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Abstract

Recent context-aware streaming 3D reconstruction frameworks provide a promising solu-
tion for online vehicle perception by maintaining anchor references, local pose windows,
and trajectory memory. However, directly applying such frameworks to intelligent rail
vehicles remains challenging because rail transit scenes are dominated by long straight
motion, low-parallax visual observations, repetitive trackside structures, weak textures,
and illumination variations. These characteristics may cause redundant context accumu-
lation, unstable frame registration, and gradual trajectory drift. To address this problem,
this paper proposes a motion-aware geometric context adaptation method for streaming
3D reconstruction of intelligent rail vehicles in low-parallax scenes. Instead of requiring
task-specific large-scale retraining, the proposed method adapts the inference-stage ge-
ometric context using scale-normalized visual motion cues, including scale-normalized
translational displacement, turning tendency, and inter-frame viewpoint variation. A
motion-aware keyframe selection strategy suppresses redundant low-parallax frames while
preserving geometrically informative observations in curved or pose-changing segments.
An adaptive local pose reference window further regulates recent visual context to improve
frame registration consistency. Experiments on rail transit sequences and the Oxford Spires
dataset show that the proposed method achieves lower trajectory error than LingBot-Map
and VIPE, while reducing redundant keyframe storage and preserving the qualitative con-
tinuity of rail-related structures. The method provides a practical motion-aware streaming
3D perception solution for rail transit inspection and digital infrastructure management.

Keywords: intelligent rail vehicles; streaming 3D reconstruction; motion-aware perception;
low-parallax visual degeneration; deep learning

1. Introduction

Intelligent rail vehicles support rail inspection, digital maintenance, and safe operation.
Their onboard cameras continuously capture rails, tunnels, platforms, and trackside facili-
ties during operation [1]. Reconstructing 3D structures from these image streams is valuable
for rail digital twins, clearance inspection, asset localization, and infrastructure condition
assessment. Compared with offline reconstruction, streaming 3D reconstruction is more
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suitable for onboard perception because it processes frames causally and incrementally
without requiring the full sequence in advance [2].

Recent advances in visual reconstruction and learning-based geometry have greatly
improved camera pose estimation, depth prediction, dense reconstruction, and online
mapping. Classical structure-from-motion (5fM), simultaneous localization and mapping
(SLAM), and visual-inertial methods provide effective geometric pipelines [3-5], while deep
reconstruction models, neural scene representations, and Gaussian-based SLAM systems
further improve dense geometry estimation and mapping quality [6-8]. Context-aware
streaming reconstruction frameworks also show that structured historical contexts, such
as anchor references, local pose windows, and compact trajectory memory, can improve
long-sequence inference under bounded memory [2,7,9]. However, these methods are
mainly developed for general visual scenes and do not explicitly address the constrained
motion and low-parallax degeneration of rail transit environments.

Rail transit scenes differ substantially from general on-road driving scenarios. Rail
vehicles often move along long straight tracks, producing consecutive frames with lim-
ited viewpoint changes. Such low-parallax observations weaken multi-view geometric
constraints and make depth and pose estimation sensitive to small errors. Meanwhile,
repetitive rails, sleepers, tunnel walls, cables, poles, and signs introduce ambiguous visual
correspondences, while illumination changes, weak textures, reflections, and motion blur
further increase reconstruction difficulty [4,10]. As a result, generic context accumulation
may preserve many redundant frames in straight sections while still failing to provide
stable geometric references in curved or pose-changing segments.

The key insight of this paper is that rail vehicle motion can serve as a useful prior
for regulating streaming geometric context. Straight sections usually contain redundant
low-parallax observations, whereas curved or pose-changing segments provide more infor-
mative viewpoint variation. Therefore, instead of treating all incoming frames uniformly,
the reconstruction context should be adapted according to vehicle motion states. Based
on this observation, this paper proposes a motion-aware geometric context adaptation
method for streaming 3D reconstruction of intelligent rail vehicles in low-parallax scenes.
The proposed method uses scale-normalized translational displacement, turning tendency,
and inter-frame viewpoint variation to guide keyframe selection and local pose reference
windows during inference, improving frame registration stability without task-specific
large-scale retraining.

Classical visual odometry and SLAM systems commonly select keyframes using fixed
translation, rotation, parallax, tracking-quality, or covisibility thresholds. Therefore, generic
keyframe gating and local window adjustment are not claimed as methodological novelties
in this work. The contribution instead lies in formulating rail-specific, scale-normalized
motion cues and integrating them into the inference time geometric context management
of a pretrained streaming reconstruction backbone.

The main contributions of this paper are as follows:

e A motion-aware geometric context adaptation framework is proposed for streaming
3D reconstruction of intelligent rail vehicles under low-parallax visual degeneration.

e A motion-aware keyframe selection strategy is designed to preserve geometrically
informative frames and suppress redundant low-parallax observations.

e An adaptive local pose reference window is introduced to improve frame registration
stability and reduce unnecessary context accumulation.

e Anapplication-oriented evaluation protocol is adopted for rail transit scenarios, con-
sidering reconstruction stability, keyframe compression, trajectory consistency, and
rail-structure continuity.
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2. Related Work

Visual 3D reconstruction has been widely studied in computer vision, robotics, and
intelligent vehicle perception [2,11,12]. Classical pipelines mainly include structure-from-
motion, SLAM, visual-inertial odometry, and multi-view stereo. SfM estimates camera
poses and sparse structures from unordered images, while SLAM and visual-inertial sys-
tems process sequential observations for online localization and mapping [3,10,13]. MVS
further recovers dense geometry when camera poses are available [14]. These methods are
geometrically interpretable, but they usually depend on reliable feature matching, sufficient
parallax, and optimization-based pose refinement. Learning-based SLAM methods, such
as DROID-SLAM, improve tracking and dense correspondence through neural optimiza-
tion [15]. Neural scene representations, including NeRF and 3D Gaussian Splatting, have
advanced dense reconstruction and rendering [16,17], and their SLAM extensions demon-
strate the potential of neural and Gaussian representations for online mapping [18-20].

Recent 3D foundation models further change the paradigm of visual geometry esti-
mation. DUSt3R directly regresses dense 3D point maps from unposed images [21], while
VGGT infers camera parameters, depth maps, point maps, and 3D tracks in a feed-forward
manner [6]. InfiniteVGGT extends such visual geometry inference to endless streams [7].
However, many feed-forward reconstruction methods are still designed for offline or short-
sequence settings. In vehicle-mounted applications, input frames arrive continuously and
must be processed causally. Recent context-aware streaming reconstruction frameworks
improve long-sequence inference by organizing historical observations into anchor refer-
ences, local pose windows, and compact trajectory memory [2,7]. Nevertheless, generic
streaming context management does not explicitly consider the constrained motion and
low-parallax degeneration of rail transit scenes.

Rail transit localization and mapping have traditionally relied on ground infrastruc-
ture or multi-sensor fusion. Balise-based query/response systems provide point-based
positioning through ground beacons, but they depend on trackside equipment and cannot
offer continuous self-localization when infrastructure fails [22-24]. LiIDAR—-inertial odom-
etry, visual-inertial systems, and LiDAR-vision—-GNSS-IMU fusion have been explored
for onboard mapping and localization [25-27]. These methods can improve accuracy, but
they may suffer from cumulative drift, GNSS unavailability, high sensor cost, or degraded
performance in tunnels and repetitive feature-sparse environments. Backend graph opti-
mization, ICP constraints, absolute pose constraints, and landmark constraints have been
introduced to reduce drift in long degraded rail scenarios [1,28].

Different from infrastructure-dependent or heavy multi-sensor solutions, camera-
based streaming 3D reconstruction offers a lightweight perception option for intelligent
rail vehicles. However, two gaps remain in existing studies. First, current context-aware
streaming reconstruction methods usually adopt generic context management policies and
rarely exploit the constrained motion pattern of rail vehicles. In particular, long straight rail
sections often generate redundant low-parallax frames, whereas curved sections, turnouts,
and station areas provide more informative viewpoint changes. Second, existing railway
localization and mapping systems mainly rely on infrastructure-assisted positioning, Li-
DAR, IMU, GNSS, or multi-sensor fusion, while motion-aware context regulation for a
monocular visual-only learned streaming reconstruction backbone has received limited
attention. These gaps motivate the proposed rail-specific inference time context adaptation
strategy based on relative, scale-normalized motion cues.

3. Materials and Methods

This section presents the proposed motion-aware geometric context adaptation
method. Section 3.1 introduces the overall framework. Section 3.2 describes the data materi-
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als and preprocessing. Section 3.3 defines the rail vehicle motion state. Sections 3.4 and 3.5
present the motion-aware keyframe selection and adaptive local pose reference window,
respectively. Section 3.6 summarizes the streaming inference pipeline, and Section 3.7
introduces the evaluation metrics.

3.1. System Overview

The overall framework is shown in Figure 1. Given a continuous video stream captured
by an onboard camera, the system processes each incoming frame in a causal streaming
manner. At time step f, the current image is denoted as I;. A pretrained streaming 3D
reconstruction backbone Fy first extracts frame-level visual tokens through Frame Attention
and then performs cross-frame reasoning through Geometric Context Attention. Based on
the current image and the maintained geometric context, the backbone predicts the current
depth map and camera pose:

(D, Py)

= FQ(It/ Cl‘)/ (1)

where Dy is the predicted depth map, P; is the estimated camera pose, Fy denotes the
pretrained reconstruction backbone with parameters 6, and C; is the geometric context
available at time step t. The camera head produces pose estimates, while the depth head pre-
dicts the current depth map. The estimated poses are accumulated into a camera trajectory,
and the predicted depth maps are back-projected to generate the reconstructed rail scene.

Context
Token

Camera _
Token

Image
Token

e Attention Geometric Context Attention

C:'—'{A ,» M, Wt}

3[? Rail-Scene Reconstruction

[ Anchor Context

e
Trajectory Memory
[ Evicted Image Token
8l T
(Dy, Py) = Fg(I;,Cy)
l 'y
Camera
Local Pose- Camera Traiecto
Reference Window Head |, Dromfr ) e -
[ 1 IeIe[ele (o)) Syssant
Predicted Depth
¢ ?_fegtc? Map (Current)
Reprojection-Based —> j—
Geometric Flow F, =

from predlcted depth and poses

Motion-Aware Context Adaptatlon

1
iadjust W,

Motlon-Aware Adaptive Local

> \ ______ e cbe Post Raicron e Window Sufppresses redunde.lnt Iowl-)[_)lgrallax
Scale-normalized  Turning Inter frame > p rames, COnStI'UFtlon.sta ilizes
displacement tendency Viewpoint Variation O frame registration.

Figure 1. Overall framework of the proposed motion-aware geometric context adaptation method.
The pretrained streaming reconstruction backbone processes incoming video frames through Frame
Attention and Geometric Context Attention, and predicts pose and depth using task-specific heads.
Vehicle motion cues regulate motion-aware keyframe selection and adaptive local pose reference
window construction during inference, suppressing redundant low-parallax frames and preserving
geometrically informative observations. Solid arrows indicate the main information flow, whereas the
red dashed arrow denotes the motion-aware feedback used to update the geometric context. The re-
maining colors are used only for visual differentiation and carry no additional quantitative meaning.
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In this study, the pretrained backbone Fy is instantiated using LingBot-Map, the
released implementation and model corresponding to the Geometric Context Transformer
introduced in [2]. We use the officially released long-sequence checkpoint, lingbot-map-
long.pt. The pretrained network architecture and weights are kept unchanged, and the
proposed method modifies only the inference time context management policy without
updating the model parameters.

Following the native LingBot-Map inference configuration, the first N; = 8 input frames
are jointly processed as initial scale frames and retained in the key-value (KV) cache before
the remaining frames are processed sequentially in causal streaming mode. These frames
support the model’s internal relative-scale estimation rather than metric-scale initialization.
No external navigation measurements or metric-scale calibration are used during this stage;
metric scale is introduced only during offline trajectory evaluation through the global Sim(3)
alignment described in Section 3.7. In the evaluated native configuration, LingBot-Map
further maintains the recent geometric context through a bounded sliding KV cache, retains
compact historical trajectory information, and applies an interval-based keyframe retention
policy according to the input sequence length.

The geometric context C; consists of three components: C; = {A, My, W;}, where A is
the anchor context, M; is the trajectory memory, and W; is the local pose reference window.
The anchor context provides a stable global reference, the trajectory memory stores compact
historical information, and the local pose reference window preserves recent observations
with dense visual overlap. Frames not retained in the active context are treated as evicted
context. This structured design maintains long-range geometric consistency while avoiding
the memory cost of full historical attention.

This work proposes a motion-aware adaptive strategy for geometric context. In rail
transit scenes, straight sections often produce redundant low-parallax frames, whereas
curved or pose-changing segments provide more informative geometric constraints. To
exploit this characteristic, we explicitly incorporate the rail vehicle motion state m;, which
aggregates scale-normalized visual motion cues, including translational displacement,
turning tendency, and inter-frame viewpoint variation (detailed in Section 3.3). These
motion cues guide two inference-stage operations: motion-aware keyframe selection and
adaptive local pose reference window construction. The former suppresses redundant
low-parallax frames and determines whether the current frame should be retained as
a reference, while the latter adjusts the size and composition of W; to improve frame
registration stability. Since only the inference time context update process is adapted, the
proposed method operates on the pretrained LingBot-Map backbone without task-specific
retraining or modification of the pretrained network parameters.

3.2. Materials and Data Acquisition

The experimental materials consist of rail transit image sequences, GNSS-IMU refer-
ence trajectories, and the Oxford Spires dataset for auxiliary validation. The rail transit
data were collected using a forward-facing camera mounted on a rail vehicle. The recorded
scenes include straight track sections, curved sections, tunnel entrances, platforms, poles,
cables, signs, and other trackside facilities. These scenes contain typical visual challenges
for rail perception, such as low-parallax observations, repetitive structures, weak textures,
illumination variations, and motion blur.

Figure 2 shows the onboard data acquisition platforms used for rail transit data col-
lection. A forward-facing camera was mounted on the rail vehicle to capture continuous
image sequences, while a GNSS-IMU integrated navigation system provided reference
trajectory data. In this study, the camera images were used as the input to the proposed
reconstruction method, whereas the GNSS-IMU data were used only as a ground-truth
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reference for evaluating camera pose estimation and trajectory consistency. During infer-
ence, the motion cues used for context adaptation were estimated from the online camera
poses predicted by the streaming reconstruction backbone. Specifically, heading variation
and inter-frame viewpoint variation were computed from consecutive estimated camera
poses, and the turning tendency was approximated from the relative pose change between

adjacent frames.

Train driver's console GNSS -

Figure 2. Onboard data acquisition platforms used for rail transit data collection: (a) locomotive-
based platform; (b) urban rail platform. A forward-facing camera was used to capture image
sequences. A GNSS-IMU integrated navigation system provided reference trajectory data in open-air
sections, while post-processed navigation results were used as reference data in underground or
GNSS-degraded sections.

The Oxford Spires dataset was additionally used for auxiliary validation under general
long-sequence visual reconstruction conditions [29]. This dataset contains complex indoor—
outdoor transitions, illumination changes, and challenging visual regions, which help
verify the general behavior of the proposed inference-stage context adaptation strategy
beyond rail transit scenes. However, the rail transit sequences were used as the primary
evaluation data because they better represent constrained motion, repetitive structures,
and low-parallax degeneration.

Before inference, the image sequences were temporally ordered and synchronized
with the GNSS-IMU reference records for evaluation. Invalid frames with severe blur,
overexposure, or incomplete recording were removed. The remaining images were re-
sized to the input resolution required by the reconstruction backbone. All frames were
processed sequentially without using future observations, ensuring a causal streaming
evaluation setting.

3.3. Motion State Representation

The proposed framework dynamically adapts the geometric context according to
the online motion state estimated from consecutive camera poses. During inference, the
pose-derived motion state m1; is computed entirely from the camera poses predicted by the
streaming reconstruction backbone, rather than from the GNSS-IMU reference trajectory,
which is reserved strictly for evaluation. The keyframe selection score additionally uses
a reprojection-based geometric flow cue derived from the predicted depth and poses, as
described in Section 3.4. No external optical flow estimator is introduced. It should be noted
that the predicted poses from a monocular streaming reconstruction backbone may not
have a globally consistent metric scale. Therefore, the proposed method does not treat the
translational term as an absolute physical velocity. Instead, it uses scale-normalized visual
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motion cues to regulate context updating. These cues describe relative motion patterns
within the current sequence and are used for keyframe selection and local reference window
adaptation, rather than for safety-critical vehicle localization.

At time step t, the estimated camera pose is defined as Py = {R;, p;}, where R;
represents the camera rotation matrix and p; denotes the camera position coordinates. The
current vehicle motion state is characterized by a three-dimensional vector:

my = [dy, pr, MG, 2)

where Et denotes the scale-normalized inter-frame translational displacement, p; represents
the relative turning tendency, and Af; signifies the inter-frame viewpoint variation. To-
gether, these cues quantify the geometric informativeness of the current frame. In straight
low-parallax sections, p; and Af; are usually small, even though the forward translational
displacement may be large. Such forward-dominant motion often produces limited lateral
parallax, making adjacent frames visually redundant. Conversely, in curved tracks or
during rapid pose transitions, p; and A8 noticeably increase, indicating that the incoming
frame introduces more informative geometric constraints for scene reconstruction.

The scale-normalized translational displacement is computed from consecutive camera
position estimates as follows:

di = ||pt — pr-1ll2/ (median(j € Qu)(I|p; — pj-1ll2) +¢), 3)

where (); denotes a sliding temporal window containing up to the most recent N = 16 inter—
frame translational displacements, and ¢ is a small positive constant for numerical stability.
This formulation converts frame-to-frame translation into a relative motion-intensity cue
within the current sequence, thereby reducing the influence of monocular scale ambiguity.
During initialization, before 16 displacement measurements are available, all currently
available inter-frame displacements are used for normalization. Once the window is fully
populated, only the most recent 16 displacement measurements are maintained.

The turning tendency is estimated from the heading change between adjacent frames:

pr = Ay, 4)

where Ay denotes the estimated heading change derived from consecutive camera ori-
entations. Unlike metric curvature, this turning tendency does not rely on absolute trav-
eled distance. A larger p; indicates that the vehicle is undergoing a more pronounced
turning or orientation-changing motion, which usually corresponds to more informative
viewpoint variation.

The inter-frame viewpoint variation is derived from the relative rotation between two
consecutive camera orientations:

A@; = arccos((trace(RI {Ry) —1)/2), )

where trace(-) denotes the matrix trace operator. This metric provides a direct angular
measurement of the orientation shift between adjacent frames. Compared to utilizing
translational displacement alone, Af; captures variations in the viewing direction more sen-
sitively, which is crucial for identifying geometrically informative keyframes in inherently
forward-moving, low-parallax rail scenarios.

The derived motion state m; subsequently governs two downstream modules: In
Section 3.4, it guides the motion-aware keyframe selection mechanism to filter out redun-
dant low-parallax frames. In Section 3.5, it dynamically modulates the adaptive local pose
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reference window to maintain stable and accurate frame registration across diverse rail
motion profiles.

3.4. Motion-Aware Keyframe Selection

In streaming 3D reconstruction, the keyframe selection strategy directly affects both
reconstruction stability and context efficiency. In this work, a keyframe refers to a frame
retained in the streaming geometric context or KV cache as a future reference. Non-
keyframes are still processed to produce current depth and pose predictions, but they
are not persistently stored as reference frames. Standard interval-based strategies tend to
retain redundant frames in straight, low-parallax rail sections, whereas purely appearance-
based methods may become unstable when repetitive track structures or weak textures
cause unreliable visual matching. To mitigate these issues, we propose a motion-aware
keyframe selection strategy that jointly considers reprojection-based geometric flow and
scale-normalized motion cues. The objective is to preserve geometrically informative
frames while systematically suppressing redundant low-parallax observations.

Unlike classical keyframe selection policies based on fixed translation or rotation
thresholds, the proposed criterion does not rely on a single unnormalized motion mag-
nitude. Instead, it combines scale-normalized displacement with reprojection-based geo-
metric flow, turning tendency, viewpoint variation, and a redundancy-aware interaction
term. This formulation is intended to distinguish redundant low-parallax motion from
geometrically informative viewpoint changes in rail transit sequences.

For each incoming frame I;, the system computes a dynamic keyframe score S¢ by
combining the reprojection-based geometric flow cue with the pose-derived motion cues
defined in Section 3.3:

St = O(qu,t + ot + 03 ABy + oMy, (6)

where S; denotes the keyframe score of the current frame, and Fg+ denotes the reprojection-
based geometric flow cue between the current frame I; and the most recently retained
keyframe I4. Instead of being estimated by an external optical flow network, Fg is com-
puted directly from the depth and camera poses predicted by the pretrained reconstruction
backbone. Specifically, valid pixels in the current predicted depth map are back-projected
into 3D, transformed into the coordinate system of the keyframe using the predicted relative
pose, and then reprojected onto the keyframe image plane. Fg  is calculated as the mean Eu-
clidean displacement between the original and reprojected pixel coordinates over the valid
pixels. Before evaluating S; the computed Fqt, pt, ABt, and 0 are independently normalized
to comparable ranges. For notational simplicity, the same symbols are retained for their nor-
malized values in Equation (6). The terms p; and A8, represent the relative turning tendency
and inter-frame viewpoint variation, respectively, while 1; denotes a redundancy-aware
motion factor based on the scale-normalized translational displacement. The hyperparame-
ters oy, atp, a3, and oy control the relative contributions of reprojection-based geometric
flow, turning tendency, viewpoint variation, and redundancy-aware motion, respectively.

Distinct from general driving environments, a large forward displacement in rail
scenes does not inherently imply high geometric informativeness. In long straight sections,
the rail vehicle may move forward along the tracks, yet the viewing direction remains
almost unchanged, yielding limited lateral parallax. Consequently, the translational cue
is not directly used as an absolute velocity to increase the keyframe score. Instead, it is
formulated as a scale-normalized redundancy-aware factor:

Ny = di - (ot + ABy). )
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In Equation (7), p; and AO; denote the original pose-derived quantities defined in
Equations (4) and (5). After 1, is computed, it is normalized together with the other
score components before Equation (6) is evaluated. By implication, the scale-normalized
translational displacement contributes to the keyframe score mainly when accompanied by
turning tendency or inter-frame viewpoint variation. When the vehicle traverses straight
tracks with minimal p, and A0y, 1, remains suppressed even if the forward displacement
is relatively large, effectively preventing the over-insertion of redundant straight-section
frames into the active context.

The current frame is formally designated as a keyframe if its score exceeds a
predefined threshold:

It e K, if S > Ty, 8)

where K denotes the active keyframe set, and Ty is the selection threshold. If this condition
is not satisfied, the frame is still forwarded through the pipeline to estimate its depth and
pose, but it is not inserted into the keyframe set or retained as an active local reference. In
this way, redundant low-parallax frames are processed for current-frame reconstruction
while being prevented from increasing the reference context in subsequent inference.

This selection mechanism offers two distinctive advantages tailored to rail transit
environments. First, along extensive straight segments, it minimizes unnecessary keyframe
insertions, preventing computational and memory bloat within the geometric context.
Second, across curved tracks, turnouts, station areas, or sudden pose-changing segments,
the elevated turning tendency and orientation variations naturally elevate the keyframe
score. This allows the system to adaptively increase the density of reference frames where
complex geometry demands tighter registration constraints. Consequently, the resulting
geometric context remains highly compact, structurally adaptive, and explicitly aligned
with the motion characteristics of rail vehicles.

3.5. Adaptive Local Pose Reference Window

Following the keyframe selection phase, the retained reference frames are utilized to
construct the local pose reference window. In general streaming reconstruction frameworks,
camera reference context is usually managed by generic causal or fixed-window rules, with-
out explicitly considering rail vehicle motion states. However, a static window footprint is
ill-suited for the unique spatial dynamics of rail transit scenes. In long straight sections,
adjacent frames offer limited lateral parallax, necessitating a prolonged temporal window
to accumulate sufficient geometric constraints and stabilize camera pose registration. It
should be noted that a larger window in straight sections does not mean inserting more new
keyframes; instead, it reuses a longer range of already selected reference frames to stabilize
registration. Conversely, curved tracks, turnouts, station areas, or rapid pose-changing
segments inherently present much tighter geometric bounds, where a highly compact
window suffices for accurate localization while mitigating unnecessary context accumula-
tion. To exploit this operational variance, we introduce an adaptive local pose-reference
window whose capacity is dynamically regulated by the vehicle motion state estimated
in Section 3.3.

Let W; denote the local pose-reference window at time step t. It comprises the most
recent k; reference frames selected from the active keyframe set :

Wi = {the kt most recent key frames in K before time step t}, )

where k; represents the adaptive window size at time step t. Specificallyk; denotes the
number of retained keyframes used as local pose references, rather than the number of
consecutive input frames. Instead of employing a constant window length, k; is modulated
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as a function of the turning tendency and viewpoint variation of the rail vehicle. The
continuous formulation is defined as follows:

ki = kyin + (kmax - kmin) : 2[1 - U'(ﬁlpt + ,BZAGt)]/ (10)

where ki, and kjax denote the lower and upper bounds of the window size, respectively.
The function (7(~) represents the standard sigmoid operator. Since p; and A6; are nor-
malized non-negative motion cues, their sum is used as a normalized motion variation
cue for adaptive window regulation. The factor 2[1 — (B1p+ + B2A6;)] decreases as the
motion variation increases. The computed window size is rounded to an integer and
constrained within the predefined range [k, kmax] before constructing the local pose
reference window. This formulation is consistent with the motion characteristics of rail
transit. When the vehicle traverses a straight, low-parallax track segment, both p; and Af;
remain small, resulting in a larger local pose reference window. In this scenario, the system
reuses a longer range of already selected reference frames to provide extended temporal
support for stable frame-to-frame registration. When the vehicle enters a curved track or
undergoes a pronounced viewpoint transition, p; and Af; increase, reducing the local pose
reference window accordingly. Consequently, the system relies more on immediate recent
observations in geometrically informative pose-changing segments.

To reduce the risk of drift-induced context updates, the proposed strategy adopts
bounded context regulation. The local pose reference window is always constrained within
the predefined range [k,,;,,, kmax|, and a minimum number of recent reference keyframes is
preserved even when the estimated motion state indicates rapid pose changes. In addition,
the anchor context is maintained throughout streaming inference, preventing temporary
pose noise from completely removing stable historical references. Therefore, occasional
errors in the online visual pose estimates are prevented from causing unbounded window
compression or complete removal of the reference context, although they may still influence
subsequent context updates. It should be noted that this mechanism forms a causal one-step
feedback process rather than an instantaneous recursive loop. At time step ¢, the backbone
first predicts the current pose and depth from C;, after which the estimated motion cues are
used to construct Cy,1 for subsequent inference. The predefined window bounds limit the
magnitude of context changes, while persistent anchor retention prevents temporary pose
errors from completely removing the historical reference. These constraints reduce the risk
of aggressive context updates, although they do not provide a formal guarantee against
error propagation under severe or persistent pose estimation failures.

The adaptive window directly shapes the local geometric context fed into the Geo-
metric Context Attention module. Compared to a rigid, fixed-size baseline, the proposed
adaptive strategy improves context efficiency by preventing reference saturation in geo-
metrically rich segments, while providing robust temporal support in visually degenerate
straight sections. Consequently, the local pose reference window conforms to the motion
characteristics of rail vehicles and supports more accurate and stable streaming 3D re-
construction. The overall motion-aware context update mechanism, including keyframe
selection, adaptive local pose reference window construction, and bounded context regula-
tion, is illustrated in Figure 3.
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Figure 3. Motion-aware context update mechanism during streaming inference. The current frame is
processed by the pretrained streaming backbone to predict depth and camera pose. The predicted
pose is used to estimate the motion state, which guides motion-aware keyframe selection and adaptive
local pose reference window construction.

3.6. Streaming Inference Pipeline

The proposed framework operates in a strictly causal streaming manner, processing
the current frame I; at each time step t using only the maintained geometric context C;.
The inference procedure consists of six primary steps. First, the pretrained backbone
processes I; and C; to predict the current depth map D; and camera pose P;. Second, the
scale-normalized motion state 1 is estimated from consecutive predicted poses, including
scale-normalized translational displacement, turning tendency, and inter-frame viewpoint
variation. Third, the motion-aware keyframe selection module computes a score S;; if
St > T4, It is added to the active keyframe set K as a future reference. Fourth, the local
pose reference window W; is adaptively updated based on m; to balance temporal support
and efficiency. These components are then integrated to synthesize the geometric context
Ci41 for the next iteration. Finally, predicted poses and depth maps are accumulated to
reconstruct the camera trajectory and the global 3D rail scene. The overall procedure is
summarized as follows:

Step 1: Input the current frame I; and geometric context C; into the pretrained backbone.
Step 2: Predict the current depth map D; and camera pose P.

Step 3: Estimate the motion state m; from consecutive predicted poses.

Step 4: Compute the keyframe score S; and update the active keyframe set K.

Step 5: Adapt the local pose reference window and obtain W;;; according to the
bounded motion-aware update rule.

e  Step 6: Update the geometric context C;; and output the reconstructed depth, pose,
trajectory, and 3D rail structure.

3.7. Evaluation Metrics

The evaluation framework focuses on trajectory accuracy, context efficiency, run-
time performance, and visual reconstruction stability. All metrics are selected to be di-
rectly measurable from the predicted poses, selected keyframes, runtime logs, and final
reconstruction results.

https:/ /doi.org/10.3390/vehicles8070168
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First, camera trajectory accuracy is evaluated against the GNSS-IMU reference tra-
jectory. After temporal association, each estimated monocular trajectory is aligned with
the corresponding metric reference trajectory using a global Sim(3) similarity transforma-
tion estimated by the Umeyama method, including one global scale factor, rotation, and
translation. The Absolute Trajectory Error (ATE) is then reported as the Root Mean Square
Error (RMSE):

1 N aligned
ATE = \/Nzil H P; et — Pref,i %r (1)
where N denotes the number of temporally associated frames, ﬁl.ahgned is the estimated cam-

era position after global Sim(3) alignment, and p,. ; is the corresponding metric reference

position obtained from the GNSS-IMU or post-processed navigation trajectory. The same

alignment protocol is applied independently to all evaluated methods, without frame-wise

or segment-wise rescaling. The reference trajectory is used only for offline evaluation.
Second, keyframe efficiency is quantified by the keyframe ratio:

Rgf = Ns/N, (12)

where Nj is the count of selected keyframes and N is the total number of input frames. A
lower Ry indicates that the system effectively filters out more redundant frames, thereby
maintaining a leaner active context.

Third, runtime efficiency is evaluated using the average inference throughput in frames
per second under identical input and hardware settings. Context management efficiency is
characterized by the keyframe ratio and the size of the local pose reference window.

Finally, reconstruction stability is assessed via qualitative visual inspection of the
reconstructed rail scene. We specifically examine the geometric continuity of critical rail
infrastructures, including rails, tunnel boundaries, platforms, catenary poles, and trackside
structures. This qualitative evaluation is adopted because complete, sequence-aligned,
high-fidelity 3D ground-truth models are not available for the collected large-scale rail
transit sequences. Therefore, dense-reconstruction metrics such as point-to-point error,
Chamfer distance, and F-score are not reported in this study, because using incomplete or
non-uniform 3D references may lead to misleading quantitative conclusions. Instead, this
study mainly reports trajectory accuracy, keyframe efficiency, runtime performance, and
qualitative reconstruction stability, while quantitative dense-reconstruction evaluation will
be further investigated when complete reference models become available.

4. Results
4.1. Experimental Setup

The proposed method was evaluated on five sequences, including two rail station-
yard sequences, two rail mainline sequences, and one sequence from the Oxford Spires
dataset [29]. The two additional rail sequences were included to evaluate whether the
observed improvements remain consistent across different recordings of the same scene
types. For comparison, LingBot-Map, the released implementation of the Geometric Con-
text Transformer [2], and VIPE [12] were included as baseline methods. The LingBot-Map
baseline represents the pretrained LingBot-Map framework with the officially released
lingbot-map-long.pt checkpoint operating under its native inference and context manage-
ment policy. It therefore serves as a controlled same-backbone baseline for isolating the
contribution of the proposed inference time motion-aware context adaptation. VIPE is
included as an independent optimization-based visual pose estimation method.

The same image sequences, temporally associated frames, and evaluation protocol
were used for all methods. For trajectory evaluation, each estimated trajectory was in-
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dependently aligned with the corresponding metric reference trajectory using a single
global Sim(3) similarity transformation estimated by the Umeyama method, including
one global scale factor, rotation, and translation. No frame-wise or segment-wise rescal-
ing was applied. For the rail transit data, GNSS-IMU measurements or post-processed
navigation results were used as metric reference trajectories only for offline evaluation
and were not involved in the inference process. Under fixed inputs, model weights, and
inference configurations, the evaluated inference pipeline contains no intentional stochastic
sampling. The evaluation focused on visual reconstruction quality, trajectory consistency,
and Absolute Trajectory Error (ATE). The principal tunable parameters introduced by the
proposed method are summarized in Table 1.

Table 1. Principal hyperparameter settings of the proposed motion-aware context-adaptation method.

Parameter Description Value
aq Reprojection-based geometric flow weight 0.40
%) Turning tendency weight 0.20
a3 Viewpoint-variation weight 0.25
oy Redundancy-aware motion weight 0.15
Tk Keyframe selection threshold 0.50
Kyin Minimum local pose reference window 16
Kinax Maximum local pose reference window 64

4.2. Qualitative Streaming Reconstruction Results

Figure 4 shows the qualitative reconstruction results of the proposed method under the
monocular visual-only streaming setting used throughout this study. Given a continuous
video stream, the method estimates camera poses incrementally and reconstructs the
surrounding rail scene in a streaming manner. The reconstructed point cloud preserves
the main spatial structures of the rail environment, including rails, trackside facilities,
and surrounding infrastructure. The camera trajectory is also visually consistent with the
direction of vehicle motion, indicating coherent pose estimation in this qualitative example.

Figure 4. Qualitative rail scene reconstruction result under the monocular visual-only streaming
setting.

Although no quantitative point cloud metric is reported in this visualization; the
result demonstrates that the proposed method can produce visually coherent rail scene
reconstruction from monocular video streams. This supports the feasibility of applying
streaming 3D reconstruction to rail vehicle perception and infrastructure inspection.
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4.3. Trajectory Preservation in Rail Transit Scenes

Figure 5 compares the estimated trajectories of LingBot-Map, VIPE, and the proposed
method in a rail transit station yard scene. This sequence includes track switches and curved
rail segments before entering the station area. Such regions are challenging because visual
observations contain repetitive rail structures, frequent geometric transitions, and limited
stable texture. Compared with the baseline methods, the proposed method better preserves
the trajectory shape through the turnout and station yard region. The trajectory remains
more consistent with the rail path, suggesting that motion-aware keyframe selection and
adaptive local pose reference window construction help retain informative frames in curved

and pose-changing segments.
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Figure 5. Representative trajectory comparison on a rail transit station yard sequence with turnouts.
The estimated trajectories are globally aligned to and plotted together with the GNSS-IMU reference
trajectory. For each row, the line colors and styles shown in the legend of the third column apply to
all three trajectory projections.

Figure 6 further evaluates the methods on a rail mainline sequence. Compared with
station-yard scenes, mainline rail transit data contain longer straight segments and stronger
low-parallax degeneration. In this case, adjacent frames often provide redundant forward-
looking observations, which may lead to unnecessary context accumulation and gradual
trajectory deviation. The proposed method maintains a more stable trajectory along the
mainline sequence. This result indicates that suppressing redundant low-parallax frames
while preserving suitable temporal context is beneficial for long straight rail scenes.

4.4. Generalization on Oxford-Spires

To further evaluate the general applicability of the proposed context adaptation strat-
egy, experiments were also conducted on the Oxford Spires dataset [29]. Figure 7 shows
the trajectory comparison among LingBot-Map, VIPE, and the proposed method. Oxford
Spires contains complex indoor—outdoor transitions and challenging dark stair regions,
which are different from rail transit scenes but similarly require robust long-sequence
trajectory preservation.
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Figure 6. Representative trajectory comparison on a rail mainline sequence. The estimated trajectories
are globally aligned to and plotted together with the GNSS-IMU reference trajectory. For each row, the
line colors and styles shown in the legend of the third column apply to all three trajectory projections.
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Figure 7. Trajectory comparison on the Oxford-Spires dataset. The top, middle, and bottom rows
show the results of LingBot-Map [2], VIPE [12], and the proposed method, respectively. In each row,
the estimated trajectory is plotted together with the Oxford-Spires reference trajectory in the XY, XZ,
and YZ planes. The line colors and styles shown in the legend of the third column apply to all three
trajectory projections.

The proposed method preserves the trajectory more accurately in the complex transi-
tion regions, indicating that the motion-aware context adaptation does not only benefit rail
transit data but also improves robustness in general long-sequence reconstruction scenarios.
This suggests that regulating keyframe insertion and local window construction according
to estimated motion states can improve streaming reconstruction stability beyond the
specific rail domain.

4.5. Quantitative Trajectory Evaluation

To quantitatively evaluate trajectory accuracy, each estimated trajectory was tempo-
rally associated with the corresponding reference trajectory and aligned using a global
Sim(3) similarity transformation before computing the ATE RMSE. Table 2 reports the tra-
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jectory errors of LingBot-Map [2], VIPE [12], and the proposed method on five evaluation
sequences, including two rail station yard sequences, two rail mainline sequences, and one
Oxford Spires sequence. The table also reports the average inference throughput measured
under the same input and hardware settings.

Table 2. Quantitative comparison of trajectory accuracy and inference throughput on the five
evaluated sequences.

Dataset/Sequence LingBot-Map [2] VIPE [12] Proposed Method

Station-yard 1, ATE (m) 6.02 m 9.92 m 2.76 m
Station-yard 2, ATE (m) 579 m 9.53 m 251 m
Mainline 1, ATE (m) 2.82m 3.86 m 1.34m
Mainline 2, ATE (m) 3.16 m 429 m 1.55m
Oxford-Spires, ATE (m) 6.51 m 10.62 m 593 m
Mean ATE (m) 4.86 m 7.64 m 2.82m

Average inference

throughput (FPS) 20.26 433 20.05

Note: All methods were evaluated using the same five input sequences, an image resolution of 640 x 480, and a
single NVIDIA RTX 5090 GPU. Mean ATE denotes the arithmetic mean across the five sequences, and inference
throughput is averaged over the same evaluation set.

As shown in Table 2, the proposed method achieves the lowest ATE on each of the
five evaluated sequences. Its mean ATE is 2.82 m, compared with 4.86 m for LingBot-Map
and 7.64 m for VIPE, corresponding to reductions of approximately 42.0% and 63.1%,
respectively. The results on the two newly added rail sequences are consistent with those
obtained on the original station yard and mainline sequences, indicating that the observed
improvement is not limited to a single recording from each rail scene type.

Under the same input resolution and hardware settings, the proposed method achieves
an average inference throughput of 20.05 FPS, compared with 20.26 FPS for LingBot-Map
and 4.33 FPS for VIPE. The throughput of the proposed method is therefore comparable to
that of the native LingBot-Map baseline, with a difference of approximately 1.04%, while
remaining substantially higher than that of VIPE. These results indicate that the proposed
motion-aware context adaptation introduces only limited computational overhead while
preserving real-time streaming capability.

Figures 5-7 present representative qualitative trajectory comparisons for the station-
yard, mainline, and Oxford Spires sequences, respectively, while the complete quantitative
results for all five evaluated sequences are reported in Table 2.

4.6. Ablation Study

To evaluate the contribution of the proposed parameterized components, an ablation
study was conducted using the average results over all evaluated sequences. Four settings
were compared: the baseline method without motion-aware adaptation, Variant A with
only motion-aware keyframe selection, Variant B with only adaptive pose reference window
construction, and the full proposed method with both components enabled.

As shown in Table 3, the baseline method obtains an average ATE of 4.86 m with an
average keyframe ratio of 29.2%. When only motion-aware keyframe selection is enabled,
the ATE decreases to 3.09 m, and the average keyframe ratio is reduced to 26.5%. This
result indicates that the keyframe score weights and the keyframe selection threshold
help suppress redundant low-parallax frames while preserving geometrically informative
observations. When only the adaptive pose reference window is enabled, the ATE decreases
from 4.86 m to 4.01 m, while the keyframe ratio remains unchanged at 29.2%. This confirms
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that the adaptive window mainly improves local reference selection and frame registration
consistency rather than changing the number of retained keyframes.

Table 3. Ablation study of the proposed motion-aware context adaptation.

Motion-Aware Adaptive Pose Average
Method Keyframe Selection = Reference Window ATE RMSE Keyframe Ratio
Baseline X X 4.86 m 29.2%
Variant A Vv X 3.09 m 26.5%
Variant B X Vv 401 m 29.2%
Proposed o
Method Vv Vv 2.82m 26.5%

Note: Average keyframe ratio denotes the proportion of frames retained as future reference frames after the initial
scale frames. The enabled modules use the same parameter settings as summarized in Table 1. The non-adaptive
setting uses a fixed local reference window, whereas the adaptive setting updates the local pose reference window
according to the estimated motion state.

The full proposed method achieves the best overall performance, with an average
ATE of 2.82 m and an average keyframe ratio of 26.5%. Compared with the baseline, it
reduces the average ATE by approximately 42.0% and decreases the keyframe ratio by
2.7 percentage points, corresponding to a relative reduction of approximately 9.2%. These
results demonstrate that the two parameterized components are complementary; motion-
aware keyframe selection improves context compactness, while the adaptive pose reference
window further enhances trajectory consistency by regulating the local reference context
according to the estimated motion state.

To further characterize the operational behavior of the adaptive local pose reference
window, the rounded window sizes were divided into three regimes. The small-window
regime was defined as k; < kyj, + 0.2(kiax — kypin), the large-window regime was defined
as ki > kpip + 0.8(kax — kiin), and the remaining cases were treated as the intermediate-
window regime. With k;, = 16 and ky.x = 64, these thresholds correspond approximately
to k; <26 and k; > 55, respectively. In the evaluated sequences, the small-window regime
occurred in 6.89% of the context updates, the large-window regime occurred in 62.80%, and
the intermediate-window regime occurred in 30.31%. The frequent use of the large-window
regime is consistent with the long straight low-parallax sections in the rail sequences, where
a longer local reference window is beneficial for registration stability. The anchor context
was retained throughout all inference steps by design.

5. Discussion

The experimental results show that motion-aware geometric context adaptation im-
proves trajectory preservation in rail transit scenes. Compared with general road-driving
or indoor scenes, rail vehicle motion is highly constrained by the track geometry. Long
straight sections usually generate forward-dominant motion with limited lateral parallax,
while turnouts, station areas, and curved sections introduce more informative viewpoint
changes. This observation explains why treating all incoming frames equally is not optimal
for rail-oriented streaming reconstruction. By using the estimated motion state to regulate
keyframe selection and local pose reference windows, the proposed method suppresses
redundant low-parallax frames and preserves more useful geometric observations.

The proposed strategy is complementary to recent context-aware streaming recon-
struction frameworks. Geometric context modeling, such as anchor context, local pose
reference windows, and trajectory memory, provides an effective basis for long-sequence
online reconstruction. However, such context structures are usually designed for general
scenes and do not explicitly consider the motion regularity of rail vehicles. In this work,
the geometric context is not reconstructed from scratch or retrained with large-scale rail-
specific data. Instead, the context update process is adapted during inference according to
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scale-normalized translational displacement, turning tendency, and inter-frame viewpoint
variation. Moreover, bounded context regulation is adopted to constrain the local reference
window and preserve stable historical references, reducing the risk that occasional pose
noise causes aggressive context truncation. This makes the method lightweight and suitable
for practical deployment where large annotated rail datasets are difficult to obtain.

The quantitative trajectory results further support this interpretation. The proposed
method achieves lower ATE than LingBot-Map and VIPE on both rail station yard and
mainline sequences. The improvement is more evident in rail scenarios than in Oxford
Spires, suggesting that the proposed adaptation is particularly beneficial when the motion
pattern is strongly constrained and low-parallax degeneration is frequent. On Oxford
Spires, the improvement is smaller but still positive, indicating that the method can also
provide robustness in general long-sequence reconstruction with complex transitions.

The visual reconstruction results also demonstrate the practical value of the method.
In the rail scene reconstruction visualization, the reconstructed point cloud preserves the
main spatial structures of the scene, and the estimated camera trajectory remains consistent
with the vehicle motion direction. Although complete high-fidelity 3D ground truth is
difficult to obtain for rail transit environments, visual continuity of rails, platforms, and
trackside facilities provides useful application-level evidence for infrastructure inspection
and digital maintenance.

Several limitations remain, mainly due to the monocular visual-only nature of the pro-
posed streaming reconstruction framework. First, the current evaluation mainly focuses on
trajectory accuracy, context efficiency, and visual reconstruction quality, while dense 3D re-
construction metrics are not reported due to the lack of complete ground-truth point clouds.
This evaluation focus is consistent with the practical constraints of long-distance streaming
rail perception, where complete global 3D reference models are usually unavailable and
the online system must prioritize trajectory stability, compact context maintenance, and
continuous structural perception. Second, the motion-aware parameters and thresholds are
empirically selected, and a more systematic parameter sensitivity analysis could further
strengthen the evaluation. Third, the proposed motion-aware adaptation relies on online
visual pose estimates and therefore inherits the limitations of monocular streaming recon-
struction. In particular, the translational cue used in this work is not treated as an absolute
metric velocity, but as a sequence-normalized relative motion cue for context regulation.
Therefore, the method is designed to improve inference-stage context management rather
than to replace safety-critical localization modules. Severe illumination changes, image blur,
reflective surfaces, highly textureless tunnel regions, or drift in the visual backbone may
still affect pose prediction and context updating. In practical rail applications, IMU, LiDAR,
or GNSS-IMU measurements can be integrated to provide a more reliable metric motion
prior and further reduce the risk of drift-induced context updates. Further parameter
sensitivity analysis, quantitative dense-reconstruction evaluation with complete reference
models, multi-sensor extension, and comparison with railway-specific SLAM methods
under matched sensor configurations will be conducted in future work.

Overall, the results indicate that rail vehicle motion provides an effective prior for
regulating streaming geometric context. The proposed method offers a lightweight and
practical extension to context-aware streaming 3D reconstruction, improving trajectory
consistency in low-parallax rail transit scenes in the evaluated visual-only setting, without
introducing additional navigation inputs or test-time parameter optimization.

6. Conclusions

This paper proposed a motion-aware geometric context adaptation method for stream-
ing 3D reconstruction of intelligent rail vehicles in low-parallax scenes. The method
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uses online estimated motion states to guide keyframe selection and adaptive local
pose-reference window construction, improving context efficiency without task-specific
large-scale retraining.

Experiments on rail transit sequences and Oxford-Spires showed that the proposed
method achieves lower trajectory error than LingBot-Map and VIPE, with an average ATE
of 2.82 m. Visual results also demonstrate improved camera-trajectory consistency relative
to the evaluated baselines and coherent rail scene reconstruction in station yard, mainline,
and complex transition scenarios. These results indicate that rail vehicle motion is a useful
prior for practical online 3D reconstruction, supporting applications such as rail inspection,
infrastructure perception, and digital maintenance.
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