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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 Al 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



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. (¢)
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.



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.

11  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 learmning 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.

¢) 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



imperative to develop a system that exploits the best available sensor technologies '. 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.

! 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.
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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.

¢) 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.



The three parallel efforts are described in detail in the remainder of this report.

14 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.



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 /earn 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.



Comparison of different models and SPARK's impact

mm Speed Teachers | Students @ 5
60- B SPARK's max gain A f L7
m) -6
& 50 N
= n £
T c\ Q' = 5 ©
S 40 - o + O
o i Q - T
b g ;: o~ r4 <
a ~N ™~
w + 30
= ™
& 20 5
TN ~ '_i | 2
19 < —
o
101 < .
o
N
0 Lo , | L0
N © 4 (,
A/ xx \ O/ x .\
’(/0(\ $$ (906 ’<<’ ,o")v %O Q_' ((/(/O ‘8\\
IR A ¢ ® & © N
QA&Q (o‘o Q© Q
e
NG

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.



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 | 8237 79.63 | 90.55 | 81.61 78.61 | 87.75 | 7841 7519 | 9238 | 8529 82.86
SPARK: 9338 | 85.28 82.87 | 92.14 | 84.68 81.83 | 90.96 | 81.60 7838 | 93.53 | 86.18 83.64
S+T1
A (vs +1.84 | +2.91 +3.24 | +1.59 | +3.07 +3.22 | +3.21 | +3.19 +3.19 | +1.15 | +0.89 +0.78
Baseline)
SETZ : 9325 | 85.19 82.78 | 91.62 | 84.94 82.09 | 90.82 | 81.38 78.84 | 9349 | 86.00 85.53
A (vs . +1.71 | +2.82 +3.15 | +1.07 | +3.33 +3.48 | +3.07 | +2.97 +3.65 | +1.11 | +0.71 +2.67
Baseline)
2£$§K 9235 | 84.76 82.64 | 9123 | 83.79 81.14 | 89.72 | 80.57 7793 | 92.77 | 8594 83.45
A (vs . +0.81 | +2.39 +3.01 | +0.68 | +2.18 +2.53 | +1.97 | +2.16 +2.74 | +0.39 | +0.65 +0.59
Baseline)

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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Step 1: Training the teacher’s model Step 2: Generating Pseudo Labels for Augmented Training of a Student (PLATS)
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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 (Rol) 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.

Summer Spring Fall Fall Winter
Clear Rain Sunset Clear, Leaves Snow

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 Car Pedestrian Bike
tested on Snowy
Conditions
Voxel-RCNN (baseline) 21.02 29.49 22.49
+ WISDOM-snow (A) +2.98 +16.38 +5.89
+ WISDOM-rain (A) +3.63 +18.67 +5.33
PV-RCNN-++ (baseline) 23.46 42.68 14.73
+ WISDOM-snow (A) +3.15 +6.36 +6.29
+ WISDOM-rain (A) +0.29 +7.91 +7.30
b) Detectors’ models Car Pedestrian Bike
tested on Rainy
Conditions
Voxel-RCNN (baseline) 16.51 33.52 2.67
+ WISDOM-snow (A) +1.53 +9.48 +4.79
+ WISDOM-rain (A) +2.91 +8.54 +4.55
PV-RCNN-++ (baseline) 20.62 40.23 2.41
+ WISDOM-snow (A) +0.52 +3.25 +2.59
+ WISDOM-rain (A) +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.

High-resolution point-cloud captured by Next-Generation LiDAR

B, ,,.Mw@ s@ /an < [ Venices getec p— -

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?. 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.

Phase 1: Homogeneous base training
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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 LiIDAR 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 [oU-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 Agent Sensor(s) | AP50 AP50 AP70 AP70

1D & Object Single Agent Homogeneous Single Agent Homogeneous
Detector/ . .

Collaborative Collaborative

Backbone Percention Perception
Models erceptio erceptio

M1 64-channel 0.83 0.95 0.72 0.91
LiDAR
PointPillars

M2 Camera with 384 | 0.34 0.61 0.18 0.43
x 768 images
EfficientNet

M3 32-channel 0.76 0.91 0.66 0.86
LiDAR
SECOND

M4 Camera with 336 | 0.28 0.51 0.11 0.32

X 672 images

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

22



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 Average Precision Average Precision Model Complexity
Based on Minimum Minimum
M1 Intersection-over-Union Intersection-over-Union Number of Training
Model as the | ToU =50 ToU= 70 Parameters
Ego Agent (in millions)
(see Table 3) AP50 AP0
The higher the number the | The higher the number ZZ:ei”Zf)ller the number the
better (1) the better (1)
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- 0.893 0.930 0927 | 0.797 | 0.863 | 0.857 0.113 0.113 0.113
HEAL (ours)
Improvement | 1 0.067 | 10.038 | 10.033 | 10.071 | 10.051 | 10.044 | | 99.2% | | 89.5% | | 94.1%
w.r.t. HEAL
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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, LoORA
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.
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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

JACL: A Generative Foundational Model for
Rail-Domain Vehicles’ Perception Data Using
Visual Semantic Segmentation

Daniel Kent
Electrical and Computer Engineering Department
Michigan State University College of Engineering
East Lansing, Michigan, USA
kentdan3 @msu.edu

Abstract—S tic image seg tation provides extremely
granular image understanding for intelligent and autonomous
vehicle platforms. A major factor in the development of these
algorithms comes courtesy of the sheer scale of labeled data
publicly available. However, more niche domains, such as rail
vehicles, face a shortfall of publicly available data. In this
paper, we address shortages of semantically labeled data in
such thinly-sampled domains by adapting modern diffusion
based generative foundational models. Our technique, which we
call Joint Augmented ControlNet-LoRA (JACL), combines two
widely used diffusion fine-tuning methods in a novel manner
to jointly bias the network towards the target domain. JACL
differs from existing techniques which aim to label synthetic
imagery during or after generation; instead, JACL flips the
problem on its head, using the desired ground truth labels as the
input, resulting in imagery that closely conforms with the input
semantic labels. Furthermore, JACL can easily generate synthetic
imagery in various weather and lighting conditions by modifying
input text prompts, with no additional training. We qualitatively
and quantitatively demonstrate how the output imagery from
JACL conforms to the desired scene structure while exhibiting
statistically significant differences that can augment downstream
algorithm development and testing.

Index Terms—synthetic data, diffusion, semantic segmentation,
rail

I. INTRODUCTION

With the introduction of neural networks, especially convo-
lutional neural networks, machine learning-based computer vi-
sion algorithms are now capable of accomplishing many tasks
that have previously been challenging to accomplish at scale
and speed with high accuracy, including image classification,
object detection, and semantic segmentation. Of these tasks,
semantic segmentation arguably requires the most granular
labels of these three tasks. Semantic segmented imagery, with
its pixel-precision labels, has many uses; of particular interest
in ground vehicle research and development, semantically
labeled camera imagery can more easily be fused with data
from other sensors such as lidar and radar, providing precise
perception capabilities that are required for robust and reliable
systems.

This work was supported by a Department of Transportation/Federal
Railroad Administration grant.

Hayder Radha
Electrical and Computer Engineering Department
Michigan State University College of Engineering
East Lansing, Michigan, USA
radha@msu.edu

Fig. 1. Examples of synthetic rail domain data generated by JACL, with text
prompts used to generate specific conditions, including “Spring Morning”
(top right), “Summer Thunderstorms” (bottom left), and “Winter Sunset”
(bottom right). The input ground truth segmentation mask overlayed on the
corresponding ground truth image appears in the top left. All generated images
precisely follow the structural components of the input visual semantics,
such as the curvature of the train tracks, while exhibiting strong and diverse
generative capabilities in terms of ambient conditions. The white area in the
ground truth is a “don’t care” labeled region.

Large amounts of data are required to train and test se-
mantic segmentation networks, and for certain domains such
datasets are widely available. Millions of labeled samples are
available among the most popular publicly accessible semantic
segmentation datasets, including COCO [1] (200k), Openlm-
ages [2], [3] (944k), and the SA-1B dataset [4] (11M). Certain
application domains such as autonomous driving also have a
large amount of data available; between KITTI-360 [5] (78k),
nuScenes [6] (93k), and CityScapes [7] (25k) there are over
100,000 samples available for training semantic segmentation
networks intended for vehicular applications. However, more
niche domains such as railroad environments do not enjoy
the same scale of publicly available data: we only identified
one such dataset, RailSem19 [8], which contains a mere 8500
total samples, of which only 3500 were used in their dataset
analysis. When training and testing image detection methods,
the limited scope of the underlying dataset raises questions
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as to the robustness of methods that are trained and/or tested
on these data. Additional data would alleviate much of these
concerns, though establishing a minimum amount of data
required to fully validate image detection algorithms remains
an open question.

Techniques to bolster training data for dataset-limited do-
mains have evolved and advanced significantly over time.
Early techniques focused on data augmentation using intrinsic
image regularization and randomization, including randomized
image transformations, noise injection, and distortion. Gener-
ative Adversarial Networks (GANs), were later developed as
a means to learn the underlying statistics from an underlying
dataset to produce statistically similar synthetic samples [9],
which was soon applied to image datasets to create some of
the first modern synthetic image generation networks [10].
Shortcomings in GAN architecture for image generation even-
tually led to the development of autoregression and diffusion-
based networks [11], including Stable Diffusion, a popular
architecture employing latent-space based techniques to reduce
required system resources [12].

While modern diffusion-based image generation networks
can output realistic synthetic imagery with little to no fine
tuning, there are several problems that must be addressed
before these data can be used to train and test semantic
image segmentation algorithms for our intended domain. First,
pretrained stable diffusion networks are trained on a variety
of image data that includes non-photographic imagery, posing
a potential issue with generated data not conforming to our
desired target domain. Second, even with potentially pho-
torealistic synthetic imagery, labeling these images requires
additional effort.

In this paper, we introduce a novel framework that aims
at generating realistic and structurally precise imagery by
exploiting semantic segmentation information. The proposed
framework, JACL, is particularly useful for domains that
have major shortages in available data. In that context, we
focus in this paper on the rail-domain to demonstrate the
effectiveness of JACL. The main contributions of this works
can be summarized as follows:

+ We develop a novel architecture that combines the Low-
Rank Adaptation (LoRA) [13] and ControlNet [14], [15]
architectures to fine-tune our model for our specific
domain. Once trained, our method can create novel
synthetic imagery using a combination of text labels
and a ground truth image segmentation label to produce
realistic synthetic imagery that closely conforms to the
input data structure and semantics.

« In addition, we demonstrate that our method can be
further biased towards specific target weather, time,
and lighting domains using straightforward input prompt
changes without further training.

«+ Finally, we show that our method can synthesize suffi-
ciently novel data by demonstrating that real data sharing
the same underlying ground truth as samples generated
with that ground truth have high PSNR and low MSE
(demonstrating structural similarity) while also showing

significant differences in Variational Autoencoder (VAE)
activation compared to simpler whitening techniques.

II. RELATED WORK
A. Labeling Imagery vs. Imagery From Labels

Prior work on creating semantically labeled synthetic im-
agery can be taxonomized into two broad categories: gen-
erative image labeling, and label-based sample generation.
The first category, generative image labeling, uses the final
synthetic sample, or information generated during sample
generation, to label the synthetic sample. Generative image
labeling can naively be accomplished using the same tech-
niques as real imagery: either by employing human labelers,
or running off-the-shelf semantic segmentation networks. The
former is extremely labor- and time-intensive, and the latter,
despite advancements in semantic image segmentation, may
not be sufficiently accurate for critical applications. While
recent techniques have been developed to use information from
the underlying image generation process [16], an accuracy
gap still exists, which may limit its use to automatically label
generated imagery.

Instead of labeling synthetic data post-generation, either
using existing techniques or by adapting generation informa-
tion to create more accurate semantic segmentation masks,
there exist techniques to use semantic segmentation labels
themselves as an input for synthetic data generation. In theory,
if the synthetic data generation algorithm is reasonably accu-
rate, the input labels then automatically become the ground
truth labels for the synthetic imagery, which eliminates the
costly labeling step. However, image generation networks
typically use text-based conditioning, which are converted by
text embedding networks into conditioning weights, to bias
the network towards generation of specific imagery. In order
to successfully generate realistic imagery that conforms to
a desired ground truth label, more precise guidance of the
underlying algorithm is required.

B. Image Synthesis with Diffusion-Based Models

‘While there are many technologies capable of synthetic
image generation as outlined in Section I, Stable Diffusion
and its later variants are popular due to its relatively open
architecture. As per its namesake, Stable Diffusion is based
on diffusion, a machine-learning architecture developed by
Sohl-Dickstein . This technique works by training a model to
denoise data by first adding noise to training data, processing
the image. After training, when a diffusion network is provided
random noise as input, the network effectively generates a
synthetic sample [17].

As with all diffusion-based methods, Stable Diffusion works
by training an architecture to learn a probabilistic distribution
by taking real data, adding noise, then attempting to reverse the
noising. In the process, such architectures can encode spatial
representations very well, allowing them to synthesize realistic
imagery from multiple domains, including photographs, art-
work, sketches, and even stylized 2D or 3D computer graphics.
Stable Diffusion’s main distinction is its use of latent space to
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reduce the network’s overall complexity; ordinarily, a diffusion
network operating in RGB pixel space would require an
extraordinary amount of resources to train and run inference;
by leveraging the lower dimensionality latent space, Stable
Diffusion and its later variants can output high resolution
imagery using far lower computational resources compared
to methods that operate directly in the pixel space [12].

C. Generative Image Control

As stated earlier, precisely controlling the output imagery
to conform to specific feature types and target domains is
critical to our desired application. While fine-tuning a baseline
model’s weights is possible, advances in lighter-weight meth-
ods such as Low-Rank Adaptation (LoRA) [13] have become
increasingly popular. By instead training decomposition matri-
ces that can then be injected into a baseline model, language
models such as the input text embedding network within Stable
Diffusion can effectively fine tune the network with far fewer
parameters, which brings both runtime and storage advantages.
LoRA fine-tuning has become a popular technique on Stable
Diffusion based networks.

However, even LoRA cannot, by itself, enable pixel-level
semantic control over output imagery. This shortcoming is
instead addressed with ControlNet, a method that combines
text-based conditioning with an image-based conditioning
layer, which is processed together using a U-net architecture
mirroring a fine-tuned first half of the Stable Diffusion U-net.
In developing ControlNet, Zhang specifically demonstrated
semantic segmentation as one control modality that can be
used with ControlNet [14]. ControlNet++ further demonstrates
the feasibility of semantic segmentation-based input control,
especially when trained with additional loss functions intended
to improve image coherence [15].

The potential of combining a pretrained Stable Diffusion
network with a LoRA trained on domain-specific data and
a ControlNet for pixel-level semantic specifity has been rec-
ognized for several applications. In plant science, Hartley
utilized a LoRA trained on plant data, combined with a
ControlNet trained on synthetic plant data generated using
traditional 3D rendering techniques to achieve leaf-specific
instance segmentation; when combined, they were able to
create a generative plant identification dataset that was supe-
rior to existing CycleGAN-based techniques [18]. Similarly,
Deng used similar techniques, albeit with a bounding-box
based ControlNet, to augment an existing weed identification
dataset, while demonstrating that downstream training on the
augmented dataset exhibited superior performance up to a 3:2
synthetic to real data ratio [19].

III. METHODOLOGY

Taking inspiration from prior work on synthetic data gen-
eration using Stable Diffusion, we created Joint Augmented
ControlNet-LoRA (JACL), which combines existing work
towards image synthesis domain biasing and control into a
unique architecture that maximizes the limited amount of pub-
licly available rail domain data. In effect, we are augmenting

RaliSem19
Dataset

Diffusion Network

e

Stage 1

Stage 2

Fig. 2. JACL training process. In stage 1, the LoRA network is trained using
the text labels and RGB camera data. In stage 2, the ControlNet network is
trained with the LoRA applied to the underlying layers.

a limited dataset by leveraging the highly compressed data
that is embedded into the parameters of an image synthesis
network, by using our limited dataset to bias the pretrained
network towards our target domain.

A. JACL Architecture

The JACL architecture is based on a pretrained Stable
Diffusion 3.5 architecture, which contains three text encoders,
a transformer that operates as the diffusion backbone, and a
pretrained variational autoencoder. This architecture is fairly
lightweight, and can generate 1-megapixel imagery using a
single GPU and 20GB of VRAM; with optimizations, this
architecture could likely operate in inference mode on a
consumer-grade GPU. JACL itself consists of two subcom-
ponents: a LoRA that helps bias the dataset towards the target
domain (in our case, railroad data when using RailSem19
data), while the ControlNet component biases individual pixels
towards specific semantic classifications.

B. JACL Training and Inference

Ordinarily, training an architecture that contains a LoRA and
a ControlNet can be performed separately, and then combined
later during inference. However, given the limited amount of
data available, we were interested in maximizing the bias of
our resultant architecture towards rail domain data. To ensure
that the LoRA and ControlNet components were closely
coupled during the training process, we investigated means by
which their training could be more closely coupled. Instead of
performing true joint training, we found an alternate approach
that theoretically can accomplish the same overall composition
without modifying the underlying training infrastructure. First,
we trained the LoRA network on its own, using our added
labels as the input text for training. After separate evaluation
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Fig. 3. JACL Architecture. Existing data and pretrained algorithms appear
with a dashed outline. The JACL-specific networks and augmented dataset
components appear with a solid outline and bold text.

of the LoRA, we then trained the ControlNet component, with
the LoRA network active and applied to the baseline network
weights. This technique effectively allows the ControlNet
weights to inherit the baseline fine-tuning from LoRA, and
allows us to split the training process of JACL into two
stages, which minimizes the amount of parameters that are
simultaneously trained, requires fewer system resources, and
allows evaluation of each training stage independently. Once
JACL is trained, generating synthetic data only requires two
inputs: the desired semantic segmentation mask, and a text
description of the scene.

IV. EXPERIMENTS

Our experiments on JACL are split into two key phases:
the training phase, and the data evaluation phase. The train-
ing phase, as described in Section III, adapts a pretrained
Stable Diffusion model to output the desired imagery with
strong adherence to input segmentation masks, using a two-
stage training process. We also perform limited subjective
evaluation to determine whether the trained JACL architecture
is performing well. The second phase analyzes the resultant
imagery to determine whether the output synthetic imagery
is suitable for training downstream tasks such as semantic
segmentation algorithms. To determine the suitability of the
data, we evaluate the objective structural image similarity
between real-synthetic data pairs, as well as the difference
in VAE activation between the ground truth and

A. Dataset Processing and Preparation

In this work, we used the RailSem19 dataset for our exper-
iments. This dataset contains 8500 samples of semantically
labeled data taken from cameras mounted to the front of
inter-urban and intra-urban rail vehicles; we use the 3000
sample training subset and 500 testing subset that was used in
the authors’ analysis, further limiting the number of training
samples available. To maximize the pixel-level difference in
the labels, we converted the semantic label masks to RGB
colors based on RailSem19’s suggested label color palette.
Then, we created captions for all the images in the dataset;
while neither LoRA nor ControlNet explicitly require text
labels, we determined that relying on classifier-free guidance
would not produce as reliable. We chose to generate text

labels formatted as comma separated lists of key properties,
generated deterministically using the contents of the segmen-
tation masks, as human annotation would be extremely labor
intensive, and machine learning-based labeling may introduce
unwanted errors. We also generated perturbed separate ground
truth segmentation masks when generating synthetic samples
to reduce the likelihood that the network produce exact copies
of the input data. These perturbations include random scaling,
offset, and x-axis mirroring.

B. Training and Inference Processes

Our training process, as previously described, occurs in
two stages. The first stage, the LoRA stage, trains a LoRA
network on 3000 samples of RailSem19 camera data, with our
augmented text labels used for a majority of the samples. We
trained blocks 12 through 24 of LoRA to reduce the effect of
the LoRA on fine detail generation, as we want the pretrained
network to have more influence on smaller details. We limited
the training to 3 epochs and a learning rate of le-4 with a
restarting cosine scheduler; in our experiments, we found that
training beyond 3 epochs did not significantly change the bias
of the output imagery towards RailSem19-like images. After
training the LoRA, we then trained the ControlNet, using
a learning rate of le-5 with 128-step gradient accumulation
with 500 total training steps overall, or approximately 21.33
epochs. While Zhang claim ControlNet is resistant to over-
fitting [14], we found overfitting artifacts visible before 100
training epochs. To avoid overfitting, we limited ControlNet
training to 20 epochs.

For sample generation, we used the previously generated
perturbed segmentation masks and their associated text labels
as inputs to the JACL network, using a 35-step denoising
sampler with uniform Stochastic Galerkin Method scheduling.
We also generated a set using non-perturbed segmentation
masks using the same sampling parameters to perform a study
on the resultant image similarity and statistical divergence.

C. Results

We performed a brief study on the effects of selectively ac-
tivating the LoRA and ControlNet networks individually; one
sample of which appears in Figure 4. While the ControlNet
clearly affects JACL’s ability to conform to the input masks,
the LoRA does have more subtle effects; with only the LoRA
active, the synthetic imagery contains geometry that does not
make physical sense, such as poles appearing in the middle of
rail tracks. In addition, human subjects tend to appear further
away, which conforms to the imagery biases present in the
underlying RailSem19 dataset.

While the JACL architecture can generate images that
appear to be structurally similar to the input ground truth
images, we must also ensure there are statistically significant
differences between real and generated samples. To measure
the difference in real and synthetic samples, we used JACL
to generate a set of 10 samples based on a specific ground
truth image, sample rs03012, which was taken in winter
conditions. We compare these images to the baseline ground
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Fig. 4. Comparison of network outputs when LoRA and ControlNet com-
ponents are selectively enabled. Subtle details introduced with LoRA include
poles not appearing in the middle of rails. All samples are generated using the
same inputs, with the input segmentation mask appearing inset in the middle.

truth RGB image using three image similarity metrics: Peak
Signal-to-Noise Ratio (PSNR), Structural Similarity (SSIM),
and the Jensen-Shannon Divergence (JSD) of the image lumi-
nance histogram, and the median difference in element-wise
difference in VAE latent space, Ay 4p, taking the average
of 10 synthetic samples. We compare the metrics of these
baseline samples (i.e., using the ground truth segmentation
and text labels) with both ground truth samples that have
been distorted with Gaussian noise, pixel perturbation, and
gamma correction. We also generated additional samples with
additional text keywords corresponding to winter, fall, and
spring conditions.

As shown in Table I, we found that the synthetic samples
from JACL exhibited surprisingly high PSNR. As the underly-
ing ground truth was taken in snowy winter conditions, we are
unsurprised that PSNR for this subset was the highest among
the generated samples. Structural similarity was higher for all
generative samples compared with the Gaussian noised ground
truth, but still noticeably lower than the gamma and distorted
images. Average luminance histogram JSD was higher in all
generative samples compared with the distorted and noised
image, but was lower than the gamma-adjusted ground truth
sample. We observed that the median difference in latent
activation was higher for generative samples compared to
the distorted sample, and comparable to both the noise- and
gamma-adjusted ground truth images. Overall, these results
demonstrate that the generative samples produced by JACL ex-
hibit an objectively high divergence from comparable ground
truth images, suggesting these samples should work well in
augmenting datasets for downstream perception tasks.

Finally, we compare the semantic segmentation performance
of a pretrained SegFormer [20] network that is fine-tuned
on real data versus purely synthetic data. For both tests,
we start with a SegFormer model that was pretrained on
the CityScapes dataset [7], both of which are trained over
10 epochs, one using 3000 samples of real data and the

other one using the same number of generative samples
constructed by JACL, with both networks tested against 500
samples of real RailSem19 data. As shown in Table II, many
object classes had minimal performance differences between
the synthetic and real data. For the construction class, the
synthetic dataset actually performed berter than the real data,
possibly owing to the high representation of buildings in the
pretrained diffusion network. While many classes exhibited
more significant performance differences, rail tracks and rail
vehicles exhibited a severe performance drop on the synthetic
dataset, despite the rail imagery exhibiting high subjective
realism. The performance gaps in these classes contribute to
the overall mean accuracy difference between the networks
trained on real versus synthetic data.

V. CONCLUSION

In this paper, we established a methodology for generating
realistic synthetic rail domain data from a limited set of
ground truth data by leveraging diffusion-based networks
with domain- and context conditioning control though Joint
Augmented ControlNet-LoRA (JACL). We demonstrate this
architecture can produce convincing imagery that closely
conforms to an input semantic segmentation map, which can
be used to use existing segmentation labels to generate new
imagery, or to generate new imagery from scratch using
existing or machine augmented segmentation masks. We also
demonstrate that the generated imagery is structurally similar
to the ground truth, which indicates close conformance with
the input segmentation mask, while also exhibiting statistical
divergence from the ground truth image, which should help
downstream algorithms improve performance.

A. Limitations and Caveats

While our analysis demonstrates that synthetic samples
could be used to successfully train a segmentation network,
there are some limitations that should be disclosed. First, for
our experiments, we have the full benefit of a sizable dataset
with known ground truth; evaluating this technique to domains
with true data scarcity will present a significant challenge. We
advocate for those interested in using our proposed technique
to thoroughly test on real data before wide deployment. As
more data are collected, they can be used to iteratively evaluate
the accuracy of the system, which can then be used to retrain
the ControlNet and LoRA, generate new data, and then finally
to train a new set of parameters for the target semantic
segmentation network.

Another limitation with our approach is the limited varia-
tion in underlying ground truth segmentation masks used to
condition the JACL framework. However, we hypothesize that
the output of a partially trained image segmentation network,
even if there are significant performance gaps, could then be
used to create new masks to generate additional imagery. This
approach would dovetail with our previously advocated testing
approach. Another approach would be to develop or adapt an
existing simulation framework to output appropriate masks for
JACL; simulators such as the CARLA simulator can already
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TABLE I
COMPARISON OF WHITENED GROUND TRUTH IMAGES WITH GENERATIVE SAMPLES. HIGHER JSD AND Ay 4 m ARE DESIREABLE.

" " " Gen, Base  Gen, Winter  Gen, Fall Gen, Spring
GT + Distortion GT + Gamma  GT + Noise (10-mean)  (10-mean) (10-mean)  (10-mean)
PSNR 45.837 38.052 33.867 33.434 36.353 33815 32.907
SSIM 0.984 0.963 0.716 0.778 0.885 0.798 0.741
JSD, Lum | 0.002 0362 0.226 0.383 0243 0234 0.333
Avag 0.118 0321 0.389 0.383 0.308 0.368 0.375
TABLE II
COMPARISON OF SEMANTIC SEGMENTATION ACCURACY (%) BETWEEN REAL AND SYNTHETIC RAILSEM19 DATASETS
Mean car construction  human  road sidewalk  sky on-rails  rail-track
Real e | 82.54% 11% 3.85% .94%

36% | 83
Synthetic | 43.41% | 81.82% | 85.76%

| 5826% | 69.94% | 50.26%

5% 14% .68 %
| 9564% | 47.96% | 4179% |

output segmentation masks which, while intended for training
algorithms with corresponding simulated RGB images, could
be used by JACL for novel segmentation masks.

B. Future Work

Our experiments in Section IV demonstrated the potential
for our system to not only produce rail-centric synthetic data,
but to also have the capability to generate more specific data
based on minimal modification to the text conditioning in
statistically significant manners. This capability suggests that
our system, as well as others that are based on our proposed
framework, can be used to synthesize data across a wider
domain. We would like to focus future work on characterizing
the extent of the domain shifts that can be accomplished
with our framework, and to what extent the training of the
pretrained network affects this capability. We also would like
to investigate the discrepancy between the subjective quality
of the rails within the synthetic images, versus the significant
performance gap in semantic segmentation compared with real
data.
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