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Abstract—This paper presents a depth-enhanced
YOLO-SAM?2 framework for detecting ballast insufficiency
in railway tracks using RGB-D data. Although YOLOvS8
provides reliable localization, the RGB-only model shows
limited safety performance, achieving high precision (0.99)
but low recall (0.49) due to insufficient ballast, as it tends to
over-predict the sufficient class. To improve reliability, we
incorporate depth-based geometric analysis enabled by a
sleeper-aligned depth-correction pipeline that compensates
for RealSense spatial distortion using polynomial modeling,
RANSAC, and temporal smoothing. SAM2 segmentation
further refines region-of-interest masks, enabling accurate
extraction of sleeper and ballast profiles for geometric
classification.

Experiments on field-collected top-down RGB-D data
show that depth-enhanced configurations substantially im-
prove the detection of insufficient ballast. Depending on
bounding-box sampling (AABB or RBB) and geometric crite-
ria, recall increases from 0.49 to as high as 0.80, and F1-score
improves from 0.66 to over 0.80. These results demonstrate
that integrating depth correction with YOLO-SAM2 yields
a more robust and reliable approach for automated railway
ballast inspection, particularly in visually ambiguous or
safety-critical scenarios.

Index Terms—Ballast Insufficiency Identification, Machine
Learning, YOLO, SAM2, RGB-D

I. INTRODUCTION

Railway ballast is a foundational material that’s placed
beneath and between railroad ties to support track infras-
tructure. It plays a crucial role in distributing the weight
of trains, holding the tracks in place, and allowing for
proper drainage. Maintaining sufficient ballast is essential
to ensure the structural integrity and operational safety of
railway systems.

However, traditional ballast inspection methods rely on
manual visual inspection. It is labor-intensive, inconsistent
due to subjective judgment across different workers and
environmental conditions, and sometimes unsafe, as in-
spectors must physically access active track environments.

Recent advances in computer vision have enabled au-
tomated analysis of railway imagery [1], [2], [3]. YOLO
(You Only Look Once) [4],is a real-time object detection
framework that rapidly predicts the locations and classes
of objects within an image using a single neural network.
YOLO-based models can efficiently identify and localize
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ballast regions from RGB images. However, relying only
on RGB data is insufficient. It can’t capture the depth
information necessary to determine whether the ballast is
physically sufficient.

Depth sensing offers geometric information that can ad-
dress these limitations. The integration of RGB-D sensing
has gained traction in broader infrastructure inspection
tasks [5], [6], [7]. However, depth sensors such as the
Intel RealSense often show spatially varying bias and
surface warping due to sensor tilt and environmental
conditions. Without correcting these depth distortions,
the measurements are unreliable. Many researchers have
investigated distortion-correction techniques for RealSense
depth sensors [8], [9], [10].

The aim of this paper is to enhance the safety and
reliability of railway operations by enabling accurate,
automated, and repeatable assessment of ballast conditions
using vision-based methods. The objective of this work
is to develop an RGB-D inspection system that auto-
matically detects insufficient ballast by integrating deep-
learning-based region detection, precise segmentation, and
geometrically robust depth correction. Our pipeline uses
YOLOvVS [11] for initial ballast detection, followed by
Segment Anything Model 2 (SAM2) [12] for precise mask
refinement and rotated bounding-box extraction, ensuring
accurate alignment with the physical orientation of the
ballast regions. We introduce a novel depth-bias correction
method that uses RANSAC-based [13] polynomial fitting
and temporal smoothing to stabilize depth estimates over
time, mitigating spatial distortions inherent in raw sensor
data. Using this corrected depth data, we reconstruct ideal
ballast planes within each rotated region and apply a dual-
metric classification strategy to distinguish sufficient from
insufficient ballast regions.

The key contributions of this work are:

o An integrated RGB-D pipeline for automated ballast
inspection, combining YOLO detection and SAM?2
segmentation, and rotated bounding-box extraction
tailored to railway geometry.

e« A robust spatial bias correction method using
RANSAC-fitted polynomial surfaces and temporal
smoothing, enabling consistent depth measurement
without external calibration.

e A dual-criteria ballast sufficiency classifier that
jointly evaluates global depth residuals and localized
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Fig. 1. RGB frame (left) and corresponding raw depth map (right)
captured by the RealSense D435.

gap indicators to reliably identify insufficient ballast
with high precision.

The effectiveness of this approach is validated in Sec-
tion IV, where we compare three models: YOLO-only,
YOLO with depth, and our rotated-box depth-enhanced
algorithm. While YOLO-only achieves an F1-score of 0.74
but suffers from dangerous false positives, our rotated-box
depth method achieves the best performance with an F1-
score of 0.81 and a recall of 0.90 for insufficient ballast,
representing a substantial improvement in safety-critical
detection.

The remainder of this paper is organized as follows.
Section II formulates the RGB-D ballast sufficiency de-
tection problem. Section III presents the proposed method-
ology, including YOLO-based ballast detection, SAM2
segmentation with rotated bounding boxes, depth correc-
tion, and dual-criteria sufficiency classification. Section IV
describes the dataset, evaluation metrics, and experimental
results comparing the proposed approach with RGB-only
and non-rotated depth baselines. Finally, Section V con-
cludes the paper and discusses directions for future work.

II. PROBLEM FORMULATION

The goal of this project is to determine whether each
sleeper bay contains sufficient ballast using the RGB and
depth (RGB-D) image data captured by a top-mounted
Intel RealSense D435 camera. As shown in Fig. 1, each
frame consists of an RGB image represented by the
function

Irga : © — [0,255)3, (1)

and a corresponding aligned depth map represented by
D : Q@ = RT. 2

The shared domain of these functions is the discrete pixel
grid (z,y) € Q=1[1,...,W]x[1,..., H], which specifies
the spatial coordinates of the RGB-D image pair.

Following object detection, let N denote the number of
ballast segments identified in a given frame. The objective
is to assign each segment a sufficiency label

s; € {sufficient, insufficient}, i1=1,....N (3

In this paper, we assume that the RGB-D alignment
provided by the Intel RealSense software is accurate
and dependable. Even under this assumption, two major
challenges remain. Challenge-1: ballast segments appear
with different orientations due to track geometry and the
camera’s viewpoint, making rotated bounding regions nec-
essary for consistent and precise sampling. Challenge-II:

YOLO-Based Ballast Detection Depth Correction |

| RGB frame | |
l Depth frame
| Detect ballast regions | l
l Sample along sleeper
| Filter valid track regions | l
"""""""""""""" l """"""""""" Estimate depth bias
| Segment ballast region | l

Corrected depth map

H | Extract rotated bounding
| Rotated box | |
! Bounding Box Extractiol |

Build reference ballast
plane

Compute depth residuals

l

Ballast classification

Output: sufficient /
insufficient

| Plane Reconstruction + Classification

Fig. 2. Flowchart of the proposed ballast sufficiency detection algorithm
based on RGB-D sensing and rotated bounding box geometry

the raw depth data exhibits spatially varying tilt and bias,
which must be corrected before any reliable geometric
analysis can be performed.

III. METHODOLOGY

To achieve automated identification of insufficient bal-
last regions from RGB-D imagery, we introduce a novel
framework that integrates YOLO-based detection with
SAM?2 segmentation, referred to as the YOLO-SAM?2 ap-
proach. The overall architecture of the proposed method is
illustrated in Fig. 2 and consists of four main components:
(1) a YOLO-based ballast detection module, (2) a SAM2
segmentation and rotated bounding box extraction module,
(3) a depth correction module, and (4) a plane reconstruc-
tion and ballast sufficiency classification module.

A. YOLO-Based Ballast Detection

Our system first applies YOLOvVS to the RGB frame
to localize ballast regions. Given an RGB image Irgs,
the existing YOLOV8 approach can predict a finite set of
axis-aligned bounding boxes:

B={b, = (xuyz‘,wi’hi,ci)}f; ) “4)

where (x;,y;) € € are the center coordinates, (w;,h;)
denote the width and height of the i-th bounding box,
and ¢; € [0,1] is the corresponding confidence score.
After non-maximum suppression, low-confidence boxes
are removed using a threshold T, such that ¢; > T, for
allie{1,...,N}.

Because insufficient ballast is typically found in the area
between the rails, the YOLO-based detection is limited to
the central 70% of the image width. This constraint helps
reduce false positives and ensures the analysis focuses on



the relevant track region. The resulting bounding boxes
within this area are then used as preliminary regions of
interest (ROI) for subsequent segmentation and depth-
based evaluation.

B. SAM2 Segmentation and Rotated Bounding Box Ex-
traction

Although YOLOVS provides reliable initial localiza-
tion, its axis-aligned bounding boxes often fail to match
the actual geometric orientation of the ballast structures
(Challenge-I in Section II). To address this, each ROI is
processed by the SAM2 segmentation module for mask
refinement and rotated bounding-box extraction, ensuring
alignment with the railroads’ true physical layout.

Following the YOLO-based detection, each axis-aligned
bounding box is refined using SAM2. Instead of generat-
ing a mask on the full image domain €2, we first crop
the sub-image defined by the YOLO ROI b; and use this
cropped region as both the SAM2 input and the spatial
prompt. This ROI-guided segmentation restricts SAM?2
to the ballast instance identified by YOLO and prevents
unrelated track elements from being included in the mask.

Formally, let ©; C € denote the cropped region corre-
sponding to b;. SAM2 produces a binary mask:

Mz(x7y) S {071}7 (33734) S Qi7 (5)

which is then mapped back to the full-image coordinates.
Light post-processing, including morphological closing
and removal of small isolated components, is applied to
enhance mask coherence. Importantly, this procedure is
applied independently to each preliminary ROI, resulting
in one refined mask per YOLO detection.

To better align with the physical orientation of the
ballast structures, we compute a rotated minimum-area
bounding rectangle for each cleaned mask M;:

bir = (mfvyfvat7w:ah:)a (6)

where (x!,y!) denote the center of the rotated rectangular
bounding-box in image coordinates, o; € (—7/2,7/2)
is the rotation angle, and w;, h] represent the width and
height along the rotated axes. This rotated bounding box
b/ is generated for each preliminary ROI, ensuring that
every detected ballast region obtains its own geometry-
aligned representation.

These rotated bounding boxes provide a spatially accu-
rate representation of the ballast regions that aligns with
the track orientation and enables more consistent depth
sampling, which is critical for reliable depth correction

and subsequent geometric analysis.

C. Depth Correction

Depth measurements obtained from Intel RealSense
sensors often exhibit systematic spatial biases caused by
factors such as sensor tilt, lens distortion, and environmen-
tal conditions (Challenge-II in Section II). These biases
typically manifest as large-scale planar tilting or curved
warping across the depth image, which must be corrected
to ensure accurate ballast depth estimation. In this section,
we present a robust depth correction method that models
and removes these distortions using a polynomial surface
fitted from sleeper-aligned depth samples.

1) Polynomial Bias Model: To compensate for the
smooth, spatial distortion present in raw RealSense depth
maps, we model the depth bias using a low-order 2D
polynomial surface:

Az(z,y | 0) = 012+ 0oy + 032> +0,49% + 052y + 65, (7)

where (x,y) € € are pixel coordinates and 6 =
(01,04,03,04,05,06) are the distortion parameters. The
first five terms describe the spatially varying tilt—curvature
field, while 0 represents a global depth offset. Since
ballast sufficiency depends only on relative height between
ballast and sleepers, this constant offset does not influence
the geometric decision.

With this decomposition, the raw depth measurement at
pixel (z,y) can be expressed as

Draw(way) = Dtruc(mvy) + Az(x,y | 0) + 6(1'7?4)’ (8)

where Di,ue(,y) is the unknown true depth and e(z,y)
represents high-frequency noise and residual fitting error.
Then, we can have the corrected depth Do, Which is
expressed by

Dcm(l‘,y | 0) = Draw(xvy) - Az(m,y ‘ 9) ©)

The correct depth D, is an approximate of the unknown
true depth Diyye(, y).

This polynomial model provides a compact and effec-
tive approximation of the low-frequency distortion field.
Subtracting the estimated bias surface removes large-scale
tilt and curvature while preserving the geometric detail
necessary for accurate ballast surface reconstruction and
sufficiency classification.

2) Sleeper Sample Extraction: Accurate depth bias
estimation relies on sampling from regions where the
true depth profile follows a simple planar structure. In
railway scenes, the sleeper surfaces between adjacent
ballast segments meet this criterion. Therefore, we extract
depth samples exclusively from sleeper regions to serve
as reliable ground truth for polynomial bias fitting.

For each pair of neighboring rotated bounding boxes
(rboxes) b; and b;,,, we compute the midline between
their adjacent edges as the sleeper sampling line. This
midline is aligned with the orientation of the rboxes and
ensures that depth samples lie precisely on top of the
sleeper surface, avoiding contamination from ballast or
background regions.

In cases where a ballast region lies at the top or bottom
of the frame, without an adjacent rbox above or below.
We apply a fallback strategy, extract depth samples along
a horizontal line offset by Aw = 10 pixels above or below
the rbox boundary, respectively. This ensures sampling
consistency across frames and layout variations.

After extraction, raw depth values may still contain
spikes or missing data due to sensor noise or segmen-
tation imperfections. To enhance robustness, we apply
Median Absolute Deviation (MAD) [14] filtering. Let
Sa = {(xn, Yn, zn)}flvgl denote the set of sleeper-aligned
raw depth samples, where N is the total number of
extracted samples and z,, = Dyaw (Zn, yn) is the raw depth
at pixel (z,,y,). The filtered sleeper depth samples are:

Szfi = {(znaynvzn) €Sy |Zn — 2‘ <T- MAD(Zd)}’
(10)



where # is the median of Z; = {2,}2 , MAD(Z,) indi-
cates the MAD of the set Z;, and 7 is a scalar threshold
that determines the acceptable deviation range. Samples
satisfying this condition are retained for subsequent bias
surface estimation. This sleeper sampling strategy ensures
that bias estimation operates on geometrically meaningful
and noise-resistant depth measurements.

3) RANSAC-Based Robust Bias Estimation: The raw
RealSense depth measurements contain spatially varying
bias caused by sensor tilt, stereo-matching distortion, and
environmental noise. Since no ground-truth depth is avail-
able, we exploit the geometric fact that sleeper surfaces
are approximately planar in the real world. Therefore,
the raw depth samples extracted from sleeper regions,
denoted by Sf, should ideally lie on a single smooth
surface. Deviations within this set arise from sensor noise,
segmentation imperfections, and partial occlusion.

To robustly estimate the polynomial bias surface under
such outliers, we use the RANSAC [13] procedure. In each
iteration, a minimal subset of sleeper samples is randomly
selected to generate a candidate bias model Az(z,y|6).
All remaining samples are evaluated against this candidate,
and those whose depth discrepancies fall below a tolerance
threshold 7.5 are counted as inliers. The model producing
the largest inlier set is selected as the best hypothesis.

Let S;, denote the resulting inlier set. Each inlier sample
(Tn, Yn, 2n) € Sin corresponds directly to a depth value z;
taken from the raw depth map within the sleeper region.
Because the true sleeper surface is approximately planar
in the real world, any smooth, spatially coherent variation
observed across these inlier depths cannot be explained
by actual geometry. Instead, such low-frequency variation
reflects the underlying distortion introduced by the depth
Sensor.

Therefore, the bias surface can be refined by minimizing
the approximated variance of the corrected depth data:

Z [Dcorr(xn7yn | 0) - zin]Q

(wn sYn 7Zn)€Sin
1D

where Zj, is the average of Doy (@n,y,|@) for all
(Tn,Yn,2n) € Sin. Furthermore, considering the flat
nature of sleepers, we assume that Z;,, is a constant, and
can be absorbed by the parameter 6.

4) Depth Correction: For each input frame, the polyno-
mial bias parameters 6" estimated by RANSAC are used
to correct the spatial depth distortion. To ensure smooth
temporal transitions and reduce frame-to-frame flicker, we
apply an exponential moving average (EMA) [14] filter
to the bias coefficients. Let ;™" denote the RANSAC-
refined parameters from the kth frame (ie., 0;>" = 05,
for the kth frame). The temporally stabilized parameters
are then computed as:

0 = NO +

0" = arg min
o

(1=X)0j_1,

where 6, is the smoothed parameter vector applied to the
current frame, and A € (0,1) is a smoothing factor that
controls the relative contribution of the current vs. previous
estimates.

This temporal stabilization ensures smooth transitions
in the corrected depth field, minimizing fluctuations due
to transient noise or unstable sampling regions.

12)

Depth correction is then performed by removing only
the spatially varying component of the estimated dis-
tortion field (the terms associated with 6, through 05).
The constant offset parameter ¢ is not removed during
correction and is intentionally preserved. Retaining this
global offset keeps the corrected depth values within a
numerically stable range and prevents the depth map from
collapsing toward zero or negative values. Since ballast
sufficiency depends solely on relative height differences
between ballast and sleeper surfaces, the absolute offset
does not influence the subsequent geometric analysis.

By removing only the spatial distortion while preserving
the global depth level, the corrected depth map faith-
fully reflects the true relative geometry of the scene.
This stabilized depth field provides a reliable foundation
for constructing sleeper reference planes and performing
ballast sufficiency classification in later stages.

D. Plane Reconstruction and Ballast Sufficiency Classifi-
cation

With the corrected depth map Do (2, y) for all (z,y) €
), we reconstruct the ideal sleeper-aligned reference plane
for each ballast region and evaluate ballast sufficiency
based on depth deviations relative to this plane. This
section describes how the reference depth surface is de-
rived within each rotated bounding box and how ballast
condition is subsequently classified using robust geometric
metrics.

1) Reference Plane Construction: For each rotated
bounding box b,”, we operate in its local rotated coordinate
system (u,v), where v and v denote the horizontal and
vertical axes of the rotated rectangle, respectively. Let R,
denote the set of pixels belonging to the ¢-th rotated box
expressed in this local coordinate frame.

Under sufficient ballast conditions, the ballast surface
between the upper and lower sleeper boundaries is ex-
pected to vary approximately linearly along the v-axis. We
therefore extract corrected depth profiles along the top and
bottom edges of the rotated box. Let zyop (1) and 2yt (©)
denote the depth profiles sampled at v = 0 and v = A,
where h! is the height of b, in the rotated coordinate
system.

For any pixel (u,v) € R/, the reference depth is com-
puted by linear interpolation between these two boundary
profiles:

i (u,v) = (1 - ;&) Zrop(U) + % Zhot(1).  (13)

This construction yields a locally planar sleeper-aligned
reference surface within each rotated box, adapting to
variations in sleeper tilt and depth bias.

2) Depth Residual Computation: Given the rotated
bounding region R, the depth residual for each pixel
(u,v) € R] is defined as

Ai(uv U) = Dcorr(uv U) - Hi(“v U)v (14)

where D, is the temporally stabilized, bias-corrected
depth map expressed in the rotated coordinate frame, and
I1;(u,v) is the reference plane derived above. Negative
residuals indicate that the ballast lies below the expected
reference surface and may signal insufficient material.



3) Dual Ballast Sufficiency Classification: After ob-
taining the residual depth map for each ballast region,
we classify ballast sufficiency using two complementary
criteria that correspond to the two dominant failure modes:
wide-area ballast depression and localized sleeper—edge
gaps. This dual-criteria design combines region-level depth
statistics with boundary-sensitive analysis.

Criterion-1 Global Residual Criterion: To detect
widespread depression, we compute the area proportion
of pixels in R; whose residual lies below the reference
plane by more than a threshold 77:

o= | {(z,y) € R : Ai(z,y) < —T.} |
' IR ’

15)

where |-| denotes the number of pixels in each set, equiv-
alently representing the relative area. Larger values of p;
indicate that a significant portion of the ballast region is
depressed.

Criterion-2 Edge Gap Criterion: Localized ballast
loss often appears near the sleeper—ballast interfaces. For
a rotated bounding box b;, we define a local coordinate
system (u,v) aligned with the box, where u denotes the
horizontal axis of the rotated box and v its vertical axis.
Let h} denote the box height along the v-axis. The edge-
band thickness is set adaptively as

ht € (0,0.5).

edge = K17, (16)

Using this coordinate system, the top and bottom edge-
band regions are defined as

£% = {(u,
(c;lbot _ {(’LL7

v) ER] 10 < v < hlyg}, (17)

v) € R : hi — bt

tdge < U < A}, (18)

Let {u; };/V:il be the ordered set of distinct u-coordinates
(columns). For the j-th column, the corresponding edge-
band area is

Eij={(u,v) e EPUEX u= uj}. (19)

The area proportion of depressed points within this
column-wise edge band is defined as

[ {(u,v) € &« Ai(u,v) < =T.} |
|Ei ’
where pixel cardinality is used as a discrete proxy for area.

Region i is classified as insufficient if either criterion is
activated:

) insufficient,
’ sufficient,

(20)

Vig =

if p; >m or 7y > o,

21
otherwise. D

Here, n; controls the tolerance for wide-area depression,
whereas 1o governs the sensitivity to localized edge gaps.

IV. EXPERIMENTS AND RESULTS

To evaluate the proposed method, we tested it on real
railroad data collected using the Intel RealSense system.
Since our approach incorporates both corrected depth (CD)
and YOLO-SAM2-based rotated bounding boxes (YOLO-
SAM2-RBB), we compare it with two baselines: a YOLO-
only model and a YOLO-SAM2 model using axis-aligned
bounding boxes (YOLO-SAM2-AABB).

Fig. 3.
(middle), and depth map after tilt and bias correction (right).

Comparison of RGB image (left), raw RealSense depth map

A. Dataset Collection and Preparation

The dataset used in this study was collected using an
Intel RealSense D435 camera positioned above the railroad
track, providing an orthogonal top-down view of the
ballast and rail structure. The D435 recorded synchronized
RGB and depth frames as the camera moved along the
track. From this dataset, 1,405 images were used for
training the YOLO model responsible for detecting the
ballast area. An additional 418 images were reserved for
evaluating the algorithm. For the training data set, the
set was split into 40% insufficient and 60% sufficient.
For the testing data set, the split was 55% sufficient,
and 45% insufficient. Ground-truth labels (“sufficient” or
“insufficient”) were created from RGB frames extracted
from the original RealSense recordings and annotated in
Roboflow.

B. Evaluation Metrics

The Performance comparisons are evaluated using pre-
cision (P), recall (R), and Fl-score (F'1), with F1-score
as the primary metric due to class imbalance. For safety-
critical inspection, false positives (predicting sufficient
when the region is insufficient) are the most dangerous;
therefore, a higher recall for insufficient ballast is empha-
sized [15].

C. YOLO-Only Baseline Results

Initial experiments evaluated the performance of the
YOLOV8 model operating solely on RGB imagery without
depth information. Although a high precision is obtained
(P = 0.9896), a relatively low F1-score (F'1 = 0.6620) is
obtained due to the poor recall (R = 0.4974), as shown
in Table I. The YOLO-Only approach tends to overpredict
the “sufficient” class, leading to a high false-positive rate.
YOLO-only rarely predicts ‘insufficient’, so its predictions
are almost always correct when it does, but it misses many
insufficient cases.

D. Effectiveness of Depth Correction

To address the limitations of RGB-only classification,
the depth-enhanced algorithm was evaluated on the same
test dataset. Fig. 3 illustrates the RGB frame alongside
the raw and corrected depth maps used in this analysis.
The corrected depth map exhibits significantly reduced
spatial distortion, clearer sleeper boundaries, and a more
consistent depth gradient across ballast regions, enabling
more reliable detection of insufficient ballast.

E. Effectiveness of Rotated Bounding Boxes

An example of a comparison between axis-aligned
bounding boxes (AABB) and corresponding rotated
bounding boxes (RBB) is shown in Fig. 4, which validates



the effectiveness of the rotated bounding boxes method
described in Section III-B.

Fig. 4. An example of axis align bounding boxes (left) and rotated
bounding boxes (right).

F. Numerical Comparisons of Variant Algorithms

To ensure consistent evaluation across all variants, we
use a unified set of implementation parameters. For YOLO
inference, the confidence threshold is 7, = 0.3 and
the Intersection-over-Union (IoU) threshold used in Non-
Maximum Suppression (NMS) was 0.35. Sleeper depth
samples are filtered using a MAD outlier threshold of
7 = 3.5. The polynomial bias surface is estimated with
160 RANSAC iterations and an inlier residual threshold
of T,.es = 0.01 m, followed by temporal smoothing using
an exponential moving average with A = 0.2. For geo-
metric classification, depth depressions are detected using
T, = 0.03 m. The global residual criterion is triggered
when more than 7; = 0.4 of the region falls below
this threshold. The edge-gap criterion uses an edge-band
thickness of x = 0.4, and a column is marked insufficient
when its depressed proportion exceeds 72 = 0.18.

To distinguish the contributions of the proposed differ-
ent components, including two types of bounding boxes
(presented in Section III-B), and the different classification
criteria (presented in Section III-D), we test the variant
algorithms with different components on the same im-
age data set. The numerical comparisons are tabulated
in Table I. In detail, “CD-YOLO-SAM?2” indicates the
proposed approaches, “AABB” and “RBB” indicate the
types of bounding boxes, and “C1” and “C2” indicate
Criterion-1 and Criterion-2 in Section III-D, respectively.
Furthermore, to leverage the YOLO algorithm, we also
add the decision from the YOLO method as the third
criterion, denoted by “CY” in Table I. The decisions
from all criteria, including C1, C2, and CY, are combined
using a logical OR rule to generate the final decision on
“insufficient”.

From Table I, it can be observed that we can obtain
the best performance when three decision criteria are
all applied. In addition, we can obtain better precision
performances when the RBB is applied. In contrast, we
can obtain better recall performances when the AABB is
applied. In sum, our proposed approaches can obtain the
good precision (close to YOLO-Only), and best recall and
F1-score performances.

V. CONCLUSION

This paper presented a depth-corrected YOLO-SAM?2
framework with rotated bounding boxes for reliable de-
tection of ballast insufficiency in real railroad environ-
ments. While YOLO provides strong object-level cues,

TABLE 1
PERFORMANCE COMPARISON OF DETECTION METHODS

Method Precision  Recall F1

YOLO Only 0.9896 0.4947  0.6620
CD-YOLO-SAM2-AABB-C1-C2 0.6791 0.7644  0.7192
CD-YOLO-SAM2-RBB-C1-C2 0.7377 0.7068  0.7219
CD-YOLO-SAM2-AABB-C1-CY 0.7450 0.7801  0.7621
CD-YOLO-SAM2-RBB-C1-CY 0.8000 0.7330  0.7650
CD-YOLO-SAM2-AABB-C1-C2-CY 0.8191 0.8063  0.8127
CD-YOLO-SAM2-RBB-C1-C2-CY 0.8623 0.7539  0.8045

our results show that RGB-only detection tends to over-
predict the sufficient class, leading to poor recall for
insufficient ballast—a critical limitation for safety-focused
inspection. By integrating sleeper-aligned depth correction
and SAM2-guided rotated bounding boxes, the proposed
method significantly improves geometric alignment and
reduces spatial distortion in the depth map.

Experiments on field-collected track data demonstrate
that the whole system achieves the highest recall and F1-
score among all tested configurations, correctly identifying
insufficient ballast even in challenging conditions where
RGB cues are weak. The combined effect of depth cor-
rection and rotated bounding boxes yields more stable
depth profiles between sleepers, enabling more accurate
geometric classification and reducing missed detections in
safety-critical regions.

Future work will extend this framework to broader track
conditions, incorporate multi-camera fusion for handling
extreme curvature, and explore temporal consistency mod-
els for continuous, train-mounted inspection. The proposed
approach provides a practical and reliable step toward
automated, vision-based railway maintenance systems.
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