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Executive Summary 

A team of researchers in the College of Engineering at Michigan State University (MSU) in East 
Lansing, Michigan developed proof-of-concepts of multi sensor-modalities (multimodal) 
solutions for real-time detection of safety-related railroad events and objects. The team 
conducted the research between September 2023 to March 2025.  
 
The MSU team developed key components of multimodal solutions that rely on advanced deep 
learning methods and utilize object detection approaches to demonstrate the feasibility of real-
time detection of objects and events that could represent major safety issues for moving trains. 
They developed and integrated different software and hardware platforms that are based on state-
of-the-art sensor technologies and deep learning solutions.  Detected objects could be vehicles, 
people, or both trespassing on a railroad track, or they could be hazardous objects such as falling 
rocks obstructing a moving train. The team developed multiple deep-learning based software 
algorithms that demonstrate the feasibility of a robust real-time railroad object detection safety 
system. The project also integrated automotive-grade lidars and cameras, which are used by 
Autonomous Vehicles (AVs) and Advanced Driver Assistance Systems (ADAS), with deep 
learning-based object detection solutions to demonstrate the feasibility of achieving high levels 
of object detection accuracy and robustness under challenging weather conditions.  Using 
automotive-grade sensor technologies can lead to significant savings in cost for the railroad 
industry while enabling the deployment of accurate real-time detection solutions that have been 
improving over the past decade, and which continue to improve as new sensors, deep learning 
architectures, and other AI solutions emerge. 
 
This report covers the design options of the corresponding multimodal solutions that were 
considered by the MSU team. The report also presents the performance results of different 
aspects of these solutions and their core components in terms of two main performance criteria: 
(1) speed (i.e., execution time) and (2) accuracy in terms of a system’s precision to detect 
objects. Achieving both objectives, real-time execution and high-levels of accuracy, represent a 
major challenge for current deep learning-based object detection solutions. The best available 
object detectors tend to be quite complex and cannot run in real-time even when using powerful 
computers or servers. Meanwhile, popular object detectors that can run in real-time suffer from 
lower accuracy relative to the performance of more accurate high-complexity detectors. 
Consequently, one of the major challenges that the MSU team had to solve was improving the 
accuracy of real-time object detectors while maintaining their low complexity for viable real-
time operations.  
 
The MSU team faced another major challenge related to lack of railroad datasets, which are vital 
for performing supervised learning of deep learning-based object detectors. To address this 
major issue, the MSU team developed a three-prong strategy to execute the project and complete 
the team’s major milestones in a timely manner. This three-prong strategy consisted of three 
paths pursued by the MSU team in parallel: (1) Exploiting publicly available datasets from the 
autonomous vehicle industry and research communities to train and test a broad range of low- 
and high-complexity object detectors. (2) Deploying MSU’s existing AV platform, which is 
equipped with earlier generations of lidars, to collect sensor data under challenging weather 
conditions such as rain and snow. This provided vital data for training and testing leading object 
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detectors under these challenging conditions. (3) Integrating Next Generation (NG) automotive-
grade lidar technology into a new multimodal system, which plays a significant role as a proof-
of-concept in assessing the levels of improvements that can be achieved by deploying these NG 
high-resolution lidar sensors. 
 
In addition to developing the key components of multimodal lidar-camera object detection 
methods and related deep learning solutions, the MSU team pursued another major effort: 
cooperative perception. Cooperative perception utilizes vehicle-to-vehicle and vehicle-to-
infrastructure (V2X) solutions to enable trains, vehicles, and certain infrastructure locations to 
share sensor data to enhance the object detection performance of the overall system. The team’s 
effort in this area focused on the development of a low-complexity cooperative perception 
framework. 
 
The project made significant improvements to leading object detection solutions and 
demonstrated their effectiveness when integrated with the best available and NG automotive 
grade lidar sensor technologies. In particular, the project’s outcomes demonstrate the feasibility 
of: (a) operating advanced deep learning-based 3D object detectors using lidar sensors at around 
60 point-cloud frames-per-second (FPS), which is significantly faster than real-time, while 
maintaining accurate detections, (b) achieving high levels of detection accuracy in terms of 
Average Precision (AP) that can range between 80% for distant hard-to-detect objects to more 
than 90% AP for near easier-do-detect objects when operating in real-time under favorable 
conditions, (c) achieving both real-time speed at around 30 FPS and medium levels of accuracy 
that ranges between 40% to around 60% AP when operating under challenging weather 
conditions such as rain or snow, (d) achieving potentially-significant gains in accuracy when 
deploying NG lidars that can capture high resolution point-cloud frames, which can lead to both 
substantial improvements and changes in object detection solutions, and (e) improving accuracy 
under cooperative perception when multiple agents (trains, vehicles, infrastructure nodes, etc.) 
share and fuse their multimodal sensor data. 
 
While the team made significant progress in advancing object detection on railroad tracks, the 
project also demonstrates that further work is needed to develop a viable and comprehensive 
railroad safety system that can be installed in the field and on moving trains. In particular, there 
are further needs for: (a) deploying advanced NG high-resolution lidar sensors and cameras on 
moving trains, vehicles, and on critical points within the railroad infrastructure to collect 
multimodal data under diverse weather conditions that include rain, snow, and fog. (b) Labeling 
such diverse-weather data for training and testing supervised deep learning methods. (c) 
Developing advanced domain-adaptation techniques to improve the performance of current 
object detection solutions under challenging conditions. (d) Exploring the area of cooperative 
perception further, especially under challenging conditions and a broader range of heterogeneous 
scenarios. 
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1 Introduction 

A team of researchers in the College of Engineering at Michigan State University (MSU) in East 
Lansing, Michigan developed core components, software modules, deep-learning models, and 
integrated hardware sensors of multimodal solutions for real-time detection of safety-related 
railroad events and objects. The team started this project September 2023 and the project 
concluded March 2026. The developed solutions represent a combination of software and 
hardware platforms that are based on state-of-the-art sensor technologies and deep learning 
methods for the detection of objects and related events. 

1.1 Background 
The developed components and proof-of-concepts of the multimodal solutions rely on advanced 
deep learning methods and utilizes object detection approaches to demonstrate the feasibility of 
real-time detection of objects and events that could represent major safety issues for moving 
trains. Therefore, the primary motivation for developing the proposed solutions and related 
object detection technologies is addressing major railroad safety issues that include hazardous 
events such as falling rocks on railroad tracks, railroad crossings’ safety-violation events, and 
trespassing incidents, which are the leading cause of fatalities in the US for the railroad industry. 
Another important goal is to explore new hardware, software, and deep learning technologies 
that lead to viable and practical solutions for implementation in the field such as moving trains 
and critical points within the railroad infrastructure. 

1.2 Objectives 
To achieve these goals, the MSU team identified three key research objectives that guided the 
project since its inception: 
 

a) Object Detection in Real-time 
A key objective of the MSU team effort was to develop the ability of the pursued solutions 
to detect safety-related objects in real-time. Achieving this objective is critical for 
demonstrating the viability of the proposed solutions in terms of enabling realistic 
deployment on moving trains while in operation. 
 

b) Object Detection under Diverse Weather Conditions 
The proposed solutions should be able to operate and detect objects under any weather 
conditions, such as rain and snow, and not only under favorable weather, such as clear and 
sunny conditions. This is another critical objective for enabling viable and realistic 
deployment of practical solutions in the field. 
 

c) Object Detection using Next-Generation Automative-Grade Sensors Another key 
objective was to employ the best-available automotive-grade sensors. In that context, there 
are two operative subobjectives under this overall objective: “Next-Generation” and 
“automotive grade”. Sensor technologies are continuously improving, and it became 
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imperative to develop a system that exploits the best available sensor technologies 1. In 
particular, the latest trend in automotive grade laser-based sensors are high-resolution lidars 
that can capture significantly denser point clouds than earlier lidar sensors. We refer to 
these high-resolution laser sensors as Next-Generation (NG) lidars. The second 
subobjective under this overall objective is using automotive-grade sensors. This 
subobjective is quite critical for pursuing solutions that are cost effective, and which can be 
deployed by train operators broadly. 

1.3 Overall Approach 
The MSU team pursued a three-prong approach that represents three parallel yet interconnected 
efforts when conducting the project. Before describing this three-prong approach, it is critical to 
highlight the major challenges that shaped the team’s effort and influenced its overall approach. 
In particular, the team faced two major issues that needed to be addressed from the beginning of 
the project. 

1.3.1 Availability of Visual and 3D Lidar Point-Cloud Data 
The primary challenge encountered by the team from the very early stages of the project is the 
lack of railroad-related visual and 3D lidar data that can be used for developing viable object 
detection solutions. It is important to note that these solutions require massive amount of data for 
training supervised-learning based techniques including state-of-the-art deep learning algorithms. 
In addition, datasets capturing hazardous natural events such as falling rocks on railroad tracks 
are virtually nonexistent. 

1.3.2 A Three-Prong Approach 
To achieve the project’s primary objectives, development of real-time object detectors that can 
operate under challenging weather conditions using state-of-the-art and next generation lidar 
sensor technologies with advanced deep learning solutions, while addressing the main challenge 
regarding the lack of publicly available railroad-related lidar data the MSU team pursued a three 
prong approach that is illustrated in Figure 1. 
 
 
 
 
 
 
 
 
 
 
 
 

 
1 During the early stages of the project, it became clear that employing the best available sensor technology has its 

own challenges including issues related to procurement and availability. The MSU team identified this issue early 
on by following a three-prong plan as explained later in this report. 



 

5 

Figure 1. The three main subareas pursued by the MSU team for the development of  
real-time object detection methods for operation under adverse weather conditions. 

This three-prong framework enabled the team to pursue three development efforts in parallel, 
and hence, the team avoided significant delays for the completion of the project.  
 
Under this strategy, the team accomplished the three primary objectives of the project in parallel 
and completed the key milestones of the project in a timely manner. These three parallel paths 
are: 
 

a) Development of real-time 3D object detectors with improved accuracy using publicly 
available data from the autonomous-vehicle industry and research community. 
 

b) Development of robust 3D object detectors that can operate under challenging weather 
conditions using a dataset collected by the MSU team over four seasons (summer, spring, 
winter and fall). The MSU Four Seasons (MSU-4S) Dataset included challenging 
conditions such as rain and snow. 

 
c) Integration of state-of-the-art Next-Generation (NG) lidar sensor technologies and all 

necessary software and hardware modules into a multimodal system that was used to 
collect a new high-resolution lidar dataset. 
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The three parallel efforts are described in detail in the remainder of this report. 

1.4 Scope 
The MSU team explored, analyzed, and developed advanced deep learning methods and object 
detection approaches to demonstrate the feasibility of real-time detection of objects and events 
that could represent major safety issues for moving trains. The MSU team focused  on mobility 
and railroad-related objects that could be involved in safety-related obstructions, such as vehicles 
or people trespassing a railroad crossing. The researchers also focused on integrating 
automotive-grade lidars and cameras, which are readily deployed by Autonomous Vehicles 
(AVs) and Advanced Driver Assistance Systems (ADAS), with deep learning-based object 
detection solutions to achieve high levels of accuracy and robustness under challenging weather 
conditions. 

1.5 Organization of the Report 
Section 2 describes the development of a real-time object detection framework with improved 
Average Precision (AP) using publicly available data. Section 3 covers the research team’s  
effort in developing weather-resilient object detection using a novel domain adaptation 
framework. Section 4 describes a proof-of-concept prototype that integrates a NG, automotive 
grade, high-resolution lidar and an RGB camera. Section 5 describes cooperative perception and 
the proposed low-complexity framework that the MSU team developed for sharing and fusing 
multimodal sensor data. Section 6 covers ongoing research and proposed future directions that 
can be built on the outcome of this project. Finally, Section 7, which provides a summary of the 
major outcomes of the project. 
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2 Real-time Object Detectors’ Performance Results using Publicly 
Available Datasets 

The development of real-time object detectors with improved accuracy using publicly available 
data was a critical objective of this project from its early stages. Given the lack of railroad lidar 
data, the MSU team exploited the vast amount of data publicly available to the research 
community by leading AV companies such as Waymo. Despite the availability of such data, 
there were two challenges that needed to be addressed. First, the team needed to evaluate the 
execution time (or speed) of state-of-the-art deep learning-based object detectors. This evaluation 
led to the observation that the best available object detectors that exhibit the highest level of 
accuracy tend to be very complex and cannot run in real-time. 
 
On the other hand, many popular object detectors such as PointPillars, Voxel R-CNN, and 
SECOND can run in real-time, however, their accuracy is noticeably lower than the more 
complex detectors. Consequently, it became imperative to improve the performance of low-
complexity real-time object detectors to meet the two key objectives, real-time execution and 
higher accuracy. Therefore, the second challenge that needed to be addressed is how to improve 
the object detection accuracy of low-complexity detectors while maintaining its real-time speed. 
To address this challenge, the MSU team developed a novel new framework that enabled low-
complexity object detectors to learn from more advanced and more complex detectors during 
off-line training. We refer to this novel framework as SPARK, which is a knowledge distillation 
(KD) strategy where the complex more-accurate detectors act as teachers whereas the low-
complexity less-accurate detectors behave like students that need to learn from their 
corresponding teachers. The SPARK framework was built on prior state-of-the-art research in 
very broad areas including object detection, data collection, knowledge distillation, and related 
technologies [1]-[73]. 
 
Overall, the research team employed four state-of-the-art high-complexity object detectors as 
teachers and used them to teach four low-complexity object detectors (i.e., students) that can run 
in real-time or faster than real-time. The team employed four object detectors as teachers: 
VirConv (Virtual Sparse Convolution), PV-RCNN++ (Point-Voxel RCNN), TED 
(Transformation-Equivariant Detection), and CasA (Cascade Attention network). For the 
students, the team used four low-complexity detectors: SECOND, Voxel-RCNN, SECOND-IoU, 
and PointPillars. All these low-complexity detectors can run in real-time or faster than real-time. 
Here, the criterion for being real-time is achieving faster than 10 Frames-Per-Second (FPS) 
speed on a common Nvidia-GPU hardware platform. In practice, the speed must be higher than 
10 frames per second to leave room for other tasks to run on the same GPU platform. 
 
Figure 2 shows a summary of the results. As shown in the figure, the fastest detector is 
PointPillars, which can process and detect objects at almost 60 Frames Per Second (FPS). Using 
our distillation framework, i.e. SPARK, the team was able to improve PointPillars accuracy by 
more than 6%, which is quite significant, especially when considering that the baseline for 
PointPillars’ performance (without SPARK) was less than 47%. Here, accuracy is measured in 
Average Precision (AP) or AP with Heading (APH) information for the Waymo dataset. 
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Figure 2. The speed (FPS) and the maximum detection accuracy gain, in terms of AP  
or AP with Heading (APH) achieved due to the proposed SPARK framework among 

different detectors, classes, and datasets. 

In Figure 2, the blue bars represent the speed for a variety of state-of-the-art teachers and 
students object detectors. The red bars represent the maximum precision gain achieved by the 
student after applying a SPARK-based knowledge distillation from one of the teachers. SPARK 
can provide significant gains in AP/APH while maintaining the real-time speed of student 
detectors. Speeds are based on inference-time using an Nvidia 3090 GPU. 

2.1 Performance Results 
The MSU team used the KITTI dataset, which is the most popular dataset in the area of object 
detection, to train and evaluate the performance of the real-time object detectors considered in 
this study. The Average Precision (AP) results are shown in Table 1, which is divided into four 
major columns representing the four low-complexity real-time object detectors: SECOND-IoU, 
SECOND, PointPillars, and Voxel R-CNN. The table also shows the impact of the proposed 
real-time SPARK-based framework on improving the performance of these detectors. These 
results are based on employing three teachers: T1 (VirConv), T2 (TED), and T3 (CasA). There 
are three levels of difficulties for the objects that are being detected: Easy, Moderate, and Hard. 
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In general, these levels range from nearby objects that are easy to detect to faraway objects that 
are hard to detect. The Baseline performance represent the AP results without applying the 
SPARK framework. Overall, PointPillars, which is the least complex and fastest detector, 
benefits the most from the SPARK framework. SECOND and SECOND-IoU also improve their 
AP performance quite noticeably while both have faster than real-time speed at around 26 and 37 
FPS (Figure 2), respectively. 
 

Table 1. Object detection AP performance of four low-complexity real-time object 
detectors (students) with (and without) the proposed SPARK framework in 

conjunction with three high-complexity object detectors (teachers). 

Students  SECOND IOU SECOND PointPillars Voxel R-CNN 

 Easy Moderate Hard Easy Moderate Hard Easy Moderate Hard Easy Moderate Hard 

Baseline 91.54 82.37 79.63 90.55 81.61 78.61 87.75 78.41 75.19 92.38 85.29 82.86 

SPARK: 
S+T1 

93.38 85.28 82.87 92.14 84.68 81.83 90.96 81.60 78.38 93.53 86.18 83.64 

Δ (vs 
Baseline) 

+1.84 +2.91 +3.24 +1.59 +3.07 +3.22 +3.21 +3.19 +3.19 +1.15 +0.89 +0.78 

SPARK: 
S+T2 93.25 85.19 82.78 91.62 84.94 82.09 90.82 81.38 78.84 93.49 86.00 85.53 

Δ (vs 
Baseline) +1.71 +2.82 +3.15 +1.07 +3.33 +3.48 +3.07 +2.97 +3.65 +1.11 +0.71 +2.67 

SPARK: 
S+T3 

92.35 84.76 82.64 91.23 83.79 81.14 89.72 80.57 77.93 92.77 85.94 83.45 

Δ (vs 
Baseline) +0.81 +2.39 +3.01 +0.68 +2.18 +2.53 +1.97 +2.16 +2.74 +0.39 +0.65 +0.59 

 
Figure 3 provides a summary of the tradeoff between speed and AP accuracy for the different 3D 
object detectors evaluated. The red crosses represent the performance of low-complexity real-
time object detectors prior to applying the SPARK framework. For these real-time detectors 
(students) the blue circles represent their improved performance after applying SPARK. While 
PointPillars provides the least complex and highest speed option, it also has the lowest accuracy. 
Meanwhile, among the other three real-time detectors, Voxel-RCNN provides slightly higher 
accuracy than the two detectors (SECOND and PointPillars). The rail operator can determine the 
final selection for which object detector to deploy in the field. For example, operators who need 
to deploy low-complexity detectors that can run much faster than real-time but at the expense of 
some acceptable degradation in accuracy, they may choose SPARK-PointPillars because of its 
significantly higher speed than other detectors. Alternatively, operators who target the highest 
possible accuracy for real-time object detection, then SPARK-Voxel R-CNN would probably be 
their best choice. 
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Figure 3. The tradeoff between detection accuracy and speed for the 3D object                
detectors evaluated in this study. 

SPARK Deep-Learning Architecture 

Figure 4 shows the high-level architecture for the proposed SPARK framework. SPARK consists 
of three major parts. First, the research team trained an advanced high-complexity highly 
accurate teacher using a set of training data. This results in the teacher model. The team then 
used this pre-trained teacher model to generate pseudo-labels for training a low-complexity 
student model that can run in real-time. Finally, the team trained low-complexity student model 
(object detector) using the pseudo labels generated by the teacher model. This three-stage 
process improves accuracy of the student model. The novelty of knowledge distillation from the 
teacher to the student is rooted in a new loss function, Symmetrically Weighted Inter-Focal-loss 
from Teacher-to-student (SWIFT) loss function, introduced by the team. 
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Figure 4. Architecture and training pipeline of SPARK. 

As shown in Figure 4, SPARK consists of three steps. Under Step 1, a teacher model is trained. 
In Step 2, the teacher model generates pseudo labels (PLATS - Pseudo Labels for Augmented 
Training of a Student) that will be used for training the student. Under Step 3, the pseudo frames 
(yellow) with the (PLATS), and the original ground-truth frames/labels (green) are input into the 
student detector. The Region Proposal Network (RPN) applies the Symmetrically Weighted 
Inter-Focal-loss from Teacher-to-student (SWIFT) and Soft loss functions for Knowledge 
Distillation (KD). If the student supports a Region-of-Interest (RoI) network, KD is achieved 
through Soft loss functions. The grid cells of the RPN output with potential objects are shown in 
gray representing the teacher’s confidence score, while the black cells represent the ground-truth 
foreground. 
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3 Weather-Resilient Object Detectors’ Performance Results using 
the MSU-Four Seasons Dataset 

A primary research objective of this project is the development of object detection solutions that 
can operate under challenging weather conditions such as rain and snow. The accuracy of deep 
learning solutions in general, and object detectors trained under favorable conditions in 
particular, can degrade significantly when tested under other conditions. This phenomenon is 
known as the domain shift problem since the training data (source domain) covers a different 
domain than the test data (target domain). 

To achieve this research objective, the MSU team needed a comprehensive dataset that covers 
different challenging weather conditions. The lack of such data motivated the team to pursue a 
concerted effort to collect the MSU Four Seasons (MSU-4S) dataset [74], which was captured 
using an already available vehicle platform that is equipped with earlier generations of lidar 
sensors. The collection of the Four Seasons dataset provided much-needed data that enabled the 
team to move forward with meeting its objectives in a timely manner avoiding significant delays 
while pursuing the other critical path of acquiring and integrating the NG lidar sensor within the 
multimodal system that is described later in this report.  

Figure 5. Train-crossing images from the MSU-Four Seasons dataset. 

Figure 5 show sample images of the same train-crossing scene captured under different seasons 
and weather conditions. In Figure 6, the lower image shows a lidar point cloud frame from the 
MSU-4S dataset with ground-truth bounding boxes (red for vehicles and green for pedestrians). 
The upper image shows the lidar samples superimposed over the corresponding RGB picture 
captured by the MSU-4S multimodal system. 

With availability of the MSU Four Seasons data, the team developed a novel weather-resilient 
object detection framework that addresses the domain shift problem between the performance of 
object detector models trained and tested under favorable weather (e.g., sunny or summer data) 
and the performance of the same model but tested under challenging weather such as rain or 
snow. In particular, the MSU team developed a novel framework referred to as WISDOM 
(Weather-driven and IntenSity Distribution-based Object Modulation). Under this framework, 
favorable weather (source-domain) lidar data are transformed into challenging weather (target-
domain) lidar data using a modulation function. The modulation function is derived from actual 
source and target domain probability distributions. This strategy provided significant gains 
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relative to the baseline performance as shown in Table 2. The table shows the performance when 
the baseline object detector model (without WISDOM) and the WISDOM models for snow and 
rain are tested under snowy and rainy conditions, respectively. WISDOM represents a departure 
from prior work in weather-related detection, which was traditionally built on numerous other 
works in domain adaptation, 3D object detection, and simulation-based and physics-based 
LiDAR data transformation [75]-[174]. 

Figure 6. A multimodal lidar-camera scene from the MSU Four Seasons dataset  
captured under snowy winter conditions. 

As shown in Table 2, the impact of the WISDOM framework could be quite significant on the 
Average Precision (AP) performance of the two popular object detectors, Voxel R-CNN and  
PV-RCC++, when tested under snowy and rainy conditions. In these tables, the baseline model 
implies the object detector was trained using the favorable weather (sunny) conditions. It is 
important to note that WISDOM-snow and WISDOM-rain represent two different models that 
were trained using two different modulating functions. For example, the WISDOM-snow model 
was based on a modulation function that was derived using both favorable weather (with ground 
truth labels) and snowy data (with pseudo labels). Moreover, WISDOM can achieve significant 
gains in AP performance. As an example, and relative to the baseline performance (without 
WISDOM), the WISDOM-based rain model can achieve more than 18% in AP gain for the 
pedestrian class. This level of performance is quite significant and encouraging, and it can open 
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the door for further improvements by combining the WISDOM framework with other solutions 
that address the domain shift problem. 

Table 2. The impact of the WISDOM framework on the Average Precision (AP) 
performance of two popular object detectors (Voxel-RCNN and PV-RCNN++) when 

tested under (a) Snowy and (b) Rainy conditions. 

a) Detectors’ models 
tested on Snowy 
Conditions 

Car Pedestrian Bike 
 

Voxel-RCNN (baseline) 21.02 29.49 22.49 

+ WISDOM-snow (Δ) +2.98 +16.38 +5.89 

+ WISDOM-rain (Δ) +3.63 +18.67 +5.33 

PV-RCNN++ (baseline) 23.46 42.68 14.73 

+ WISDOM-snow (Δ) +3.15 +6.36 +6.29 

+ WISDOM-rain (Δ) +0.29 +7.91 +7.30 

 
b) Detectors’ models 

tested on Rainy 
Conditions 

Car Pedestrian Bike 
 

Voxel-RCNN (baseline) 16.51 33.52 2.67 

+ WISDOM-snow (Δ) +1.53 +9.48 +4.79 

+ WISDOM-rain (Δ) +2.91 +8.54 +4.55 

PV-RCNN++ (baseline) 20.62 40.23 2.41 

+ WISDOM-snow (Δ) +0.52 +3.25 +2.59 

+ WISDOM-rain (Δ) +2.52 +5.44 +4.43 
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4 Next-Generation Lidar Hardware and Software Integration and 
Performance Testing 

One of the primary objectives of the project has been the evaluation of the performance of Next-
Generation (NG) automotive-grade lidar sensors in the context of 3D object detection. These NG 
lidars can capture much higher-resolution 3D point-cloud frames when compared with earlier 
lidar technologies. Specifically, NG lidars are built using 1550nm laser technology, and hence 
these lidars can produce densely sampled data. With the higher point density, very fine features 
at unprecedented levels of details can become detectable or recognizable, whereas the same 
information were virtually impossible to discern by previous lidar systems. With NG lidars, and 
at maximum data density, even the text on signs is visible, opening new possibilities for new 
detection capabilities.  
 

Figure 7. (Top left) high-resolution 3D point-cloud frame of a railroad-crossing scene 
captured by a Next Generation (NG) lidar used by the MSU team. (Top right) The fusion  

of the lidar point-cloud frame with the corresponding RGB camera frame. (Bottom) A 
zoomed-in version of the same scene illustrating the high-resolution features captured  

by the lidar to the extent that one can read the text “STOP” on the traffic sign at  
the railroad crossing. 
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Figure 8. Point-cloud 3D lidar frames captured by different lidar sensors at  
different temporal frame rates of the same location around a railroad crossing. 
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In Figure 8, the lidar frames are fused with the corresponding RGB camera images. The top 
image of the figure shows a lidar frame captured by an 850nm wavelength lidar sensor at 10 
frames/second (10 Hz). The middle and bottom images in Figure 8 show two lidar frames 
captured by a 1550nm lidar sensor at two different frame rates, 10 Hz and 1 Hz, respectively. 
The difference in sample density and resolution is quite clear between the two lidar sensors. 
 
After evaluating and assessing different features and capabilities of state-of-the-art lidar sensors, 
the MSU team selected the Luminar Iris 1550nm lidar. The team integrated the Luminar sensor 
with a state-of-the-art camera into a multimodal system that provided impressive performance in 
terms of sample density and high-resolution data. Figure 7 shows examples of the data captured 
by this NG lidar based system. These examples clearly show the high-density and resolution of 
this NG lidar to the extent that some text of traffic signs can be read rather easily by viewing the 
lidar point-cloud frame, which is an unprecedented capability that was not feasible by using prior 
automotive-grade lidar sensor technologies. 
 
The MSU team employed the new multimodal system to capture a new set of data at different 
locations around the MSU campus including at railroad crossings and railroad tracks. The team 
then used this new data for testing the SPARK-based 3D object detector they developed. It is 
important to note that the team trained the SPARK-based PointPillars detector, which can 
operate in real time, using other publicly available datasets and not the new multimodal data 
captured by the new Luminar lidar. Therefore, the training data was very different from the 
testing data in this case. Despite a significant domain-shift between the training data and testing 
data, the SPARK-based PointPillars object detector was able to detect many objects in the scenes 
that were used for testing. This successful outcome is attributed to both the robustness of the 3D 
object detector and the high-resolution of the new data captured by the Luminar lidar. 

Figure 9. High-resolution point-cloud frame captured by the Luminar lidar and the  
results for applying a SPARK-based Point Pillars object detector onto the scene. 
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5 Cooperative Perception using Connected Vehicle Technologies 

The accuracy of object detectors is inherently constrained by the coverage provided by the sensor 
data captured at a given location and the visible surroundings of that sensor’s vantage point. In 
other words, an object detector can only detect objects that are within the field-of-view of its 
sensors. Meanwhile, there are many safety-critical scenarios where objects or events are not 
within the field-of-view of the sensor, or they might be occluded by other objects that are within 
the field-of-view of the scene. In such situations, connected vehicle technologies can play a 
crucial role in enhancing the object detectors’ capabilities in terms of improving their perception 
accuracy. In particular, Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) 
capabilities can improve the operational capabilities of vehicles’ perception and understanding of 
their surroundings, effectively expanding the detection range by incorporating data from other 
vehicles or from certain locations within the infrastructure. Collectively, known as V2X 
solutions, vehicle connectivity technologies enable an ego vehicle which is the vehicle under 
consideration, to receive sensor data and information from other nearby vehicles or from a set of 
sensors installed within the infrastructure to complement its own sensor information. 
 
For this project specifically, V2X can provide earlier warnings to other trains and to emergency 
personnel about potential hazards or obstacles obstructing a moving railroad vehicle. Besides this 
capability, MSU researched applications that go beyond basic message-based standards such as 
those defined in SAE J2735. They pursued novel approaches for sharing sensor and processed 
perception data either among mobile vehicles or between vehicles and stationary platforms 
within the infrastructure. The sharing of sensor information and detection data among different 
vehicles and infrastructure locations is emerging as an important area of research known as 
cooperative perception or collaborative perception 2. In that context, the different cooperative 
perception entities, i.e., connected vehicles and infrastructure platforms that are cooperating, are 
known as agents. 
 
 
 

 

 
 
 
 

 
2 Cooperative perception and collaborative perception are two expressions that are used interchangeably in the 

literature. We also use these two expressions interchangeably in this document. 
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Previous research pursued in this area focused mainly on sharing raw data or using basic 
compression techniques. On the other hand, deep learning frameworks offer the capability of 
sharing deep features, which tend to be compact representation of the scene and objects within 
that scene. This can be thought of as feature-based compression and fusion among cooperating 
and connected vehicles and infrastructure nodes. This form of feature-based cooperative 
perception could potentially be used directly by compatible object detectors used by different 
agents without the need to convert the deep features back into the original data, which can 
potentially reduce perception latency. It is worth noting that reducing latency is an important 
goal in any system that is safety critical. Furthermore, novel compression techniques suited for 
cooperative vehicles’ and infrastructure platforms’ perception may alleviate much of the 
increased bandwidth requirements; without compression, raw sensor data would require massive 
amounts of bandwidth, which in turn complicates the selection of appropriate wireless 
technology that can be used to implement cooperative perception. 
 

5.1 Faster HEAL: A New Framework for Cooperative Perception 
As explained above, cooperative perception is a promising paradigm for improving situational 
awareness by overcoming the limitations of single-agent perception. However, most existing 
approaches assume homogeneous agents, that is agents that have the exact set of sensors, using 
the same object detectors, and virtually the same sensor configurations. This homogeneous-
agents assumption restricts the applicability of cooperative perception in real-world scenarios 
where vehicles and infrastructure nodes usually use diverse sets of sensors and perception 
models. Such heterogeneity introduces a feature domain gap that degrades detection 
performance. Bridging the feature domain gap among heterogeneous agents is therefore essential 
for building robust and safety-critical cooperative perception systems suitable for real-world 
autonomous driving. 
 
Prior research on heterogeneous collaborative perception can broadly be categorized into two 
approaches. The first approach seeks to close the domain gap by retraining parts of the ego-
vehicle or neighboring agents’ models to project features into a unified feature space. In 
particular, the HEterogeneous ALliance (HEAL) approach consists of two phases: an initial 
phase during which the ego vehicle and other homogeneous agents are trained using a traditional 
cooperative perception strategy, and a second phase where new agents are introduced and are 
required to retrain their encoders among other parts of the model to project the input data into the 
unified feature space. While effective, this strategy poses practical challenges: retraining is 
required for each newly introduced agent type, which is infeasible for real-time deployment and 
may compromise both vehicle privacy and single-agent perception performance. Since most 
autonomous driving stacks are proprietary, sharing internal parameters or retraining on private 
data is often impractical. The second approach introduces feature interpreters to translate or align 
heterogeneous features across agents, thereby preserving single-agent performance and 
protecting model confidentiality. However, these interpreter-based methods typically rely on 
larger, more computationally expensive models and still require retraining or storage expansion 
whenever new heterogeneous agents join the system. These limitations highlight the need for 
approaches that can efficiently generalize to unseen agents while maintaining accuracy, privacy, 
and computational efficiency. 
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To address the above limitations of state-of-the-art cooperative perception strategies, the MSU 
team propose Faster-HEAL, a heterogeneous cooperative perception framework that efficiently 
bridges the semantic domain gap between heterogeneous agents while preserving privacy and 
maintaining significantly higher computational efficiency relative to the original HEAL method. 
Our approach, which deploys the initial stage of HEAL, introduces a novel lightweight 
interpreter for feature transformation (LIFT) in the second phase of the architecture. In 
particular, LIFT aligns intermediate features from newly joining neighbor agents with the unified 
feature space of the ego agent. 
 
Therefore, Faster-HEAL is trained in two stages. During the first phase, the ego agent is trained 
on a homogeneous collaborative perception base to construct a unified feature space and fusion 
model. This phase, which is common between HEAL and Faster-HEAL, provides significant 
gain in AP performance when compared with the AP performance when different agents operate 
without any collaboration. 
 

Figure 10. Overview of Faster-HEAL. 

As shown in Figure 10, under Faster-HEAL’s Phase 1, a Homogeneous Base Training constructs 
a unified feature space using pyramid fusion and trains the detection head on collaborative data 
from homogeneous agents. Under Phase 2, for each new heterogeneous agent type, the team 
froze the pretrained encoder, pyramid fusion, and detection head, and trained a lightweight 
feature aligner and visual prompts to map its intermediate features into the unified space. This 
design ensures low training cost, preserves the privacy of participating agents by requiring only 
their intermediate features, and enables scalable heterogeneous collaboration. In this framework, 
LiDAR is used for homogeneous agents, while camera or LiDAR could be used for new 
heterogeneous agents. 
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To evaluate the performance of the proposed Faster-HEAL framework, the team conducted a 
comprehensive set of experiments using the OPV2V-H 3 dataset and showed that Faster-HEAL 
achieves state-of-the-art detection performance with significantly lower computational overhead, 
offering a practical solution for scalable heterogeneous collaborative perception. Table 3 shows 
the performance impact of cooperative perception in terms of APAP for different object 
detectors and sensor configuration models using the homogeneous phase of Faster-HEAL 
frameworks. For example, in Table 3, Agent M1 uses a 64-laser beam lidar and the popular 3D 
object detector PointPillars whereas Agent M2 employs an RGB camera with 384x768 resolution 
images and a 2D object detector EfficientNet. These results are shown for two Intersection-over-
Union (IoU) criteria, IoU-50 and IoU-70 that correspond to performance results AP50 and AP70, 
respectively. The “Single Agent” column shows the AP performance without cooperative 
perception. The “Homogeneous Collaborative Perception” column shows the performance when 
two agents using the same sensor and object detector models collaborate with each other. 
 

Table 3. The performance impact of cooperative perception in terms of AP for 
different object detectors and sensor configuration models using the homogeneous  

phase of HEAL and the proposed Faster-HEAL frameworks. 

Agent Model 
ID 

Agent Sensor(s) 
& Object 
Detector/ 
Backbone 
Models 

AP50 

Single Agent 

AP50 

Homogeneous 
Collaborative 
Perception 

AP70  

Single Agent 

AP70 

Homogeneous 
Collaborative 
Perception 

M1 64-channel 
LiDAR 

0.83 0.95 0.72 0.91 

PointPillars 

M2 Camera with 384 
x 768 images 

0.34 0.61 0.18 0.43 

EfficientNet 

M3 32-channel 
LiDAR  

0.76 0.91 0.66 0.86 

SECOND 

M4 Camera with 336 
x 672 images 

0.28 0.51 0.11 0.32 

ResNet-50 

 

 
3 OPV2V is an open dataset for Vehicle-to-Vehicle cooperative perception. The original OPV2V dataset contains 

more than simulated 11K frames and more than 232K annotated 3D vehicle bounding boxes.  The dataset was 
collected from 8 towns in CARLA and a digital town of Culver City, Los Angeles. OPV2V-H complements the 
original dataset with supplementary data and more diverse set of sensor configurations. 
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During the second phase of Faster-HEAL, the lightweight interpreter LIFT is trained to map new 
heterogeneous agents' features into the unified feature space without retraining any other model 
components. This design preserves the privacy and single-agent accuracy of newly added agents, 
avoids costly retraining and storage overhead, and enables scalable deployment. By leveraging a 
unified feature space together with a parameter-efficient lightweight interpreter, Faster-HEAL 
mitigates the performance degradation typically observed in heterogeneous collaborative settings 
while maintaining computational feasibility. 
 
The MSU Research Team leverage visual prompts as the core mechanism for feature 
interpretation. Analogous to language prompts, visual prompts guide the model by emphasizing 
task-relevant information in the feature representation. Specifically, the team reused: (a) each 
new agent’s encoder and backbone that have been trained under a single-agent scenario, along 
with (b) the pretrained pyramid fusion module and detection head of the ego agent, and train 
only the vision prompt parameters to align heterogeneous features. By freezing all pretrained 
components, our approach preserves single-agent detection accuracy and protects the privacy of 
newly introduced agents. Although naively training visual prompts can be computationally 
expensive due to their high dimensionality, the team design a low-rank prompt representation 
that reduces the number of trainable parameters by an order of magnitude, significantly 
improving training efficiency. 
 
Consequently, the key capabilities and contributions of the proposed cooperative perception 
Faster-HEAL framework are: 
 

1. Faster-HEAL introduces a lightweight feature interpreter (LIFT) for newly emerging 
heterogeneous agent types, enabling single-stage feature alignment with the ego agent’s 
unified feature space.  Only a visual prompt is fine-tuned for each new agent type with a 
different modality. Hence, the ego agent only requires intermediate features from 
collaborators, allowing each vehicle to keep its sensor configuration and model 
parameters private. 
 

2. By introducing low-rank visual prompts, our approach achieves fast and accurate feature 
adaptation while minimizing the number of trainable parameters. Moreover, the method 
reduces training computation cost by an order of magnitude and requires the ego agent to 
store only the visual prompts corresponding to different agent types. 
 

3. The team conducted extensive experiments that show that Faster-HEAL significantly 
reducing computational overhead by at least 90% while suffering no degradation in 
accuracy. In fact, they showed that Faster-HEAL not only does not degrade the AP of the 
original HEAL approach, but it improves the AP by at least 3%. The significant reduction 
in computational cost is achieved while representing a practical step toward scalable and 
privacy-preserving collaborative perception in real-world autonomous driving. 

 
Table 4 shows the performance results of Faster-HEAL in comparison with other state-of-the-art 
cooperative perception methods including the original HEAL framework. These results are based 
on employing agent M1 as the ego agent, which is the same agent shown in Table 3, and which 
deploys a 64-laser beam lidar and PointPillars as an object detector. Other agents, M2, M3, and 
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M4, were introduced sequentially to the system. Hence, the column (+M2) in the table represents 
the performance when the ego vehicle (M1) adds the perception information provided by the new 
agent M2. Then, the column +M3 represents the performance when the ego agent further adds 
the information from the new agent M3 in addition to the already received information from M2. 
Hence, +M3 represents the fusion of three deep features’ vectors (M1+M2+M3). Similarly, +M4 
represents the fusion of four features’ vectors (M1+M2+M3+M4). The “No Fusion” row shows 
the AP results for the ego agent (M1) when no cooperative perception is used. By adding a new 
agent (+M2) to the ego agent (M1) clear AP improvements can be achieved for all cooperative 
perception approaches. Further gains can be observed by adding a third agent (+M3) to the 
system. Adding a fourth agent (+M4) can also lead to some improvements. However, the gain in 
performance tend to saturate as further new agents cannot provide much of new information that 
the system already has. By comparing the proposed framework with other state-of-the-art 
approaches shown in the table, Faster-HEAL outperforms all other methods including HEAL 
under all scenarios while maintaining very significant reduction in complexity. For example, 
Faster-HEAL can reduce training complexity by 99% in terms of the number of parameters that 
need to be retrained when adding the new agent M2 to the system in comparison with the 
original HEAL architecture. 
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Table 4. Comparison of Faster-HEAL with other state-of-the-art cooperative 
perception methods including the original HEAL framework. 

Approach 

 

Based on  

M1 

Model as the 
Ego Agent 

(see Table 3) 

 

 

 

 

Average Precision 

 

Minimum 

Intersection-over-Union 

IoU = 50 

 

AP50 

 

The higher the number the 
better (↑) 

Average Precision 

 

Minimum 

Intersection-over-Union 

IoU= 70 

 

AP70 

 

The higher the number 
 the better (↑) 

Model Complexity 

 

 

Number of Training 
Parameters 

(in millions) 

 

 

The smaller the number the 
better (↓) 

New Agent 
→ 

+M2 +M3 +M4 +M2 +M3 +M4 +M2 +M3 +M4 

No Fusion 0.748 0.748 0.748 0.606 0.606 0.606 / / / 

Late Fusion 0.775 0.833 0.834 0.599 0.685 0.685 / / / 

F-Cooper  0.778 0.742 0.761 0.628 0.517 0.494 30.70 39.59 49.22 

DiscoNet  0.798 0.833 0.830 0.653 0.682 0.695 30.80 39.67 49.29 

AttFusion 0.796 0.821 0.813 0.635 0.685 0.659 30.78 39.60 49.22 

V2X-ViT  0.822 0.888 0.882 0.655 0.765 0.753 36.17 44.99 54.62 

CoBEVT 0.822 0.885 0.885 0.671 0.742 0.742 33.24 42.05 51.68 

HM-ViT  0.813 0.871 0.876 0.646 0.743 0.755 47.71 65.08 83.34 

HEAL  0.826 0.892 0.894 0.726 0.812 0.813 15.01 1.08 1.91 

Faster-
HEAL (ours) 

0.893 0.930 0.927 0.797 0.863 0.857 0.113 0.113 0.113 

Improvement 
w.r.t. HEAL 

↑ 0.067 ↑ 0.038 ↑ 0.033 ↑ 0.071 ↑ 0.051 ↑ 0.044 ↓ 99.2% ↓ 89.5% ↓ 94.1% 
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6 Ongoing Research Effort and Future Work 

While the team made significant progress as highlighted above, they also concluded that several 
areas need continued efforts and further work to develop a viable railroad safety system that can 
be installed in the field and on moving trains. The team identified several areas for further 
research that could be pursued as a follow-up to the current project. 

6.1 Generative Models for Railroad Data 
The lack of railroad related datasets was a major challenge for this project. This motivated the 
team to explore emerging foundational models to generate railroad data that could be used for 
training deep learning neural networks that can be deployed for railroad safety systems. The use 
of such data is motivated by the fact that scene perception algorithms for image classification, 
object detection, and semantic segmentation require massive datasets for training, validation, and 
testing. Hence, the lack or scarcity of real railroad data makes it necessary to employ novel 
approaches for generating new data using emerging generative models. Image segmentation is of 
particular interest, as a properly segmented scene provides far more granular scene 
understanding than bounding box or whole image labels. However, the railroad domain has 
limited public data available, leading to much more limited research and development of 
computer vision applications in this area. Synthetic datasets have been used in other applications 
to mitigate the dearth of data, and with modern open-source image generation techniques now 
widely available, the question remains not if, but how, these new techniques can be used to fill 
the gap. To that end, the team developed a methodology for leveraging a pre-trained diffusion-
based image generation network to create training data targeted at railroad domains for image 
segmentation networks, using limited amounts of real-world data. In particular, the MSU team 
integrated two generative-models’ tools: ControlNet and Low-Rank Adaptation (LoRA). The 
team refers to the integrated model as the Joint Augmented Controlnet-LoRA (JACL) 
framework.  The first neural network tool, ControlNet, works as an extension to a large 
generative model, more specifically Stable Diffusion. In that context, ControlNet provides a 
mechanism for guiding (or controlling) the large generative model to create content that is 
influenced by visual prompts such as images rather than simple text input. This provides a 
platform for dictating certain structure of the output content, which can influence the shape and 
layout of the generated visual data. 
 
LoRA is a highly efficient fine-tuning tool that can be employed with generative models (e.g., 
Stable Diffusion or Large Language Models – LLMs). LoRA’s efficiency is achieved by freezing 
the massive number of weights and parameters of the base generative model while adding a very 
small "low-rank" neural-network layers for further training and fine-tuning of the model. This 
eliminates the need for retraining a massive amount of model parameters and weights while 
retraining the model to perform a specific task of interest. This strategy reduces computational 
complexity, storage size, and training time rather significantly. And at the same time, LoRA 
enables rapid retraining and customization of the model to focus on a certain application domain, 
which in this case railroad data. Using a Joint Augmented Controlnet-LoRA (JACL) framework, 
we both bias the network towards our target-application domain (i.e, railroad) while enabling 
precise control of output generation using pre-defined image segmentation masks as input, which 
then become the ground truth segmentation mask for the output image. So far, the team 
demonstrated that this architecture could produce realistic railroad imagery, with additional 
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broad control over weather conditions and time of day, using simple text prompt modification. 
The next major objective is to demonstrate that the resultant data can be used to train image 
segmentation networks. Further details regarding this framework are provided in Appendix A. 
 

Figure 11. An example of synthetic rail domain data generated by the proposed  
JACL generative model. 

6.2 Comprehensive Dataset Collection and Annotation using Next-Generation 
Lidar-based System 

Under this effort, the MSU team aimed to achieve two major objectives: 
 

(a) Deploying advanced NG high-resolution lidar sensors and cameras on moving trains, 
vehicles, and on critical points within the railroad infrastructure to collect multimodal 
data under diverse weather conditions that include rain, snow, and fog. 

 
(b) Labeling the collected data under (a) above for training and testing supervised deep 

learning methods. This step is equally important to collecting the data itself since ground-
truth labels and annotations play a critical role for training, validation, and testing most 
deep-learning algorithms, especially those that are used by object detectors. 

6.3 Multimodal Domain-Adaptation 
Under future work, MSU team will aim to develop advanced domain-adaptation techniques to 
improve the performance of current object detection solutions under challenging conditions. The 
team made significant performance gains in terms of AP under the novel WISDOM framework 
developed, however, there is still room for improvements relevant to the oracle performance. 
Here, oracle performance is the system precision when the object detector is trained and tested 
on data collected under the challenging condition (target domain), such as snow or rain, and 
when ground truth labels are available for such data. 

6.4 Cooperative Perception under Challenging Weather 
Here, the team’s objective is to explore the area of cooperative perception further, especially 
under challenging conditions and a broader range of scenarios. The proposed Faster-HEAL 
improved the performance relative to the single-agent scenario. However, the results were based 
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on training and testing under normal (favorable) conditions, and no test was conducted under 
challenging conditions. 
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7 Conclusion 

Under this project, the MSU team developed key components of a proof-of-concept multimodal 
sensor system capable of real-time detection of safety-related railroad events and objects. The 
developed multimodal system’s components rely on advanced deep learning methods and utilize 
object detection approaches to demonstrate the feasibility of real-time detection of objects and 
events that could represent major safety issues for moving trains. One critical aspect of the 
project has been the integration of automotive-grade lidars and cameras, which are readily 
deployed by Autonomous Vehicles (AVs) and Advanced Driver Assistance Systems (ADAS), 
with deep learning-based object detection solutions to achieve high levels of accuracy and 
robustness under challenging weather conditions. Furthermore, they developed a cooperative 
perception system, Faster-HEAL. Cooperative perception utilizes vehicle-to-vehicle and vehicle-
to-infrastructure (V2X) communications to enable trains, vehicles, and certain infrastructure 
locations to share sensor data to enhance the object detection performance of the overall system. 
 
The project made significant improvements to leading object detection solutions and 
demonstrated their effectiveness when integrated with the best available and NG automotive 
grade lidar sensor technologies. In particular, the project’s outcomes demonstrate the feasibility 
of: (a) operating advanced deep learning-based 3D object detectors using lidar sensors at around 
60 point-cloud FPS, which is significantly faster than real-time, while maintaining accurate 
detections, (b) achieving high levels of detection accuracy in terms of AP that can range between 
80% for distant hard-to-detect objects to more than 90% AP for near easier-do-detect objects 
when operating in real-time under favorable conditions, (c) achieving both real-time speed at 
around 30 FPS and medium levels of accuracy that ranges between 40% to around 60% AP when 
operating under challenging weather conditions such as rain or snow, (d) potentially achieving 
significant gains in accuracy when deploying NG lidars that can capture high resolution point-
cloud frames, which can lead to both substantial improvements and potential changes in object 
detection solutions, and (e) improving accuracy under cooperative perception when multiple 
systems share and fuse their multimodal sensor data. 
 
While the team made significant progress as highlighted above, the project also demonstrates 
that further work is needed to develop a viable railroad safety system that can be installed in the 
field and on moving trains. In particular, there are further needs for: (a) Deploying advanced NG 
high-resolution lidar sensors and cameras on moving trains, vehicles, and/or on critical points 
within the railroad infrastructure to collect multimodal data under diverse weather conditions that 
include rain, snow, and fog. (b) Labeling such diverse-weather data for training and testing 
supervised deep learning methods. (c) Developing advanced domain-adaptation techniques to 
improve the performance of current object detection solutions under challenging conditions. (d) 
Exploring the area of cooperative perception further, especially under challenging conditions and 
a broader range of scenarios. 
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Appendix A. A Generative Framework for Rail-Domain Perception Data 
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