, most data represents easy motion
where points are straightforward to track. MV priors become essential only in
difficult sections. Adding I-frame bridging further improves (C), yielding the best
median ATE on TUM-VI and competitive RTE across both datasets.
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Fig.7: Median ATE/RTE vs. Bitrate. Lower bitrates lead to smaller file sizes.
Numbers indicate a success rate of less than 100% for ATE. VOCA shows stable per-
formance even at low bitrates. As a tracking-based system, Basalt |64] suffers from com-
pression artifacts, especially on the TUM-VI dataset. ORB-SLAM3 |7] shows steady
performance in ATE on TUM-VI but delivers poor performance in RTE. This indicates
good global consistency but poor frame-to-frame tracking.

Table 4: Ablation study. We evaluate three motion-vector (MV) integration strate-
gies in combination with optical flow (OF) on EuRoC and TUM-VI: (A) OF = MV
tracks without priors first and falls back to MV priors; (B) reverses this order; (C) MV
|| OF runs both in parallel, keeping single-mode tracks directly and filtering dual-mode
tracks by consistency. + IF denotes I-frame bridging. (C) + IF is our method, VOCA.

ATE [cm] (SE3 aligned) RTE [cm] (A = 6 frames)

(©) (@)

Basalt  (A) (B) (C) +1IF Basalt (A) (B) (C) +1IF

EuRoC AVG 19.50 17.20 18.40 18.70 18.00 1.964 1.871 2.044 1.710 1.714
MED 20.00 12.80 16.80 17.30 17.50 1.667 1.608 1.656 1.552 1.549

TUM-VI AVG 18.00 10.40 10.70 9.10 9.20 2.518 1.380 1.121 0.919 0.829
MED 13.60 10.30 10.60 8.90 7.40 0.975 1.234 0.968 0.872 0.874

5 Conclusion

We present VOCA, a Visual Odometry system with codec awareness. By lever-
aging motion vectors and I-frame structure from the video codec to aid KLT-
Tracking, VOCA overcomes difficult sections, achieving more accurate and sta-
ble trajectories. This is particularly apparent in RTE, a metric critical for mixed
reality, where local smoothness directly impacts user experience. Codec-aware
tracking is equally relevant for autonomous systems where bandwidth and mem-
ory constraints make compression unavoidable, such as drones, wearables, and
robotic assistants under a compress-then-analyze design [24]. Unlike conven-
tional SLAM systems, VOCA remains robust under heavy compression. With
the vast majority of video data on the internet being codec-compressed, codec-
aware methods like VOCA are essential for efficiently unlocking large amounts
of data for downstream vision and learning tasks. We hope this work inspires
further research on leveraging information from codecs in computer vision tasks.
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