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Abstract: The paper considers the application of instance segmentation methods for solving problems of detecting railway infrastructure
objects and obstacles in automatic train operation (ATO) systems. Particular attention is paid to the possibility of using the You
Only Look Once version 11 (YOLOv11) deep neural network architecture in the context of increasing automation levels to Grade of
Automation 3 and Grade of Automation 4, where reliable operation of perception systems in real time is critical. One of the major
contributions in this paper includes developing a specialized dataset on the perception of railways with 20,000 images, each with pixel-
level annotation on 46 object classes. This paper has evaluated 25 different YOLOv11 models, which vary in terms of depth and input
image resolutions. All configuration models were trained on a specially collected dataset of images obtained from rolling stock video
cameras in real operating conditions. Performance evaluation included such metrics as segmentation accuracy, inference speed, and
computational complexity. The results demonstrate that YOLOv11 provides a flexible choice of configurations, allowing the model to
be adapted to specific technical conditions and requirements. This confirms the feasibility of using YOLOv11 in real ATO systems to
improve the reliability of perception, support autonomous navigation tasks, and timely detection of critical objects along the train route.
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1. Introduction

Modern automated train control (ATC) systems [1] are fun-
damentally changing the operation of railways. They reduce the
impact of human error and make transportation safer, more
cost-effective, and predictable [2]. This is especially true on busy
mainlines and in large urban areas where even small delays are
costly. The central aspect of ATC is the Grade of Automa-
tion (GoA) [3]. It determines what part of the tasks the system
takes on: from simple assistance to the driver to completely
autonomous operation. The higher the level of GoA, the greater
the requirements for the accuracy of the algorithms, because in
real conditions, the train has to take into account dozens of
factors: from sudden obstacles to changes in the schedule.

According to the international standard IEC 62267 [4],
automation levels are classified into five levels, from GoA0 to
GoA4:

1) GoA0 (on-sight train operation). The train is operated by
a human driver without any automatic systems. Everything
depends on the person in charge.
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2) GoA1 (non-automated train operation). Manual driving is
supported by automatic safety systems, such as automatic
train protection [5], which help prevent collisions by enforcing
braking and speed limits.

3) GoA2 (semi-automated train operation). The train runs by
itself most of the time—speed and braking are automatic. But
someone still needs to open and close doors, start the journey,
and respond in an emergency.

4) GoA3 (driverless train operation). There is no need for a
human driver to drive the train. Motion is automated com-
pletely. But someone from the staff may still be on board to
help passengers or respond if something unusual happens.

5) GoA4 (unattended train operation). The train runs entirely
automatically. It travels, opens and closes doors, and reacts to
emergencies without any staff on board.

As train systems progress toward higher degrees of automa-
tion, especially in GoA3 and GoA4 scenarios, human interven-
tion is less and less required or even absent. This sort of shift
places tremendous pressure on onboard systems to be extremely
reliable, interpretable, and responsive. Particularly for perception
and recognition of the environment, these systems must enable
the train to “see” and understand its surroundings with the same
level of success as a human operator. It must do this in real time
and across a wide range of conditions, from variable lighting to
weather and operational challenges [6].
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Among the critical components of such autonomous sys-
tems are computer vision technologies, which must accurately
detect and classify elements of railway infrastructure (e.g., tracks,
switches, signals), distinguish between safe and hazardous zones,
and identify obstacles that could jeopardize safe operation (e.g.,
people, animals, foreign objects. The ability to detect not only
expected elements but also rare and potentially dangerous sit-
uations is fundamental for achieving safety and reliability in
driverless railway systems.

In standard practice, convolutional neural networks are used
for object detection tasks, where an object position in an image is
typically represented using a bounding box. But it is not enough
for railway object location. It often lacks the accuracy required for
deployment in automatic train operation (ATO) systems [7]. In
particular, bounding boxes do not offer sufficient information to
determine whether an object is within the train clearance envelope
and thus poses a potential hazard.

In this paper, we investigate the deep learning model You
Only Look Once version 11 (YOLOv11) [8], which combines high
performance with accurate object segmentation. We trained and
evaluated 25 configurations of YOLOv11, varying the architec-
tural depth (n, s, m, l, x) and input resolution (from 640 × 640 to
1920 × 1920). The objective of this paper is to evaluate the feasi-
bility and effectiveness of deploying YOLOv11 models for railway
infrastructure and obstacle segmentation in ATO systems. We
focus on the potential role of YOLO11 in enabling higher degrees
of automation in real-world railway scenarios.

The rest of this paper is organized as follows: Section 2
presents related work, Section 3 describes the materials and meth-
ods, Section 4 discusses the results, and Section 5 concludes the
paper.

2. Related Work

In the last decade, nevertheless, there has been phenomenal
progress in designing computer vision systems for rail appli-
cations, which has been prompted mostly by growing needs
for higher levels of automation (GoA3 and GoA4). Initially,
techniques used were highly dependent on traditional image
processing techniques [9], that is, edge detection, background
subtraction, and histogram analysis. Though these techniques
functioned wonderfully well under laboratory conditions, they
failed to perform in real-world scenarios with reduced lighting,
occlusion, and varied weather [10].

The advent of convolutional neural networks marked a
major change, ushering in spectacular advances in accuracy
and resilience of vision [11]. Perhaps among the most cele-
brated frameworks to have come along is the You Only Look
Once (YOLO) family [12], which has seen widespread use for
transportation-related applications because it can strike a balance
between high detection precision and real-time inference.

In the context of railway systems, several studies have pointed
out the versatility of YOLO models for particular applications.
For example, YOLOv3 has been used to detect surface irregular-
ities along railway tracks and identify fractures and deterioration
signs [13]. The improvements integrated into YOLOv4 have
enhanced the ability to detect locomotive signal lights and people
in close proximity to the tracks [14]. Furthermore, YOLOv5 has
been applied to signal light detection, with consistent performance
in various environmental contexts [15].

In spite of these improvements, most of the applications
of the YOLO model continue to be based on bounding-box
detection, which can only provide rough object localization.

In applications involving greater complexity, in which the precise
delineation of object boundaries is critical, this can be inadequate.
Accordingly, greater focus has been put on instance segmenta-
tion techniques that enable recognition of objects at the pixel level
and provide a more nuanced comprehension of the spatial rela-
tionships within the scene [16]. This level of detail is particularly
required in safety-critical systems, such as automatic train control.

Among the instance segmentation models, Mask Region-
based Convolutional Neural Networks (Mask R-CNN) [17] has
been of particular interest. Mask R-CNN combines object detec-
tion with accurate segmentation at high resolutions and is,
therefore, particularly useful in scenarios where there is object
occlusion or complicated structural characteristics. The high
computational demands of Mask R-CNN [18] can, however,
be very problematic, especially in applications where real-time
computation is of value or in applications on low-capacity
hardware.

In recent developments, the YOLOv8 model [19] has proven
to be the better option. By optimizing the YOLO architecture
for segmentation tasks, YOLOv8 provides high inference rates
with minimal hardware requirements [20]. Although not always
equaling Mask R-CNN segmentation accuracy, its ability to pro-
vide competitive performance at reduced latency positions it as
an acceptable option for deployment in onboard ATO systems,
where timely and stable perception is demanded.

Even though YOLOv8 set a strong baseline for instance seg-
mentation in the real-time scenario, the YOLOv11 configuration
brings some improvements that are very important to the specific
use case of the railway industry. Among the improvements are a
better structure for the spatial pyramid pool and the transformer
attention mechanism [21]. This is very important to properly
delineate the extended rail systems (such as the railways and the
overhead wires) and to identify small distant objects against a
complex background. Additionally, the YOLOv11 neck and the
adaptive upscaling mechanism bring a better computational cost
profile than YOLOv8 and a better mask detection accuracy. In
the case of an ATO system that has to provide the highest accu-
racy to the object boundary delineation but still has to perform
the task in a real-time manner, YOLOv11 would be a better
contender than YOLOv8.

3. Materials and Methods

3.1. Dataset preparation

To aid in the training and testing of instance segmentation
models, a dedicated dataset was gathered from videos recorded
using front cameras installed in driver cabins of moving trains.
The videos were recorded from various locations on the Russian
railway network, spanning a diverse set of real-world operational
conditions.

In order to guarantee the strength and usability of the dataset
in various situations, the content of the video was recorded under
an extensive variety of lighting conditions, such as daytime, night-
time, and twilight, and under various weather conditions, such as
clear, rain, snow, and fog.

In order to prevent redundancy and have a varied set of
visual appearances, still images were systematically sampled from
the video at fixed intervals. All images were brought to a uniform
Full HD resolution (1920 × 1080 pixels) to standardize the input
format for subsequent training and evaluation.

Based on the dataset collected, 20,000 representative frames
were sampled and manually tagged for instance segmentation
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Figure 1
Samples of dataset images

tasks. Annotation was done in the form of a polygon-based
method to properly outline object boundaries at the pixel level.
Samples of dataset images are shown in Figure 1.

The dataset includes 46 object classes that were chosen
for their relevance to railway infrastructure and safety opera-
tions. There are railway tracks, turnouts, signal lights, pedestrians,
animals, motor vehicles, railway rolling stock, and other
infrastructure components and potential obstacles.

3.2. Model architecture

For instance segmentation, we utilized the YOLOv11 archi-
tecture, which is a new version of the YOLO family [22].
YOLOv11 incorporates segmentation capabilities natively into
the detection pipeline. Following the strengths of YOLOv8 [23],
YOLOv11 introduces a couple of crucial enhancements, such as
enhanced spatial pyramid pooling, transformer-based attention
modules, and adaptive upsampling methods.

As evident from Figure 2, the YOLOv11 architecture consists
of three key parts: the backbone, the neck, and the head. The
three play very critical roles: the backbone extracts features from
the input image, the neck pools and normalizes the features, and
the head produces the final predictions. Each of these plays an
important role in the model’s performance in object detection and
instance segmentation.

The backbone of the YOLOv11 architecture is responsible
for extracting features from input images through hierarchical
stacking of convolution layers. The spatial image resolution
decreases with each pass-through layer, and the feature map depth
increases. The structure is designed in such a way that both low-
level feature information such as edges and textures and high-level
semantic information such as object boundaries and structural
information are extracted.

Being an interconnection point between the backbone and
the prediction head, the neck is particularly responsible for
enriching and concatenating features. Within YOLOv11, the
neck integrates a backboned layout drawing inspiration from
the Feature Pyramid Network (FPN) [24], through which it has
the capability of consolidating knowledge at disparate scales.

Through interconnections across layers of distinct resolutions, it
retains high-resolution spatial information combined with deeper
semantic awareness. This proves particularly useful when detect-
ing objects of varying sizes or those that are partially occluded or
in complex scenes.

The head module of YOLOv11 produces the final outputs of
the model: object class, bounding-box coordinates, and instance
segmentation masks. A departure from traditional detection
pipelines, YOLOv11, however, has an innovative segmentation
branch [25] that produces fine, pixel-level masks for each detected
object. The addition enhances the spatial reasoning and ability of
the model in differentiating among individual objects, especially
in densely visual or cluttered scenes.

In order to determine the optimal model configuration for
ATO tasks [26], we conducted a systematic comparison of 25
different configurations of YOLOv11. Each different alternative
was a combination of a network architecture and input resolu-
tion, and we were therefore able to see the impact of different
configuration choices on performance.

There are five YOLOv11 architecture versions that each try
to balance speed, accuracy, and computational needs in a different
manner. It is easy to choose the best model for a specific hardware
setup or performance requirement:

1) YOLOv11n (nano) is the lightest version, appropriate for
deployment on processing-limited devices or where real-time
detection is essential.

2) YOLOv11s (tiny) remains tiny but improves detection accuracy
and is an acceptable choicewhen there is some sacrifice in speed.

3) YOLOv11m (small) is a good balance of performance and use
of resources and is an acceptable choice for normal usage.

4) YOLOv11l (large) offers higher accuracy because of a more
complex model but requires more hardware.

5) YOLOv11x (extra-large) is the most precise one, meant for
maximum performance, though it requires plenty of memory
and processing capabilities.

Different versions of YOLOv11 differ in terms of complexity,
and there are three parameters that control this. Depth multiple
(d) modifies the depth of the network by varying the number
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Figure 2
Architecture of the YOLO11 model

of layers—raising it makes it stronger in processing complicated
patterns. Width multiple (w) controls the number of channels each
layer can contain, thereby controlling the amount of information
that the model processes at one time. The maximum channels
(mc) parameter limits the number of channels the model can use
to control memory usage and computation time. Table 1 specifies
individual values of these parameters for all versions of the model.

Each of the five variations of YOLOv11 was trained and
tested on each of five resolutions as input: 640 × 640, 960 × 960,
1280 × 1280, 1600 × 1600, and 1920 × 1920 pixels. By pairing
each model variation with each resolution, we have a total of 25
different configurations on which we can systematically test how
both architecture and input size affect performance.

3.3. Training procedure and evaluation metrics

We trained all 25 configurations of the YOLOv11 models on
two NVIDIA RTX A5000 GPUs. The dataset was split into three
subsets to ensure reliable evaluation: 70% for training, 15% for
validation, and 15% for testing.

The training was done according to the YOLOv11 proce-
dure. The optimizer set was stochastic gradient descent with Nes-
terov momentum. The parameters were an initial learning rate of
lr0 = 0.01, a final learning rate of lrf = 0.01, a momentum of
0.937, and a weight decay of 0.0005. The batch size was set to 16.
The models were trained to a maximum of 400 epochs. During
training, they stopped early via the early-stopping rule [27], with
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Table 1
YOLOv11 model variants and corresponding scaling parameters

Model variant d (depth multiple) w (width multiple) mc (max channels)

n (nano) 0.50 0.25 1024

s (small) 0.50 0.50 1024

m (medium) 0.50 1.00 512

l (large) 1.00 1.00 512

x (extra-large) 1.00 1.50 512

a patience of 50 epochs. This was done to avoid overfitting based
on the validation mean average precision (mAP) [28].

In addition to making the models more robust, the usual
YOLOv11 techniques of mosaic, flip, scale (with 20% change),
and photometric transformations (hue, saturation, value) were
implemented for the data augmentation. The images were nor-
malized with the ImageNet values of the mean and the standard
deviation.

Model performance was tested using mAP. The principal
assessment metric was mAP@0.5:0.95 because it evaluates local-
ization and recognition correctly in diverse overlap thresholds [29].
It considers Intersection over Union (IoU) thresholds ranging
between 0.5 and 0.95 [30].

We tracked mAP@0.5:0.95 on the validation set throughout
training to guide the process and select the best checkpoint for
each model variant. These top-performing checkpoints were then
used on the held-out test set for reporting final results.

4. Results and Discussion

After the training process, we conducted a thorough assess-
ment of all 25 YOLOv11 model configuration variants on the
given test subset of the dataset. Each configuration represented a
different model variant and input image resolution pair. To give
an objective assessment of model performance, we used several
key evaluation measures.

The measure of quality of the segmentations was
mAP@0.5:0.95, which averaged over the over-segmented IoU
thresholds from 0.5 to 0.95 at step size 0.05. This measure
calculates the capability of models to segment objects properly
while identifying the degree to which the objects are segmented
and over which segmented areas are classified accordingly, and
hence, they are a de facto standard for evaluating object detection

and segmentation metrics. The larger the mAP values, the more
accurate and reliable the segmentation results are.

Other than accuracy, we needed to compare the inference
speed of all configurations, especially for real-time systems like
automatic train control systems. We did this by comparing the
average processing time to process one image on an NVIDIA
RTX A5000 GPU. All experiments were executed with the same
hardware and software environment to enable equitable compar-
isons. These are the figures that give us a clear indication of how
each of these configurations would perform on challenging timing
platforms.

We also measured the computational complexity of each
design by estimating the theoretical floating-point operations
(GFLOPs). The metric counts the amount of arithmetic computa-
tion for a one-pass forward pass through the network. GFLOPs is
not a direct function of hardware optimization or memory access
patterns but is a reasonable proxy for model complexity and the
processing unit load anticipated.

All of the metrics of evaluation for the different configura-
tions are listed in Table 2. This gives an easy-to-view and concise
perception so that it becomes easy to compare the different con-
figurations and recognize the best compromise between accuracy,
speed, and computational cost.

One should realize that the inference time of the image
is not always precisely equal to the theoretical computational
complexity in GFLOPs. This is primarily a measure of the
extraordinary character of the hardware on which the mod-
els are run. Even though GFLOPs gives a rough estimate of
the number of operations that the model is performing in one
forward pass, it does not consider optimizations like mem-
ory locality of access, hardware-level parallelization capability,
or software-level optimizations like layer-level fusion and mixed
precision.

Table 2
Comparison of YOLOv11 сonfigurations

Model variant Resolution Layers Parameters (M) GFLOPs Segmentation time (ms) mAP 0.5–0.95

640 × 640 10.40 8.2 0.429
960 × 960 23.41 14.5 0.562

YOLOv11n 1280 × 1280 355 2.85 41.62 24.6 0.644
(nano) 1600 × 1600 65.03 36.5 0.682

1920 × 1920 93.64 55.2 0.707
640 × 640 35.69 10.7 0.480
960 × 960 80.30 20.9 0.592

YOLOv11s 1280 × 1280 355 10.10 142.76 35.3 0.667
(small) 1600 × 1600 223.06 52.6 0.712

1920 × 1920 321.20 80.9 0.729
(Continued)
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Table 2
(Continued)

Model variant Resolution Layers Parameters (M) GFLOPs Segmentation time (ms) mAP 0.5–0.95

640 × 640 123.77 16.3 0.530
960 × 960 278.49 32.1 0.615

YOLOv11m 1280 × 1280 445 22.39 495.09 54.8 0.692
(medium) 1600 × 1600 773.58 84.0 0.731

1920 × 1920 1113.96 125.0 0.747
640 × 640 142.86 18.2 0.548
960 × 960 321.43 38.9 0.636

YOLOv11l 1280 × 1280 667 27.65 571.43 62.1 0.718
(large) 1600 × 1600 892.87 94.6 0.756

1920 × 1920 1285.73 137.4 0.772
640 × 640 319.97 27.0 0.560
960 × 960 719.92 53.2 0.650

YOLOv11x 1280 × 1280 667 62.10 1279.86 90.9 0.743
(extra-large) 1600 × 1600 1999.79 144.4 0.778

1920 × 1920 2879.69 213.4 0.795
As an example, some higher GFLOPs YOLOv11 configura-

tions still boasted faster inference times compared to more loaded
ones because of better GPU core utilization and better parallel
processing. Theoretical lower complexity models are not neces-
sarily going to be better in practice if their construction does not
optimize memory utilization or if they do not utilize available
computational resources to their full capacity.

These results highlight the importance of model testing
on the same hardware on which the models are to be run
because theory-based benchmarks do not necessarily reflect actual
performance.

To enable a clearer comparison of segmentation accuracy
across different model configurations, we also produced a plot
showing how segmentation accuracy (mAP@0.5:0.95) and input
resolution are correlated. This visualization enables comparison
of how different resolutions affect the performance of differ-
ent YOLOv11 configurations in detection accuracy. The result
plotted is shown in Figure 3.

The trends visualized in Figure 3 clearly demonstrate a
positive correlation between input resolution and segmenta-
tion accuracy (mAP) for all model variants, with diminishing
returns observed at the highest resolutions, especially for smaller

Figure 3
Impact of changing the input resolution on segmentation accuracy of various YOLOv11 models
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models (n, s). This underscores that increasing resolution is an
effective but computationally costly way to improve precision,
crucial for detecting small infrastructure details.

Also, in order to have better insight into inference rates of dif-
ferent configurations, we graphically displayed how segmentation
frame rate (frames per second, FPS) depends on input resolution,
which has been tested and verified on an NVIDIA RTX A5000
GPU. It clearly demonstrates how increasing the input resolution
impacts every model variant’s real-time behavior. The graph can
be found in Figure 4.

Figure 4 highlights the critical trade-off with inference speed.
The frame rate (FPS) drops exponentially as resolution increases,
particularly for the larger architectures (YOLOv11l, YOLOv11x).
For instance, while YOLOv11n maintains real-time performance
(more than 30 FPS) even at 1920 × 1920, YOLOv11x at the same
resolution falls below 5 FPS. This visualization is key for system
designers: it provides a direct map for selecting a configuration
that meets both the minimum accuracy threshold and the real-time
FPS requirement of a specific ATO system.

The comparison of the 25 YOLOv11 model configura-
tions revealed some clear trends. As expected, increasing the
input resolution always improved segmentation accuracy in all
model configurations. For example, the YOLOv11n (nano) model
improved from 0.429 mAP@0.5:0.95 at 640 × 640 to 0.707
mAP@0.5:0.95 at 1920 × 1920, and the YOLOv11x (extra-large)
variant achieved the highest score of 0.795 mAP@0.5:0.95 at
the highest resolution. But this accuracy gain was accompanied
by a significant rise in computational complexity and inference
time.

The computational cost, in the form of GFLOPs, and aver-
age frame-wise segmentation time both increased drastically with
model capacity and input resolution. YOLOv11n, the lightest
model, was the most time-efficient during processing, costing as

low as 8.2 ms per frame at resolution 640 × 640. But YOLOv11x,
with the highest accuracy, was much slower—going up to as
high as 213.4 ms per frame at the highest resolution. The
range, when measured in terms of GFLOPs, was extremely wide,
from a minimum of 10.4 GFLOPs for the smallest configura-
tion to an astounding 2880 GFLOPs for the largest and most
computationally intensive model.

In general, the results place in the spotlight the accuracy
vs efficiency trade-off: compact models like YOLOv11n and
YOLOv11s are adequate to fit into real-time tasks for low-
resource hardware, whereas larger models like YOLOv11l and
YOLOv11x are to be used whenever maximum achievable accu-
racy is to be attained and computation capability cannot be made
the priority.

All the configurations of the model generated visually correct
and consistent segmentation results in different scenes, delineat-
ing infrastructure features and obstacles distinctly. An example
of the same segmentation is present in Figure 5, where the
YOLOv11x model’s output is provided with an input resolution
of 1920× 1920.

The model accurately segments distinct instances of criti-
cal classes, such as railway tracks, vehicles, people, and traffic
signs, with well-defined mask boundaries. This pixel-wise pre-
cision is superior to bounding-box detection, as it allows for
exact calculation of an object’s area and position relative to the
train’s clearance gauge. However, a closer qualitative examination
also reveals common challenges: slight inaccuracies in the mask
edges for complex-shaped objects and potential difficulties in
segmenting objects that are far away or partially occluded. These
observations align with the quantitative mAP scores (less than 0.8)
and point to areas for further improvement, such as refining
the segmentation head loss function or incorporating temporal
information from video sequences.

Figure 4
Impact of input resolution on processing speed (frame rate) of YOLOv11 models
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Figure 5
Example of instance segmentation for railway infrastructure and obstacle detection

5. Conclusion and Future Work

This paper shows instance segmentation with YOLOv11 to
work well for railway infrastructure and possible hazard detec-
tion within ATO systems. We tested 25 model variants varying
network depth and input resolution. These results show that,
thanks to architectural upgrades in accuracy and quality of seg-
mentation masks with respect to previous versions, YOLOv11 is
able to provide a versatile and powerful framework that can be
finely tuned to match all the strict and varied requests coming
from ATO systems, going from lightweight, real-time perception
on limited hardware to accurate, fine-grained scene analysis for
crucial decision-making.

The tests also confirm that YOLOv11 offers reliable, pre-
cise scene understanding complemented by the necessary speed
for real-time autonomous systems. Such features make it a
promising contender for ATO systems, where high-quality per-
ception is important for intelligent and safe train operation,
especially at higher automation levels (GoA3 and GoA4). By
way of accurate object and infrastructure localization, YOLOv11
helps aid improved decision-making, which is vital for features
like obstacle avoidance, track monitoring, and dynamic route
calculation.

While the results are encouraging, several important limita-
tions of this work highlight clear paths for future development.
A primary challenge is hardware dependency. The reported infer-
ence speeds for larger configurations, especially YOLOv11x at
high resolutions, rely on powerful server-grade GPUs like the
NVIDIA RTX A5000. For actual deployment onboard trains,
we must adapt these models to far more constrained embed-
ded systems, such as NPU, Jetson, or TPU platforms, which
have strict limits on power and physical space. This transition
will require a thorough reassessment of the accuracy, latency,
and computational cost trade-offs we observed. A key next step
will be to build a detailed multi-objective Pareto front that bal-
ances accuracy, latency, and power use specifically for these target
hardware platforms. Techniques like kernel fusion and INT8
quantization will be crucial in this search for viable onboard
configurations.

Another area for improvement concerns our dataset.
Although diverse, its 20,000 images are primarily from Russian
railways. This geographical focus means the model may not gener-
alize well to other networks with different signage, infrastructure,
or operational standards. To build a more robust system, the
dataset should be expanded to include examples from a wider

variety of regions and, critically, more rare edge-case scenarios
like complex obstructions or extreme weather. Developing effi-
cient adaptation protocols will be key to enabling this broader
generalization.

Furthermore, while we included various environmental con-
ditions, a deeper, condition-specific analysis is needed. We plan to
conduct granular benchmarking to measure performance degra-
dation precisely in severe adverse conditions, such as heavy rain,
dense fog, or pitch-dark nights. This analysis will inform the
creation of better data augmentation strategies or even condi-
tionally adaptive models that maintain reliability when it matters
most.

On the architectural front, there is room to enhance model
robustness. Investigating more advanced neck designs, like specific
FPN variants, and incorporating multi-scale attention mecha-
nisms could significantly improve handling of partial occlusions
and dense, cluttered scenes. Additionally, integrating domain
knowledge, such as topological priors from rail graphs, could help
constrain predictions and improve the semantic consistency of
masks for downstream planning modules.

Finally, the choice of mask decoder itself presents an open
research question. Exploring next-generation decoders, including
those based on transformers or dynamic kernels, could reshape
the accuracy–latency trade-off, particularly at the high resolutions
needed for detecting distant objects. Tackling these interconnected
challenges, from hardware deployment and data diversity to archi-
tectural refinement, is a pressing necessity for advancing toward
a certifiable, real-world perception module capable of supporting
fully automated GoA4 train operation.
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