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ABSTRACT2

Virtual representations of physical critical infrastructures, such as water or energy plants, are3
used for simulations and digital twins to ensure resilience and continuity of their services. These4
models usually require 3D point clouds from laser scanners that are expensive to acquire and5
require specialist knowledge to use. In this article, we present a prototypical graph generation6
pipeline based on photogrammetry. The pipeline detects relevant objects and predicts their7
relation using RGB images and depth data generated by a stereo camera. This more cost-8
effective approach uses deep learning for object detection and instance segmentation of the9
objects, and employs user-defined heuristics or rules to infer their relations. Results of two10
hydraulic systems show that this strategy can produce graphs close to the ground truth. While11
this study focuses on hydraulic systems, the general process can be used to tailor the method12
to other types of infrastructures and applications. The user-defined rules create transparency13
qualifying the pipeline to be used in the high stakes decision-making that is required for critical14
infrastructures.15

Keywords: Graph generation, relational graph, critical infrastructure, photogrammetry, depth data, image data, scene understanding,16
digital twin17

1 INTRODUCTION

Critical infrastructures are assets, organizations or facilities that are integral to the survival and functioning18
of a nation and its society. Disturbances in their services can have major adverse impacts, such as supply19
shortages, increased risks to public health and national security, or disruptions of financial services and the20
broader economy. Critical infrastructures can be physical or virtual assets and appear in sectors such as21
energy, healthcare, food, water, transportation, communication, nuclear systems and more (Osei-Kyei et al.,22
2021; Alcaraz and Zeadally, 2015; Yusta et al., 2011).23

Methods such as simulations and digital twins are used to monitor, maintain and optimize infrastructures,24
and to prepare and train for worst-case scenarios by simulating extreme and often rare events. Thus, these25
methods have the potential to increase resilience, security, performance and continuity of infrastructures26
and are an invaluable tool to ensure national security and well-being (Lampropoulos et al., 2024; Sousa27
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et al., 2021). In many cases, a digital twin of a physical asset, such as a nuclear facility or a water treatment28
plant, requires a virtual copy of the objects (e.g., pipes, pumps and valves) and their relation to each other29
to be used for simulations or training in virtual reality. The process of generating these models requires30
a large amount of manual work and is thus expensive and time-consuming (Franke et al., 2023). Most31
existing methods use laser scanners to gather 3D point clouds of the facilities that are then processed and32
analyzed. However, these scanners are expensive, creating demand for methods using more affordable and33
accessible equipment, such as stereo cameras.34

The main objective of this article is the development of an algorithm that uses cost-effective35
photogrammetry (Moon et al., 2019), i.e., RGB images, depth data and camera positions, to automatically36
detect relevant objects within a building and predict the relations between these objects. The algorithm37
should yield a graph network, where nodes represent objects sand edges represent physical connections38
between objects. As the main use of this pipeline is for high stakes decision making for critical39
infrastructures, the algorithm design will focus on explainability and interpretability besides accessibility40
and cost-effectiveness, where possible. While we were able to validate the pipeline on synthetic scenes that41
mimic the real world, it remains a prototype that requires validation on actual real-world scenes.42

This article is structured as follows. Section 2 places our proposed method into context by giving an43
overview of the related works. Section 3 details the developed graph generation pipeline and the data of the44
hydraulic systems used as the test environments for validation. Section 4 presents the results of applying45
the proposed pipeline to two hydraulic systems. Section 5 conducts a sensitivity and runtime analysis to46
investigate the robustness and practical feasibility of the pipeline. Lastly, Section 6 outlines the strength47
and limitations of the pipeline and Section 7 draws a brief conclusion.48

2 RELATED WORKS

Most of the time, a virtual geometric representation of a building or a facility is the starting point of a digital49
twin. This representation is then enriched with attributes and information from individual objects, sensors50
and real-time data (Jones et al., 2020; Grieves, 2014). In the last decade, frameworks such as building51
information modelling (BIM) have been used increasingly in the planning and building of new facilities52
and can provide the required geometric and attribute data (Ghaffarianhoseini et al., 2017; Borrmann et al.,53
2018; Lu et al., 2022). While the adoption of building information modelling has grown rapidly in the last54
decade, it was likely not used for most older existing buildings. In these cases, the first step in building a55
digital twin is the collection of geometric data, the identification of relevant objects and the extraction of56
key attributes (Borkowski, 2023).57

A popular method for collecting geometric data is the use of 3D laser scans. Laser scanners create58
a three-dimensional point cloud with a high resolution providing a detailed virtual representation of59
reality. However, these scanners are expensive and can cost many tens to hundreds of thousands of60
dollars. They are also heavy and require expensive software for processing the acquired data. Furthermore,61
specialized training is needed for operation and they struggle to represent reflective surfaces correctly62
(Moon et al., 2019). An alternative approach is photogrammetry that aims to generate precise 3D models63
from photographs and usually involve the computation of depth data. Multi-view stereo, for example, uses64
multiple perspective of a stereo camera or a RGB and a thermal camera to compute the depth information65
and a 3D scene (Goesele et al., 2006; Vidas et al., 2013), while Structure-from-Motion uses a series of 2D66
images to estimate the depth data and camera positions (Schönberger and Frahm, 2016). Overall, systems67
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used for photogrammetry cannot achieve the same level of detail and resolution as 3D laser scanners but68
are cheaper, more accessible and more mobile.69

3D laser scanning and photogrammetry provide two different outputs: point clouds and images. Both70
present distinct strength and shortcomings as inputs for object detection. Albeit that point clouds have a71
high resolution and are very accurate they are also sparse and the point densities can be highly variable72
leading to high computational requirements and costs (Zhou and Tuzel, 2018). Furthermore, there are a73
limited number of labeled data sets for point clouds available as labelling in three-dimensional space is74
challenging (Zimmer et al., 2022). This also makes collecting and labelling custom data sets for training75
difficult and time-intensive. Despite of this, point clouds were used in object detection for hydraulic76
systems in various articles (Qiu et al., 2014; Kawashima et al., 2014; Cheng et al., 2020; Alex and Stoppe,77
2025), while the use of photogrammetry is limited (Hart et al., 2023; Zhao et al., 2025). However, as78
object detection on images is computationally cheaper and more training data is available, easier to collect79
and label, it lends itself for object detection as part of a graph generation pipeline that aims to be widely80
accessible, applicable to different use cases, and time- and cost-effective. Furthermore, models for object81
detection on images are generally more researched and thus more mature than their counterparts using82
point clouds. This is also reflected in the many models that are available, many of which even offer good83
out-of-the-box performance (Redmon et al., 2016; Kirillov et al., 2023; He et al., 2017; Yuan et al., 2021).84
In practice, we found that object detection on the many different perspectives of the images was reliable85
and results from different view points had the advantage of enabling validation of detections across images.86
The latter was especially valuable for featureless objects and instances in which lights and reflections made87
object detection challenging as there were multiple opportunities to detect the same object. This decreased88
the possibility of erroneous detections. Thus, we identified photogrammetry in combination with object89
detection on images as the superior methods for the pipeline presented in this article. While the presented90
pipeline is closely linked to multi-view stereo it is not just a geometric 3D representation of a scene but91
also aims to encode relational information between objects of the scene in a graph.92

The prediction of a relational graph of the objects contained an image, also known as scene graph93
generation, through graph neural networks has seen increased interest by the deep learning community94
in recent years (Shit et al., 2022; Yang et al., 2018; Li et al., 2024; Cong et al., 2023). These approaches95
combine the detection of relevant objects in an image with the prediction of relations between the detected96
objects and encode both in a graph. Similar to other deep learning methods, these models are black boxes97
lacking explainability and interpretability (Buhrmester et al., 2021; Şahin et al., 2025) and although there98
are efforts to remedy this in the form of explainable AI (Xu et al., 2019; Zhang et al., 2022; Dwivedi99
et al., 2023; Peng et al., 2024), it is questionable if these efforts suffice when it comes to high stakes100
decision-making (Rudin, 2019). Furthermore, scene graph generation networks require data and additional101
labeling and cannot easily be transferred to other use cases and scenes involving different objects without102
collecting new data. For example, many graph generation networks are based on the 3DSSG data set that103
contains 1,482 scene graphs with 48k objects and 544k relations (Wald et al., 2019, 2020; Lv et al., 2024;104
Yeo et al., 2025). Collecting and annotating a data set of this size for a specific use case is, in practice, at105
least impracticable if not infeasible. An alternative to these models is an approach using heuristics and rules106
based on which relations between objects are inferred. Letting the user define a custom set of rules gives107
them full control and enables them to tailor the method to a specific application or transfer it to another108
without the need of collecting additional training data. While there is some initial manual work involved in109
setting up the rules, it is likely negligible compared to the effort of collecting and labelling data for the110
graph neural networks. This article chooses the latter approach due to its flexibility and cost-effectiveness111
but mainly because the rules make the inner workings of the algorithm transparent and explainable which112
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Figure 1. Synthetic hydraulic systems. (A) shows system 1 consisting of pipes, one pump, one tank, one
valve and one sprinkler. (B), (C) and (D) show system 2 consisting of pipes, two pumps, two tanks, three
valves and four sprinklers.

is essential for high stakes decision-making as it is required in critical infrastructure (Rudin, 2019). The113
process of defining these rules and their requirements are discussed in Section 3.2.3.114

3 MATERIALS AND METHODS

3.1 Data115

The nature of critical infrastructures prohibits the use of images and data collected at the actual real-world116
sites due to security concerns. Thus, we implement virtual representations mimicking the most important117
characteristics of their real-world counterparts in Unreal Game Engine 5 (Epic Games, 2022c). We chose118
the Unreal Engine as it allows for rapid generation of realistically rendered scenes and contains tools to119
provide global dynamic illumination (Epic Games, 2022a), rendering of meshes with arbitrary resolution120
(Epic Games, 2022b) and scripted capturing of realistic images in combination with segmentation masks.121
We use Colosseum (Codex Labs, 2022), a fork of AirSim (Shah et al., 2017), to simulate cameras in the122
Unreal Engine allowing us to produce RGB images and depth data along with the intrinsic and extrinsic123
camera parameters, such as the position and orientation of the camera at the time of taking the images.124
While real-world testbeds are preferable, the realistic results of the Unreal Engine strike a good balance125
between accessibility and an accurate representation of the real world.126

This paper focuses on the graph generation of hydraulic systems by investigating two test environments.127
Hydraulic system 1 consists of a pump, a tank, a valve, a sprinkler and pipes as shown in Figure 1 (A).128
Hydraulic system 2 increases the complexity by adding another pump and tank, two valves and three129
sprinklers to the design. This system is shown from multiple perspectives in Figure 1 (B), (C) and (D).130
Pipes, pumps, tanks, valves and sprinklers are the only objects in these test environments. It should be131
noted that the distinct color of the pipes compared to the floor, walls and ceiling is chosen for illustrative132
purposes only. The components of the pipeline, such as the models used for object detection, are not reliant133
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Figure 2. Flowchart of the graph generation pipeline. Pipe and non-pipe objects are treated differently and
are combined in the ’Graph generation’ module.

on the color of the pipes as they were trained and tested on a wide range of different color and texture134
compositions. We use domain randomization to randomly generate different color and texture combinations135
for the pipe objects and use them to produce a diverse set of training images via the Unreal Engine for136
fine-tuning YOLOv8 as outlined in more detail in Schreiber et al. (2024).137

Data for hydraulic system 1 comprises 16 RGB and depth image pairs with a resolution of 1920 × 1080138
pixels and a field-of-view of 114 degrees. For the more complex hydraulic system 2, we stock up the139
number of RGB and depth image pairs to 29 with identical resolution and field-of-view.140

The training data for YOLOv8 consists of photos of hydraulic systems taken with a Canon EOS 7D SLR141
camera at a resolution of 6000 × 4000 pixels and synthetic images generated with Unreal Engine 5 as142
non-interlaced 8-bit RGBA images with a resolution of 1920 × 1006 pixels.143

3.2 Pipeline144

The graph prediction pipeline is structured as shown in Figure 2. The pipeline differentiates between145
pipe and non-pipe objects and processes them with two distinct approaches. Both use RGB images, depth146
data and camera poses including the camera position and camera orientation of the individual images and147
a fine-tuned YOLOv8 model (Redmon et al., 2016). While we chose YOLOv8 for object detection, the148
pipeline in this study does not require the use of YOLOv8. The detection model is solely an input of the149
pipeline and can be replaced with any preferred model. We decided to use YOLOv8 as it is an established150
model that does not require a large data set for fine-tuning the pre-trained model to a new detection task151
as it is the case for vision transformers (Dosovitskiy et al., 2021). It also provides versions for instance152
segmentation and keypoint prediction that are used as described in the following sections.153

3.2.1 Non-pipe objects154

Non-pipe objects are processed using a fine-tuned YOLOv8 pose model (Redmon et al., 2016) that detects155
the pumps, tanks and valves within the images and predicts one keypoint for tanks and two keypoints for156
pumps and valves. These keypoints represent the connection points of the tanks, valves and pumps with157
other objects, such as pipes. The largest YOLOv8 architecture pre-trained on the COCO data set (Lin et al.,158
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Figure 3. Object detection of pumps, tanks and valves including one keypoint for tanks and two keypoints
for pumps and valves. Bounding boxes indicate detected objects with class label and class confidence score.
Keypoints are indicated by yellow dots.

2014) was chosen as a foundation. This model was fine-tuned using a data set consisting of 526 images,159
with 280 being real-world RGB images and the remaining 246 being synthetically created using Unreal160
Engine 5 (Epic Games, 2022c). The training was conducted for 150 epochs using the Adam optimizer161
and a learning rate of 10-4. Figure 3 shows predictions of the model for four images. Detections for an162
object consist of a bounding box with a class label and a class confidence score, and keypoints plotted in163
yellow. For example, Figure 3 (A) shows a pump detected with a confidence of 91 % and two keypoints164
indicating the connection points with the neighboring pipes. YOLOv8 uses Non-Maximum-Suppression165
(NMS) to discard redundant detections by only using bounding boxes with the highest confidence score166
and dismissing other overlapping bounding boxes with lower confidence scores.167

The second module in the ’Non-pipe objects’ branch of the pipeline aims to approximate the location of168
the objects within the bounding boxes. While it would be possible to use an instance segmentation method169
to get exact masks of the objects (similar to the segmentation used for the pipes in Section 3.2.2), exact170
masks are not required for the pipeline to achieve satisfying results. Hence, we opt for an approximation of171
object masks sparing us time-consuming instance labelling of the more intricate non-pipe objects. The main172
objective of the location approximation is to delete any background pixels within the predicted bounding173
boxes, leaving us with only pixels belonging to the object. Experimentation showed that we can achieve174
this objective by chaining three methods together: (i) We disregard any pixels with depth values larger than175
the median of all depth values within a bounding box. This eliminates the majority of the background. (ii)176
We refine the mask by projecting the remaining pixels to a point cloud down-sampled to one voxel per177
cm3 and removing any statistical outliers (voxels that deviate more than one standard deviation from a178
neighborhood consisting of the closest 25 % of all other voxels). (iii) Finally, we employ Density-Based179
Spatial Clustering of Application with Noise (DBSCAN) to approximate the location of the object (Ester180
et al., 1996; Schubert et al., 2017). We setup DBSCAN such that points that are less than 2 cm apart are181
assigned to a cluster. Finally, the largest cluster is taken as the approximated location.182
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Figure 4. Object matching across individual images. (A) shows the matched objects of a pump, a tank and
a valve and (B) shows the matched pipe objects. Each color indicates a distinct object.

The last module in processing the non-pipe objects matches identical detections across images and183
combines information in one final object. In this step, the approximated locations of merged objects are184
combined and their endpoints (predicted via the keypoints) are averaged. Before averaging, possible false185
predictions are disregarded via statistical outlier removal of keypoints that deviate more than two standard186
deviations from all keypoints. Two objects from different images are merged if the following rule for the187
pairwise distances d between all their voxels is true:188

∑n
i=1 1{di<np max distance}

n
> np min percentage,

where n is the number of elements of vector d, and np max distance ∈ (0,∞) and189
np min percentage ∈ [0, 1] specify the maximal distance in meters between two object points to be190
considered a match and the minimal percentage of matched points required for two objects to be matched,191
respectively. 1 is the indicator function that returns 1 if a distance di is smaller than np max distance192
and 0 otherwise. Thus, two objects are merged if the fraction of the number of pairwise distances smaller193
than np max distance and the number of all pairwise distances is larger than np min percentage.194
The pipeline sets np min percentage to 0.1 requiring two objects to have at least 10 % of points195
within np max distance meters. Thus, whether two objects are merged is mainly controlled by setting196
np max distance. Figure 4 (A) shows three matched non-pipe objects from a total of 16 images using the197
approach outlined in this section.198

3.2.2 Pipe objects199

The pipeline uses the YOLOv8 model (Redmon et al., 2016) to predict instance segmentations for200
individual pipe elements. This model is pre-trained on the instance segmentation images of the COCO201
data set (Lin et al., 2014). Since the instance segmentation task is more complex compared to the pose202
estimation task, the largest architecture of YOLOv8 and a data set consisting of 1,030 images are applied.203
The pre-trained model is fine-tuned with 280 real-world RGB and 750 Unreal Engine images for 200204
epochs and optimized using Adam with a learning rate of 10-4. Figure 5 shows predictions for four images.205
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Figure 5. Instance segmentation of pipe objects. Bounding boxes indicate detected objects with class label
and class confidence score, while segmented objects are shaded blue.

Similar to the model used in Section 3.2.1, each prediction consists of a bounding box with class label206
and class confidence score. However, instead of keypoints the model predicts masks for the pipe elements207
(shaded in blue). Predictions are not perfect (nor are they expected to be) and are characterised by some208
false negatives, where pipe elements are not detected, e.g., in Figure 5 (C), and some false positives, where209
parts of the background or other objects are falsely predicted as a pipe, e.g., in Figure 5 (D). There are210
also cases for which only parts of the pipe are detected or single pipe elements are split into two or more211
instances. The aim of the pipeline modules downstream from the instance segmentation are to fill in the212
missing pipe elements and to discard false detections in the generation of the graph.213

The detections of YOLOv8 are cleaned up by removing the outer two pixels of each mask as they214
oftentimes contain pixels from the background. The masks are then projected into the three-dimensional215
world view, where they are further cleaned with a combination of DBSCAN (Ester et al., 1996; Schubert216
et al., 2017) and statistical outlier removal to discard any voxels that belong to the background or objects217
other than the specific pipe contained within the mask (similar to the process described in Section 3.2.1). In218
this step, the projection to three-dimensional space through the use of the depth data is instrumental to219
enable the differentiation between the pipe object and the background/other objects. The pinhole camera220
model is used for this projection (Hartley and Zisserman, 2003). Finally, other non-pipe objects, such221
as the pump, also contain pipes that are detected by the model. However, in this case we do not require222
these pipes for our final relational graph as they are part of the non-pipe object. Thus, the final step of the223
’Detection cleanup’ module removes masks that are part of the previously matched non-pipe objects as the224
arrow from the ’Matching’ module of the ’Non-pipe objects’ branch to the ’Detection cleanup’ module225
of the ’Pipe objects’ branch in Figure 2 indicates. Pipes that overlap with any of the non-pipe objects are226
eliminated from the data set. Figure 6 shows the cleanup process from its starting point in (A) to its finished227
product in (B), where (C) and (D) show are second view zoomed in on the pipe network.228
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Figure 6. Cleanup of pipe segmentations projected to world view. (A) shows the initial segmentations,
while (B) shows segmentations after cleanup. (C) and (D) are a zoomed-in version of (A) and (B). Each
color indicates segmentations from an individual image.

After cleaning the detections, the remaining pipe masks are matched across the images. The matching229
process consists of two steps. First, each mask is projected onto all other images and the intersection with230
the masks of these images is computed. This is done for all masks and all images. This process is depicted231
for one image pair in Figure 7, where (A) shows the target image on which masks of the source image232
(B) are projected. (C) shows this projection with pipe elements of the target image now displayed in gray.233
(C) shows that at least three pipe elements of the source image are projected onto pipe elements of the234
target image. This will result in a positive intersection area for these pipe element pairs indicating possible235
matches. Projections are based on the pinhole camera model (Hartley and Zisserman, 2003). Second, to236
validate that the overlapping masks are actual matches, they are projected into three-dimensional world237
view, voxels are down-sampled to one cm3 and DBSCAN (Ester et al., 1996; Schubert et al., 2017) is used238
to find distinct clusters that are at least 10 cm apart. Each of these clusters is subsequently considered an239
individual object.240

While the endpoints of the non-pipe objects are predicted by YOLO as outlined in Section 3.2.1, the241
YOLOv8 model used for instance segmentation does not predict keypoints. Thus, an approximation of the242
endpoints for the pipe objects is required. Pipe objects can be classed into two categories: straight pipes and243
non-straight pipes, such as bent pipes and T-fittings. We differentiate between these classes by computing a244
rotated bounding box around the objects and comparing its longest side against its shorter sides. If the ratios245
of length of long side

length of short side are larger than hyperparameter p threshold ∈ [0,∞), the pipe is classed as straight. If246
the ratios are equal or smaller than this hyperparameter, the pipe is classed as non-straight. Voxels are247
binned along the longest side of the bounding box and the mean of all voxels within the first and the last bin248
are used as the two endpoints of the pipe. Figure 8 (A) and (B) show wireframes of the hull of two straight249
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Figure 7. Projection of segmented pipes. (A) is the target image on which segmented pipes of the source
image (B) are projected. (C) shows the projected segmentations from (B) in color on the segmentations of
(A) in gray.

pipes in blue and the approximated endpoints as red spheres. For the non-straight pipes, it is generally more250
challenging to find an appropriate heuristic that gives satisfying results. Thus, we begin by computing the251
centroid of the object and place it towards the most relevant neighboring object. In detail, we find the object252
that has the highest number of voxels within p max distance ∈ (0,∞) meters of the hull of the pipe253
object and use the linear combination (1− p w)× centroid+ p w × neighbor to find the final position254
of the endpoint. p max distance is the maximal distance in meters around the pipe objects hull in which255
other objects are considered and p w ∈ [0, 1] controls how far a centroid is pulled towards the other objects.256
The pipeline sets p w = 0.3 which slightly nudges the endpoints towards the objects neighboring in close257
proximity. This process is executed twice for each centroid yielding two endpoints for each pipe object.258
Figure 8 (C) and (D) show two examples of two 90 degree bents. While this method provides satisfying259
results for most objects, it struggles with pipe objects that have an ambiguous shape (Figure 8 (E) and (F))260
as discussed in detail as part of the limitations in Section 6.261

3.2.3 Connection prediction and Graph generation262

The processes for non-pipes (Section 3.2.1) and for pipes (Section 3.2.2) yield endpoints for each object263
that can be used to predict how individual objects are connected and how all objects that form an entire264
hydraulic system relate to each other. The whole scene can effectively be described as a relational graph in265
which objects are nodes and object connections are indicated by edges between these nodes. The idea of266
the graph generation process is to first create a initial graph with probable connections and then refine this267
graph by defining and enforcing a set of rules. This process is depicted in Figure 9.268

The initial graph is generated by computing the pairwise distances between the endpoints of all objects269
and iteratively connecting objects, i.e., drawing edges between nodes weighted by their respective pairwise270
distance, starting with the smallest distance. Nodes are iteratively connected until all remaining distances271
between endpoints are larger than the hyperparameter graph max distance ∈ (0,∞). Two individual272
objects are restricted to a single connection. An example of an initial graph is shown in Figure 9 (A).273

The initial graph is then refined by defining a set of rules and enforcing them. This means that edges274
breaking at least one of the rules are deleted from the graph, beginning with the edge with the largest275
distance, until no further rule violation exists. For the hydraulic systems considered in this articles, the276
following rules are enforced:277

- Rule 1: Pumps and valves are limited to a maximum of two connections, tanks to a maximum of one278
connection.279
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Figure 8. Endpoint approximation of pipe elements. Blue lines are a wireframe representation of the pipe
elements while red spheres indicate approximated endpoints. (A) and (B) show approximations for straight
pipe elements, (C) and (D) for bent pipe elements, and (E) and (F) for ambiguous pipe elements.

- Rule 2: Pipes are limited to a maximum of three connections.280

- Rule 3: Neighbors of the same non-pipe object cannot be connected.281

- Rule 4: Single nodes are not allowed.282

- Rule 5: Cycles are not allowed.283

- Rule 6: Pipes directly connected to pumps are classed as Reducer/Expander.284

- Rule 7: Pipes with three neighbors are classed as PipeCrossing.285

The graphs in Figure 9 (B) through (H) display the results after enforcing each of the rules. While the286
initial graph (A) is convoluted and no clear system can be identified, the graph takes a more realistic shape287
with each step until its final shape is reached at (F). After that updates only address the type of the existing288
nodes. Straight and bend pipes are assigned type ’Pipe’, T-fittings are assigned type ’PipeCrossing’, and289
pipes adjacent to pumps are assigned type ’Reducer/Expander’. The diameter of the latter decreases or290
increase in the direction of the flow to facilitate proper functioning of the connected pump. The final graph291
is thoroughly discussed in Section 4.1.292

While these rules work well for the hydraulic system considered in this paper, they are not appropriate or293
sufficient for every type of structural critical infrastructure. However, the pipeline makes it straightforward294
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Figure 9. Graph generation. (A) shows the initial graph based on distance between endpoints, and (B)
through (H) show graphs enforced by the individual rules discussed in Section 3.2.3.

to add new rules. Each rule is essentially a function that takes the current graph as the input and returns the295
adjusted graph as the output. The way in which the function alters the graph is defined by the rule itself.296
For Rule 1, for example, the function gathers all pumps and valves, counts the connections of each and297
deletes edges beginning with the largest distance for instances where one pump or valve has more than two298
connections. Adding a new rule requires defining a new function and inserting it at the appropriate position299
relative to the other rules. An advantage of implementing rules as simple functions is that their behaviour300
can easily be validated and scrutinized by feeding them a graph that breaks the specific rule and observing301
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Table 1. Parameters used in the prediction of hydraulic systems 1 and 2.
Parameter Module System 1 System 2

np max distance Non-pipe matching 0.75 0.75
p matching min overlap Pipe matching 0.70 0.70
p threshold Pipe endpoint estimation 2.00 2.00
p max distance Graph generation 1.50 1.50
graph max distance Graph generation 1.50 1.50

if the returned graph no longer includes rule violations. This makes the rules transparent and their behavior302
predictable. Thus, this approach is easy to interpret, particularly, when compared to methods relying on303
deep learning black boxes as introduced in Section 2.304

4 RESULTS

This section presents the results for two hydraulic systems generated by the Unreal Engine 5 (Epic305
Games, 2022c), as discussed in Section 3.1. We compare the predicted graph against the ground truth306
in Figures 10 and 11 and highlight differences through three-dimensional plots depicting the individual307
objects of the systems in Figure 12. Neighboring connected pipe objects are contracted in these figures to308
make the comparison, both qualitative and through computing the graph edit distance Gao et al. (2010)309
as a quantitative metric, more convenient. Furthermore, we maintain the position of the pipes to enable310
downstream simulation. Hence, only the visual appearance of the graphs changes and no information about311
the actual 3D system is lost. This is shown in Figure 12 where each individual object is retrieved from the312
graphs. Values of the hyperparameters used to generate these results are shown in Table 1. Section 3.2313
describes all hyperparameters in detail and Section 5 discusses how hyperparameters were selected and314
conducts a sensitivity analysis. Potential implications of these differences are addressed in Section 6.315

4.1 Hydraulic system 1316

Hydraulic system 1 consists of one tank, one pump, one valve and one sprinkler as well as three T-fittings317
as displayed in the ground truth graph in Figure 10 (A). Figure 10 (B) shows the graph predicted by the318
pipeline detailed in Section 3.2 with errors indicated by red edges. The overall shape of the graphs is319
almost identical. The three T-fittings (displayed as ’PipeCrossing’) are present in both graphs and the graph320
starts with a tank on one end, followed by the pump and valve and pipe elements in between each of the321
non-pipe objects. Solely the sprinkler is not included. However, this is not a shortcoming of the pipeline322
itself but rather the sprinklers in the images of the specific data set are too small to be detected by the323
fine-tuned YOLOv8 model (Redmon et al., 2016). The graph edit distance Gao et al. (2010) using a cost of324
1 for deletion and insertion and a cost of 2 for substitution equates to 4. This indicates a high similarity325
between the ground truth and the prediction. Figure 12 (A) shows some errors in the prediction of the326
individual pipe objects. Particularly, there are instances where two subsequent pipe objects are falsely327
predicted as one pipe object: The gold pipe parallel to the y-axis at ground level at (-924, 819) and the328
olive pipe parallel to the y-axis at ceiling level at (-922, 820), respectively. Both pipes combine a straight329
pipe and a 90 degree bent in one pipe object. Moreover, the plot shows that the tank (bright green object at330
(-928, 817)) is approximated in the correct location but is not detected entirely missing a significant part331
towards the x-axis. Lastly, a pipe object at ceiling level at (-924, 819) is partly missing. Implications of332
these error and mitigation are discussed in Section 6.333
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Figure 10. Comparison of ground truth (A) to predicted graph (B) for hydraulic system 1.

4.2 Hydraulic system 2334

Hydraulic system 2 is more complex than system 1. It consists of two tanks, two pumps, three valves335
and four sprinklers separated by various pipes and T-fittings. The system has an X-shape with the tanks336
and pumps on one side and the sprinklers on the other as shown in the ground truth in Figure 11 (A).337
The prediction (B) of the side with the pumps and tanks only shows a minor difference in the number338
of predicted pipe elements between the valves and the pumps. This difference is due to the detection of339
extra pipe elements by YOLOv8 (Redmon et al., 2016), as discussed in Section 3.2.2, and the consequent340
incorrect matching within the pipeline. In Figure 12, these errors manifest, for example, as the small341
additional pink pipe element at (0, -6). The opposite side with the sprinkler system of the graph in Figure 11342
(B) is not connected to the graph due to an undetected thin vertical pipe at (-6, -8) in Figure 12 (B). See343
Figure 1 (B) for comparison, where the thin vertical pipe can be seen on the left. Similar to system 1, the344
sprinklers objects were too small to be detected by YOLOv8 and thus are neither included in the graph nor345
the three-dimensional representation of the system. The GED Gao et al. (2010) for the entire hydraulic346
system 2 is 22. Considering that the reason for the missing sprinklers is not the pipeline itself but rather347
the detection model which is just an input to the pipeline and can be replaced with any prediction model,348
disregarding the errors caused by the missing sprinklers might be a more accurate metric. In this case the349
GED drops to 10.350

5 SENSITIVITY ANALYSIS AND RUNTIMES

In this section, we want to outline how good values for the hyperparameters listed in Table 1 can be selected351
before analyzing the sensitivity of the outcome to changes in these hyperparameters.352
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Figure 11. Comparison of ground truth (A) to predicted graph (B) for hydraulic system 2.

Figure 12. Prediction of individual objects for hydraulic system 1 (A) and hydraulic system 2 (B).

An advantage of the modular approach presented in Figure 2 is that we can tune the hyperparameters of353
each module individually. For the none-pipe objects, the only hyperparameter to set is np max distance354
which controls the merging of objects detected in multiple images. Particularly, it provides the maximal355
distance in meters that detections can be apart in three-dimensional space to be combined into one object.356
Intuitively, this parameter can be set to just below the minimal pairwise distance between all non-pipe357
objects. Figure 13 shows the final none-pipe objects for different values of np max distance. Evidently,358
if the parameter is too small, one object might be falsely split into multiple objects as is the case for359
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Figure 13. Tuning of hyperparameter np max distance. Orange points indicate hyperparameters used
for hydraulic system 1.

np max distance = 0.25 in Figure 13 (A). If the parameter is set too large, multiple distinct object might360
be combined into a single object, however, this is not the case up to the maximum considered distance of361
1.5 meters in Figure 13 (F). Thus, setting the value to a distance that is just below the minimal pairwise362
distance between all non-pipe objects is advisable.363

The only hyperparameter that requires tuning for processing and matching the pipe objects is364
p matching overlap which controls the minimal required overlap of two masks to be matched together as365
shown in Figure 7. Figure 14 shows results for a range of p matching overlap values, where each color366
indicates one pipe object. If the parameter is set too low, many pipe objects will erroneously be matched367
together. If the parameter is set too high, individual pipe elements might be split into multiple objects.368
When setting this parameter, it is easiest to plot a range of different values and select the highest value for369
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Figure 14. Tuning of hyperparameter p matching overlap. Orange points indicate hyperparameters used
for hydraulic system 1.

which individual pipe elements are not split into multiple objects. In this case p matching overlap = 0.7370
meets this criteria. This process is feasible as the pipe matching process takes an average of 14.55 seconds371
to complete (as discussed later in this section) and thus enables rapid experimentation.372

When setting the remaining three hyperparameters p threshold, p max distance and graph max distance373
the same process as before can be applied as approximating the endpoints and generating the graph374
only takes 1.64 seconds. We chose the graph in Figure 10 as the best performing solution which uses375
p threshold = 2.0, p max distance = 1.5 and graph max distance = 1.5. To make this approach of376
setting the hyperparameters feasible for large scenes, hyperparameter tuning can either be performed on377
a small area of the scene and then used for the full scene, or it can be performed on one scene and then378
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Figure 15. Sensitivity analysis of pipeline hyperparameters. Orange points indicate hyperparameters used
for hydraulic system 1.

transferred to another. We opted for the latter option and tuned the hyperparameters on system 1 and379
applied the pipeline using the same hyperparameters to system 2.380

Furthermore, we conducted a sensitivity analysis of the hyperparameter to give further guidance on how381
changes affect the results. Figure 15 provides the graph edit distance (GED) (Gao et al., 2010) for four382
hyperparameters over a range of different values, where the orange circles display the hyperparameters383
used for the results presented in Section 4. The GED is computed with a insertion and deletion cost of 1384
and a node substitution cost of 2. We only adjust the value for the displayed hyperparameter while the385
others remain as given in Table 1. The analysis shows that values above p matching overlap = 0.6 and386
graph max distance = 1.0 result in similar GEDs, while p threshold and p max distance are more387
sensitive to changes displaying optimal values at 2.0 and 1.5, respectively. This indicates that it is advisable388
to set p matching overlap and graph max distance towards the upper end of the parameter range while389
results profit from a more precise tuning of parameters p threshold and p max distance following the390
process detailed above.391

Finally, we present the runtimes of the individual modules of Figure 2 in Table 2. These runtimes392
correspond to the 29 runs of the sensitivity analysis. The mean time it takes to run the entire pipeline393
once is 785.68 seconds with a standard deviation of 3.85 seconds. However, results of earlier modules394
can be saved and reused for subsequent module such that for each module previous modules do not have395
to be run again. For the hyperparameter tuning of the parameters in the modules Pipes endpoints and396
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Table 2. Runtime statistics in seconds from applying the pipeline 29 times with different hyperparameters
to hydraulic system 1.

Process n Median Mean Std. deviation Minimum Maximum

Preprocessing 29 67.02 67.10 0.52 66.16 68.61
None-pipes object detection 29 3.06 3.09 0.11 3.01 3.60
None-pipes location approximation 29 90.34 90.25 1.55 86.93 92.51
None-pipes matching 29 15.49 15.52 0.14 15.33 15.90
Pipes object detection 29 16.17 16.18 0.13 15.93 16.54
Pipes cleanup 29 14.56 14.54 0.20 14.04 14.84
Pipes matching preprocess 29 553.24 552.02 3.58 544.70 557.84
Pipes matching 29 14.36 14.55 0.79 13.68 16.74
Pipes endpoints 29 1.14 1.05 0.27 0.42 1.48
Graph generation 29 0.58 0.58 0.09 0.41 0.99
Total 29 759.20 758.68 3.85 751.64 766.27

Graph generation this means that previous modules do not have to rerun again and various hyperparameter397
combinations for p threshold, p max distance and graph max distance can be tested as they only take398
1.63 seconds on average to evaluate. This enables rapid experimentation and makes the process of setting399
the hyperparameters as described above feasible and practical. Experiments were run in parallel on an Intel400
Xeon Platinum 8260 CPU and 192 GB RAM.401

6 DISCUSSION

The results presented in Section 4 show that a combination of data acquisition via photogrammetry, object402
detection on images and graph generation with an user-defined set of rules is able to generate graphs that are403
close to the ground truth for two hydraulic systems. While the detection and matching of relevant objects404
and the prediction of their relations and connections works well, the following points should be noted.405
Firstly, pipe elbows and T-fittings are treated identical and for both exactly two endpoints are computed,406
although T-fittings have three connection points in reality. Rule 2, described as part of the graph generation407
process in Section 3.2.3, limits the number of connections of each pipe to a maximum of three. This enables408
the method to identify the T-fittings although they are not detected as such initially. Secondly, the location409
approximation of non-pipe objects as described in Section 3.2.1 uses some crude heuristics to prevent410
the need of time-consuming labelling required for instance segmentation of the objects. Albeit that the411
heuristics are crude, they are able to approximate the location of the non-pipe objects sufficiently as shown412
in Figure 12. The pumps are the most complex objects and are clearly identifiable in both images. Only the413
tank in Figure 12 (A) is hard to identify. However, this is because the side of the tank towards the x-axis is414
not included in any of the images and thus cannot be detected. Thirdly, we use a simple approximation415
for the pipe endpoints as presented in Section 3.2.2. The results show however that this approximation416
is sufficient for connecting most pipe elements. Only the approximation of many small pipe elements in417
close proximity as, for example, around the valve between the pumps and tanks in system 2 is challenging.418
For the use in digital twins and simulations, it is likely that the individual pipe elements between two419
non-pipe objects will be contracted into a single pipe object as it is the case for the graphs in Figure 11 and420
12. Hence, the pipe objects between two non-pipe objects are more relevant than how they are connected.421
While this means that the pipe predicted by our method will be correctly represented in the simulation422
model, it would be preferable to have a more accurate way of approximating endpoints for smaller pipes423
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that will make the prediction of connections more robust. Section 3.2.2 showed that the approximation424
performs poorly on pipe elements that are of ambiguous shape, i.e., they are not identifiable as straight or425
bent pipe elements. A more precise approximation could alleviate this issue. Fourthly, Section 4 showed426
that some subsequent pipe elements were mistakenly matched together resulting in fewer pipe objects427
than actually exist. Although technically incorrect, this makes no difference for the functioning of the428
digital twin if we apply the same logic as for the previous point assuming that the matched pipe elements429
are actually connected in reality. Consider the case where two subsequent pipe elements are detected as430
two distinct objects, and the case where the same two pipe elements are falsely matched into a single431
object by the pipeline. When the 3D locations of the pipes that are stored in the graph are transferred432
into three-dimensional representation, the model will be the same. The only difference is that for the first433
case the pipes are connected when transferring the objects into the 3D representation while for the second434
case the pipes are already connected before the transfer. The model on which the downstream simulations435
are based will be identical and so should the simulation accuracy. Lastly, we want to point out that the436
performance of the proposed pipeline of this article is heavily influenced by the quality of the images437
and the models used for object detection and instance segmentation. Low-resolution images might not be438
accurate enough to accurately predict all relevant objects and segmentation masks might be ambiguous439
resulting in the inclusion of other objects or portions of the background. It can also make training more440
challenging for the model and prevent it from learning the most important features. Errors made by the441
prediction model, e.g., due to shortcomings in the model itself or poor image quality, are challenging to442
be reversed downstream in the pipeline. While the multiple perspectives of the images provide multiple443
opportunities to detect each object, some objects, such as the sprinklers or the thin vertical pipe in system444
2, were not detected by the fine-tuned YOLOv8 model (Redmon et al., 2016) and thus were not included in445
the final graphs. To mitigate this issue, (a) the detection model could be improved with more training data446
focusing on areas with poor performance, (b) a different model could be explored, or (c) more images of447
the hydraulic system could be included that show the challenging objects more clearly.448

Considering the limitations of the approach presented in this article, future work should address the449
approximation of the location of the non-pipe objects and of the pipe endpoints. One possible solution450
could be the skeletonization of the pipe elements as discussed in Alex and Stoppe (2025) and Meyer et al.451
(2023). Furthermore, although the object detection achieved good results overall, there were issues in452
detecting smaller objects, such as sprinklers and thin pipes. It could be investigated if this can be improved453
by collecting more images where small objects are depicted prominently, increasing image resolution,454
or improving the model, e.g., by exploring the use of vision transformers (Yuan et al., 2021). Updating455
the model would not affect the pipeline in any way: The detection models are inputs to the pipeline and456
can be replaced with any preferred model. While the differentiation between straight pipes, elbows and457
T-fittings worked well in the example test environments, adding them as different object classes in the458
’Object detection and and instance prediction’ module could make the results more robust as it would make459
the use of crude heuristics redundant. The models could also be extended to detect more objects than pipes,460
pumps, tanks, and valves. This would pave the way for applying the pipeline to environments other than461
hydraulic systems. The latter would at the same time help to validate the method further. While the pipeline462
shows promising results on generated scenes that mimic real infrastructure, it remains a prototype until463
it can be validated on a real-world example. Thus, the main objective for the future remains testing and464
validating the pipeline on an actual critical infrastructure.465
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7 CONCLUSION

This article proposes a prototypical graph generation pipeline that shows the relations between relevant466
predetermined objects that are instrumental to the type of critical infrastructure in question. For example,467
this study investigates hydraulic systems for which pipes, reducers, expanders, tanks, valves and pumps468
were identified as relevant. The pipeline is based on a combination of photogrammetry, deep learning for469
object detection and instance segmentation, and heuristics for inferring relations between objects. The470
use of these methods has the advantages of being cost-efficient (both hardware for data collection and471
computation) and accessible. The user-defined set of rules for the ’Graph generation’ module makes it easy472
to tailor the pipeline to specific use cases and transfer it from one problem to the next, while its transparency473
and explainability are vital for the high stakes decision-making required for critical infrastructure.474
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