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Abstract

Construction tracking currently lacks strong quantitative
methods to understand the progress and efficiency of a con-
struction site over time. This work aims to improve con-
struction monitoring and provide feedback mechanisms by
evaluating a 3D open-scene understanding method for the
unique challenges of the construction environment. With
the recent surge in robust 2D vision foundational models,
this method uses foundational models SAM and Ground-
ingDINO to provide context from multi-view renderings
of the scene. Semantic segmentation and labels are pre-
dicted for user-defined queries in 2D and are then projected
to 3D to create a unified semantically segmented mesh
model. Quantitative evaluation on an evaluation dataset
show promising zero-shot capabilities, however, segmenta-
tion includes errors due to ambiguity between assets and
dataset limitations. Qualitative evaluation of the 3D con-
struction dataset shows some successful segmentation, but
significant improvements are required to properly capture
the long-tail concepts of interest in the construction indus-

try.

1. Introduction

Real-world scenes, particularly in the built environment,
may undergo significant structural or usage changes when
observed over long periods. Analyzing and tracking struc-
tural or usage changes can provide valuable feedback to
the historically wasteful construction and design industries.
Currently, construction managers rely on anecdotal and vi-
sual estimates to track construction progress. Beyond the
building plans, there is no consistent captured documenta-
tion of the progress of the building, structural changes, lo-
cation of installed assets, or construction errors causing re-
work. In addition, in constructed buildings, usage changes
such as rearranging room assets can provide valuable feed-
back to architects and designers to optimize layouts and de-
signs for future buildings. Data cannot be captured contin-
uously, and scene measurements may be spaced weeks or
months apart. In a construction site environment, the scene
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may have extreme structural changes. This project explores
the initial stages of creating a spatiotemporal scene under-
standing model to provide queryable resources for the ar-
chitecture, engineering, and construction industries.

Given the timeline for this course project, the focus will
be limited to a simplified version of the overall project as
the first step toward a unified spatiotemporal model. This
project hopes to develop a simplified version for construct-
ing a unified 3D semantic segmentation given a scene given
an arbitrary set of open vocabulary assets. For the scope of
the class, the initial focus lies on one-shot open vocabulary
segmentation on long-tailed concepts of interest. This rep-
resents the first steps toward a unified 4D scene model to
provide consistent instances.

Open vocabulary semantic segmentation will facilitate
the construction tracking task described. By querying a 3D
semantic model for a question of interest, volume estimates
can provide quantified metrics that represent the Ideally, a
construction manager would be able to query progress and
usage using statements such as "Where is every light bulb
in the building?”, ”What percent of the insulation has been
installed?” or “Identify the rework which occurred”. Al-
though evaluation for topic-agnostic queries is essential for
open vocabulary methods, this paper will specifically focus
on the ability to consider construction-specific queries to
consider the construction industry application.

The proposed method leverages existing foundational
2D vision language models to provide scene semantic un-
derstanding when lifted to the 3D scene. It inputs a tex-
ture 3D mesh and predicts semantic labels per mesh trian-
gle for arbitrary user queries. This allows the semantic seg-
mentation of arbitrary assets of interest, which differs from
training only on assets available in standard 3D segmen-
tation datasets. In addition to enabling several construc-
tion tracking tasks, open-scene understanding may facilitate
and improve the annotation for other various topic-specific
datasets.



2. Related Work
2.1. Zero-Shot 2D Scene Understanding

Unlike closed-set scene understanding, which leverages
ground truth annotation, zero-shot vocabulary scene un-
derstanding has recently been enabled due to robust foun-
dational vision models. Works like CLIP have shown
that large-scale pre-training on image-text pairs can result
in powerful models capable of zero-shot transfer to vari-
ous downstream tasks, including scene understanding [18].
While CLIP provides a per-image feature embedding, LSeg
is a language-driven model that provides text embeddings
per image pixel and produces segmentation predictions that
align with text queries [13]. OpenSeg is a similar model
which outperforms LSeg due to its scalability [7]. Working
with large-scale indoor scenes requires multi-view fusion
from thousands of images; these per-image or per-pixel em-
bedding methods are not feasible with the computing avail-
able for this project.

Segment Anything (SAM) is a foundational model that
can produce open-world segmentations of 2D images with
solid performance due to the immense scale of training
data used [12]. Grounding DINO, a text queryable ob-
ject detector that pairs objects with input text queries, also
has strong open-world performance [14]. From Ground-
ingSAM, which marries these approaches [20], this project
leverages both SAM and GroundingDINO foundational
models for semantic segmentation. These methods will be
discussed in more detail in Section 3.

2.2. 3D Scene Understanding

ScanNet200 is a standard benchmarking dataset for 3D
segmentation and, when proposed, increased the categories
for 3D segmentation from 30 to 200 [21]. Current leading
models of the ScanNet200, PTv3 advances performance by
recognizing model performance can be improved more sig-
nificantly with scale rather than model design [31]. Super-
vised methods such as Contrastive Lift leverage neural field
representations to lift 2D instance segmentation to 3D, en-
couraging consistency [3].

Although this approach works well for tasks evaluated
within the scope of the training data, a sufficiently diverse
3D dataset does not exist to emulate the robustness of cur-
rent 2D foundational vision models. As a result, a consider-
able focus of open-vocabulary 3D scene representation re-
search has been leveraging 2D foundational vision models.
CLIP-FO3D [35] uses transfer learning from CLIP by ex-
tracting image features in 2D and projecting them to 3D
voxels. A 3D CNN scene understanding model is trained
from the projected CLIP features, which act as a pseudo-
ground truth; however, it is limited by an upper bound of the
CLIP to the projection network. OpenScene also uses CLIP
and Lseg to extract feature vectors from multiple views of

the 3D scene [17]. This method uses these views to train a
3D network to produce 3D labels, then later ensemble the
predictions from the 2D views and 3D model based on the
cosine similarity of the feature embeddings. One drawback
is that these approaches result in heat maps when queried
rather than instance segmentations.

OpenMask3D instead approaches [25] 3D scene under-
standing with instance segmentation. It relies on mask3D,
a 3D mask proposal network, the transformer-based mask
module trained on ScanNet200 [23]. For each proposed
mask, multiple views on specific instances aggregate CLIP
features. OpenMask3D shows that the limiting factor in
their model is the 3D masking method. SAM3D proposes
using SAM to propose 2D masks, which are then projected
to 3D and heuristically merged [33]; however, the merg-
ing process is the primary cause of failure cases. Instead,
our method uses GroundingDINO to ground object masks
to the queries of interest, discarding unwanted masks before
3D projection. Segment3D has improved 3D masking on ar-
bitrary classes by leveraging 2D segmentation foundational
models [10].

The proposed algorithm will build off of work from
OpenMask3D [25]. However, rather than CLIP to seman-
tically embedded information, we explore the efficacy of
using GroundedSAM to[20] to create annotated masks of
2D renders of the 3D scene. Another difference between
existing and proposed methods is the choice of 3D repre-
sentation. Semantic segmenting often occurs on 3D point
cloud data, or mesh information is voxelized for computa-
tional efficiency. To directly produce semantic labels for
the 3D input mesh, instead, this method predicts labels per
mesh triangle.

2.3. Construction Applications

Computer vision application to the architecture, engi-
neering, and construction (AEC) industries has been an on-
going area of research, especially as a monitoring tool[32].
Golparvar et al. utilized 3D point clouds captured from
construction sites, and 4D Building Information Models
(BIMs) were used to train a material classification model for
construction progress tracking. However, the method relies
on manual assignment of correspondence and now outdated
methods. Within deep learning, most methods reviewed by
Xu et al. follow CNN-based approaches [32]. In addition
to the application of construction progress tracking, as dis-
cussed by Armeni et al., computer vision has a strong po-
tential in other areas of the AEC industry, such as predicting
re-use material patterns and opportunities [1]. This project
instead examines the application of a 3D scene understand-
ing method, which leverages 2D foundational vision lan-
guage models on long-tail distributed concepts important to
the architecture, engineering, and construction (AEC) in-
dustries.
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Figure 1. Technical Implementation: The method can be divided into three stages: 1. Mutli-view 3D scene, 2. 2D segmentation, and 3.
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into three steps: 3D data processing, 2D segmentation, and 1 ’i

3D aggregation.

3.1. 3D Data Module

Preprocessing is performed for both datasets. First, mesh
information is transformed with respect to a base scan as de-
fined by the metadata provided. Once normalized, Trimesh
produces 2D camera renderings of the 3D mesh at various
poses [6] and consistent camera intrinsic parameters with a
field of view of 90°. These poses are determined from the
original capture locations of each dataset.

In addition to capturing a rendering at each camera lo-
cation, rays are cast. Ray casting uses the same camera’s
intrinsic and extrinsic properties to determine the source of
the pixel in question. Equation 1 represents the relation-
ship between the point in 3D and the image pixel location
given the camera matrix K, the rotation and translation ma-
trix controlling extrinsic parameters R and T, respectively.
The 3D point can be solved with a scale ambiguity, repre-
sented by a. As a result, the equation is represented by a
line in 3D space or a ray.’ This ray is traced until an inter-
section with the 3D mesh occurs. Then, this intersection is
used to associate every pixel in the rendered image with the
corresponding mesh triangle from which it is sampled. The
implementation for this project utilizes Trimesh and Intel
Embree, a high-performance ray tracing library to acceler-
ate calculations [29]. This provides the 3D sources from
each image and allows 2D to 3D correspondences later in
the pipeline.

3.2. 2D Segmentation Module

In the second stage, we employ transfer learning. 2D
foundation vision models are leveraged to enable open vo-
cabulary queries inspired by the GroundedSAM demo [20].
First, GroundingDINO uses the input query in pair with ev-
ery rendered image. The queries used on the 3RScan dataset
are all classification categories for training and evaluation,
but in practice, any open-set vocabulary can be used.

Grounding DINO is a union between DINO, the
transformer-based 2D object detector, and grounding pre-
training, which pairs text and object detection. The text
queries and image features are encoded and augmented to
lie in a unified representation space. This allows Grounded-
DINO to recognize relevant features from both modalities
and assess their similarity. The model outputs are a set of
objects detected by defining bounding boxes and similarity
scores with each of the text queries. For this implemen-
tation, GroundingDINO’s object recognition model assigns
only the maximum text label for each object recognized if
similarity exceeds a certain threshold.

In the next stage, bounding box proposals associated
with text labels are input into Segment Anything (SAM)
to produce segmentation masks to isolate the object from
the background. The SAM architecture leverages a trans-
former backbone to extract image embedding and a smaller
mask decoder network to generate masks, both of which
were trained on over 1 billion segmentation tasks. An ex-
ample of a single rendering after being queried for *column’
is shown in Figure 2.



Figure 2. Example Output from GroundedSAM

Alternative methods using CLIP and OpenSeg were also
considered. Both are transformer-based methods that pro-
duce image feature vectors by using an image encoder
trained on a large amount of paired text and image data. The
prior creates one feature vector for each image while the lat-
ter produces per-pixel features by visual grouping [?]. With
this implementation, text queries are encoded, and these can
be projected and ensembled at the 3D level to enable open-
vocabulary queries after 3D aggregation. To prevent feature
collapse rather than voting on query similarity or simply av-
eraging features from different views, the cosine similarity
of feature vectors for the same mesh triangle from different
views could be evaluated. A clustering method could group
inliers and outliers based on whether the views agreed on
the semantics of the triangle. Inliers could then be averaged.
The initial decision to use GroundedSAM rather than CLIP
features is due to the preliminary investigation into the per-
formance of foundational models on construction objects.

3.3. 3D Aggregation Module

Since ray-mesh intersections are pre-processed in the
first step of the pipeline. Aligning the resulting semantic
masks in 2D to their corresponding 3D mesh triangle is
simple. Each mesh triangle has a weighted average accu-
mulation of ’votes’ for each query input to aggregate the
information from multiple views. The weighting is deter-
mined by the confidence of the 2D segmentation models,
both the confidence in the image-text object detection and
the mask. The resulting output is a labeled 3D mesh of the
entire scene based on the user-defined text queries.

Other design options for the 3D aggregation model were
also considered. Inspired by OpenMask3D [25] rather than
voting per mesh triangle, instead vote per mask produced by
a separate 3D mask proposal network such as Mask3D [23]
or Segment3D [10]. However, a drawback to this method
is the mask proposal networks are often trained on datasets
like ScanNet or S3DIS [2], which are not representative of
the NSS dataset. In addition, challenges such as holes and
artifacts that are present in the mesh present challenges for
these models.

4. Analysis
4.1. Data

The datasets used for this project are 4D mesh scan data
for indoor spaces. The 3D scans have a temporal aspect;
some change occurs between scenes. Although the tem-
poral information was not explored for the scope of this
course, these datasets were explicitly chosen as opposed to
other more common datasets like ScanNetV2 with future
project development in mind.

4.1.1 Nothing Stands Still (NSS) Dataset

The project’s overall goals align with the data available in
the Nothing Stands Still Dataset [24]. This dataset captures
six buildings in construction or renovation with 2-6 time
stages spreads weeks or months apart. Overall, there are
27 individual scans of large building areas. A 3D textured
mesh reconstruction is available for each building stage,
providing RGB-D information. However, original images
that reconstruct the mesh scene and ground truth annota-
tions are unavailable. Additionally, the dataset does not
have ground truth annotation. Although NSS will be in-
cluded in the qualitative evaluation and will drive the de-
sign of the method, a second dataset is included to ensure
quantitative evaluation.

For NSS, only the x and y coordinates are provided for
camera poses. To get a sufficient view of the scene in the
3D Data model of the pipeline, at each camera point, views
vary in the pitch and yaw of the camera orientation.

There are several challenges with this dataset. Rendered
images have some mesh artifacts or holes, do not fully re-
semble natural images, and are sometimes challenging for
a human to discern. An example rendering is presented in
9. Another significant challenge of this dataset is the size.
To get sufficient coverage of the elements within the scene,
around 6500 camera views were defined. However, render-
ing an NSS data mesh that exceeds 1 million vertices was
extremely slow. To combat this, smaller mesh sections were
cropped and individually processed. Additionally, the tex-
ture is removed from the mesh when determining ray mesh
intersections to aid with runtime. Finally, for the use of
foundational models, the contents and assets of interest in
this dataset may also present a challenge. Due to the specific
nature of construction tracking, many concepts or objects
may not be featured in commonly used computer vision
datasets. For example, common structural elements such
as ’column’ are not included in ImageNet, while 'beam’ is
included in a class that also contains ’balance beam’ [22].
Without high-quality data, fine-tuning existing models for
construction tracking can also be challenging.



Figure 3. NSS rendering Example

4.1.2 3RScan Dataset

The method will be quantitatively evaluated with the
3RScan dataset [30]. This dataset contains 3D mesh recon-
structions from naturally changing indoor environments. It
is limited concerning the long-term scope of this project as
it captures only small-scale room changes, such as furni-
ture rearrangement, without any structural change. There
are 1482 scans of 478 scenes. Each mesh triangle is an-
notated following several different common semantic cate-
gories, including the eigensplit, ScanNet, and NYU40. For
this project, the specific 3Rscan semantic segmentation cat-
egories, including additions to the NYU4O0 list, were used
with the extension to temporal instance segmentation in
mind. Scans are tagged in test (46), validation (47), and
training categories (385). For the purpose of the quantita-
tive metrics, input queries are the set of ground truth labels.

3RScan metadata includes the specific camera extrinsic
matrices used for the original scene capture. These posi-
tions are vertical images that are very close to the bound-
aries of the scene and, thus, do not give much context to
the entire scene. Therefore, camera positions are adapted to
’zoom out’ and rotate to the horizontal position.

4.2. Metrics

Using 3RScan, the quantitative evaluation will use the
standard 3D instance segmentation metric, average preci-
sion (AP). AP is a weighted mean of precision at each
threshold where the difference in recall at the current ver-
sus the previous threshold determines the weighting. The
equation for average precision is found in 2, P, and R,
indicate nth threshold precision and recall, respectively.

AP =3 (Ru—Ra-1)Pn @

To evaluate this method’s semantic labels, 3RScan pro-
vides a unified ground truth for AP scores. Note that al-
though this method is not an instance segmentation method,
the output of this model classifies each triangle index as
a label based on the input query. A common segmenta-
tion metric Jaccard (IOU) score compares the overlap of
predicted and true segmentation maps. Since output does

Figure 4. 3RScan Segmented 3D mesh using given classes as the
queries

not create a segmentation map with a spatial definition, this
metric cannot be used to compare it to baselines. The ex-
pected qualitative results from the NSS dataset are limited
to visual inspection of resulting 3D scenes and masks across
the available time stages.

4.3. 3RScan Results

Several method parameters were explored using the
3RScan Dataset. These include text and box thresholds for
the 2D segmentation models. In addition, camera param-
eters were explored, which control the trade-off between
the amount of image context and the performance. Images
rendered too close to the mesh will not provide meaningful
context for the model to determine similarity to the queries;
for example, the difference between a wall and the floor
may be minimal if the camera only sees a surface. Images
too far from the mesh may be too busy and challenging to
parse and discern. These were chosen after validating on
3RScan using a grid search. Batches were chosen as 10
scenes due to the high computing time required for process-
ing. Other structural changes were explored in an ablation
study discussed in Section 4.3.

The final design has a mean AP score (mAP) of 0.4482.
A qualitative segmentation example is presented in Figure
4. A legend defining the color-to-label associations can be
found in Figure 12 in the Appendix.

Currently, other semantic segmentation benchmarks are
not reported for the 3RScan dataset, and since existing
methods do not produce triangle index labels, they can-
not be directly compared. Although quantitatively, this is
well below the performance of current state-of-the-art meth-
ods on benchmarks like ScanNet200, this is expected be-
cause the open vocabulary approach increases generaliza-
tion, which improves flexibility but reduces performance on
closed-set tasks.

The resulting confusion matrix from the 3RScan test set
in Figure 5 shows common failure cases. The most common
semantic segmentation error was towels labeled as curtains,
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Figure 5. Confusion Matrix Evaluated on 3RScan Test Set

doors as windows or walls, and blankets as beds. These
failures are intuitive. The challenges arise where labels are
semantically similar, as in the case of curtains and blankets,
visually similar, as in windows and doors, or hierarchical, as
in blankets on beds. The categories with the highest num-
ber of true positives were toilets, plants, curtains, pillows,
walls, and floors. These classes tend to be either visually
distinct or very common, thus well represented in founda-
tional models.

To evaluate the qualitative results for 3RScan, the pre-
vious example scene will be analyzed in more detail. A
textured close-up of a corner of the room is presented in
Figure 6, along with the ground truth segmentation Figure
7 and our method’s segmentation results in Figure 8.

This example demonstrates both successful areas and
failure cases seen with this method. First, the model per-
forms very well with pictures, the couch and pillows, and
most walls. However, the black cabinet is misclassified as
a couch. Visually referencing the textured example scene,
holes in the mesh in these areas are present, and the black
color makes the cabinet hard to discern. Another notable
failure is classifying the wall behind the TV as a curtain.
In the ground truth, the wallpaper print accent is labeled
as a uniform wall; it is not completely clear visually what
the material wall element is. In addition, this method suc-
cessfully segments a plant located on the black cabinet unit,
which is not labeled the ground truth segmentation. These
failures highlight limitations in the 3RScan data; meshes
have some artifacts, some ambiguity in the features exists,
and there are some errors in annotations.

Figure 8. Our Method Segmentation

Table 1 shows the results of the ablation study, which
demonstrates the importance of considering each model’s
predicted confidence. Labels are simply aggregated by ma-
jority voting from the multi-view renderings for the base-
line. Weighting each vote by Grounding DINO and SAM’s
confidence are independently evaluated. Finally, the best-
performing model weights each vote by the product of each
model’s confidence.

| Approach | mAP |
Baseline (majority voting) 0.3542
Weighted by SAM confidence 0.3867
Weighted by GroundingDINO 0.4027
Full Method (weighted by both) | 0.4482

Table 1. Ablation Experiments

4.4. NSS Results

Although the results on the 3RScan dataset are promis-
ing and provide a quantitative way to refine the approach,
performance on the NSS dataset is more important to the
application purpose of this project. The method was tested
on subareas of the NSS dataset and qualitatively evaluated.



Figure 11. Our Method Segmentation

Figure 9 shows the qualitative results on an example section
of NSS Building 6 Stage 2.

Figures 10 and 11 show a close-up example of the tex-
tured scene and the resulting labeled scene, respectively.
For a detailed legend of the colors associated with the
queries used for this evaluation, see Figure 12 in the Ap-
pendix. Note that the color blurring between triangle labels
is an artifact of the visualization library visible only on the
NSS data since triangle density is lower. Each mesh triangle
is assigned only one label.

The model accurately labels the scene’s columns, floors,
plastic sheets, ceilings, carts, and doors. However, the la-
bels do not capture more specific details, such as pipes,
insulation panels, and air ducts. These concepts are more
challenging than the foundational vision models. Although
the model provides some semantic context to the scene, the
qualitative results are unsuccessful.

The rendering speed limitation on the NSS data is the
major limiting point for the number of views. Increasing
the number of views would increase the number and variety
of votes, if possible. One possible reason for the failure of
more specific assets is the renderings capturing too wide of
a scene. The original scan positions chosen were near center
points in individual rooms of the buildings. Images are very
busy and contain a lot of construction topics. Overall, the
model is more likely to be confident the asset is a more gen-
eral feature, such as a wall, rather than insulation, which is a
child feature of the wall. Limiting the context in each image
may improve the recognition of more specific assets. How-
ever, determining adequate camera position in construction
mesh data is particularly challenging since scenes are large
and very open; thus, isolating elements is not always possi-
ble. One possible change to address this problem would be
to use the top 5 object labels for the voting scheme rather
than only assigning the top-scoring label.

5. Conclusions

Overall, this project represented an initial investigation
of the application of foundational vision models for con-
struction tracking. The performance on the construction
dataset, Nothing Stands Still, was initially limited. Al-
though performance metrics on indoor scenes in 3RScan
show promise, there is a large gap in the transfer to long-
tailed concepts in construction data.

Data is the primary limiting factor for the project. First
is the lack of labeled semantically segmented construction
datasets. Fine-tuning SAM on relevant 2D datasets could
improve the segmentation results. Due to holes and arti-
facts in the NSS dataset, renderings do not always resemble
natural images. Data cleaning methods should be explored,
such as 3D mesh super-resolution to attend to clean up arti-
facts or image in-painting for holes in the mesh renderings.
Finally, augmenting the annotations in 3RScan or selecting
specifically relevant scenes to increase the context overlap
between the NSS and 3RScan results would allow for more
specific development.

Compute significantly impacted the model’s perfor-
mance on the NSS dataset due to the processing limitations
of renders. Since renders were expensive, the number of
views was limited to test a reasonable number of rooms.
This, however, heavily impacted performance as mesh tri-
angles may only be in view of a few images, and the vot-
ing will not have an adequate number of votes to benefit
from the confidence weighting. Major future development
is required for the NSS dataset to improve computational
processing time, enabling a more thorough accumulation of
2D views. Specifically transitioning to open3D [36], a 3D,
more efficient data handler.

If computational resources had not been a problem, addi-
tional investigation of using feature vectors, which require



much more memory, should have been explored. Applying
foundational models such as OpenSeg to produce feature
vectors per mesh triangle would have allowed user queries
to interact with a unified 3D model rather than before the
aggregation of views.

Future goals of this project include creating instance-
based tracking. This will help understand how the con-
struction scene changes over time and enable temporally
based queries. A potential area of development would be
to explore the adaptation of AST-GRU’s spatial and tempo-
ral transformers to output instance labels will be adapted to
output instance labels rather than the classification of en-
tire sequences [34] to explore consistent temporal segmen-
tation, semantic embedding, and instance labeling enforce-
ment. The goal will be to jointly optimize by incorporating
both the 3D geometry and temporal information.

Appendix
Supplemental Figures

Figure 12 shows the legend for the query asset to visual-
ization pairs for each dataset.

3R Scan Label NSS Scan Label

wall
floor
cabinet
bed
chair
sofa
table
door
window
counter
shelf
curtain
pillow
clothes
ceiling
fridge

2

towel
plant
box

toilet
sink
lamp
bathtub
object
blanket

o LIS RLLAN

nightstand

wall

floor
ceiling
column
beam
insulation
panel
door
window
ladder
machinery
cart
airduct
sheet
wire
table
wood

Figure 12. Color-Label Legend
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Code

The Grounding-SAM project [20] which combines
Grounding Dino [14] and SAM [12] The GroundingSAM
repository is used for installation, and the sub-packages
and some interfacing API are used. In addition, follow-
ing Python libraries are used in the code: Trimesh, [6],
PyTorch [15], NumPy [8], Pillow [26], OpenCV [4], Mat-
PlotLib [11], SciPy [28], scikit-learn [16], HDFS5 for Python
[5], pyglet [9], and plyfile [19]. As well as Python 3.10 and
supporting libraries io, o0s, sys, argparse, collections, zipfile,
Pathlib, json, and itertools [27].
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