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Abstract

Accurate object detection and measurement within indoor environments—particularly
unfurnished or minimalistic spaces—pose unique challenges for conventional computer vi-
sion methods. Previous research has been limited to small objects that can be fully detected
by applications such as YOLO, or to outdoor environments where reference elements are
more abundant. However, in indoor scenarios with limited detectable references—such
as walls that exceed the camera’s field of view—current models exhibit difficulties in
producing complete detections and accurate distance estimates. This paper introduces
a geometry-driven, redundancy-based framework that leverages proportional laws and
architectural heuristics to enhance the measurement accuracy of walls and spatial divisions
using standard smartphone cameras. The model was trained on 204 labeled indoor images
over 25 training iterations (500 epochs) with augmentation, achieving a mean average
precision (mAP@50) of 0.995, precision of 0.995, and recall of 0.992, confirming convergence
and generalisation. Applying the redundancy correction method reduced distance devi-
ation errors to approximately 10%, corresponding to a mean absolute error below 2% in
the use case. Unlike depth-sensing systems, the proposed solution requires no specialised
hardware and operates fully on 2D visual input, allowing on-device and offline use. The
framework provides a scalable, low-cost alternative for accurate spatial measurement and
demonstrates the feasibility of camera-based geometry correction in real-world indoor
settings. Future developments may integrate the proposed redundancy correction with
emerging multimodal models such as SpatialLM to extend precision toward full-room
spatial reasoning in applications including construction, real estate evaluation, energy
auditing, and seismic assessment.

Keywords: computer vision; sensing technologies; industrial quality inspection; automatic
optical inspection; machine learning; deep learning; SpatialLM; object measurement; indoor
spatial modeling; smartphone-based sensing; real estate image analysis; geometry inference

1. Introduction
1.1. Background

Machine learning approaches to object classification and measurement have primarily
targeted objects that fit entirely within the camera’s field of view. However, when applied
to larger structures such as walls or room dimensions, existing methods often exhibit
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reduced precision, particularly in the absence of advanced depth-sensing hardware in
consumer-grade devices.

At a foundational level, when applying machine learning to object measurement and
recognition, a certain degree of geometric knowledge is required to enable continuous
recalibration. Previous research has explored approaches for measuring spaces or recalcu-
lating object distances relative to smartphone cameras [1,2]. Such studies are essential for
establishing automated processes of object detection through the combined use of machine
learning and computer vision.

One example is the use of open-source software (OSS) written in Python3 [3], such
as Ultralytics or YOLO [4-6], for training and detection, with the additional possibility of
deployment on cloud-based serverless platforms such as AWS Lambda [6-8]. Ultralytics
and YOLO (You Only Look Once) are OSS frameworks with pre-trained models that
provide accessible and effective starting points for practitioners and researchers at the
foundational level [9-11].

Object detection has become increasingly common in computer vision [12], with ap-
plications ranging from autonomous driving to medical imaging, owing to its ability to
perceive features beyond human visual capability. Although the present study does not
address scenarios as complex as those domains, it requires a stable framework to achieve
reliable measurement accuracy.

In this context, YOLO offers a lightweight, deployable solution that can operate di-
rectly on mobile or edge devices without cloud dependency, making it suitable for rapid
prototyping and user-facing applications such as real estate visualization or construc-
tion surveys.

At the same time, emerging approaches such as SpatialLM [13] extend the paradigm
by processing 3D point clouds and enabling structured indoor modelling at the room and
layout level. SpatialLM demonstrates how large language models can be trained not only
for text and images but also for spatial reasoning, offering richer semantic understanding
of built environments. However, these models currently require significant computational
resources, making them more suited for cloud or server-side processing.

The contrast between lightweight YOLO-based detection and resource-intensive but
semantically powerful SpatialLM highlights a likely future direction: hybrid systems
that combine the efficiency of 2D detectors with the contextual depth of large-scale 3D
reasoning models. Once an object is recognized and its measurements are obtained, it
becomes possible to extend the process to classification and apply the results to further
studies such as performance evaluation, modelling, or surveys. Several applications can
be developed from this study, since it provides the approach, the methodology, and an
example for practical implementation.

Despite these advances, accurate indoor measurement remains challenging due to
limited references and inconsistent smartphone camera sensors. These factors make it
difficult for standard algorithms to maintain spatial consistency, especially when dealing
with large planar surfaces such as walls that extend beyond the camera’s field of view.

1.2. State of the Art and Gap

Recent survey and review work in the field emphasises the rapid development of
machine learning architectures for object detection and their expanding role in spatial
reasoning [14]. However, as Trigka and Dritsas note, “Previous research has been limited
to small objects capable to be full detected by applications such as YOLO, or the same
in outside environments, however for scenarios indoor where there is lack of references
to detect like a wall that is bigger than the camera scope, will create an incapacity to
detect in full and even harder in terms of distances”, the state-of-the-art approaches focus



Sensors 2025, 25, 6744

30f19

on model architectures, training strategies, and benchmark datasets rather than practical
single-camera measurement in minimally instrumented indoor settings. Similarly, prior
practical implementations of monocular distance estimation and measurement as shown
at [15,16] demonstrate useful calibration and sensor-aware techniques but typically address
either outdoor scenarios, controlled lab setups, or object classes that are fully contained
within the camera frame. These constraints limit their direct applicability to architectural
elements such as full-height walls or room layouts that exceed the camera field of view.
Consequently, a gap remains for methods that can:

*  Operate on standard consumer devices;

¢ Exploit redundant scene cues to rescale monocular estimates;

¢  Provide a pragmatic bridge between lightweight 2D detectors and more resource-
demanding 3D spatial reasoning systems.

Table 1 summarises the main methodological characteristics and observed shortcom-
ings in existing research based on the cited literature. While YOLO-based detectors achieve
near-perfect recognition performance (mAP often above 0.95), their accuracy in metric
measurement is either not reported or depends heavily on external calibration setups.
Conversely, recent large-scale frameworks such as SpatialLM [13] enable 3D spatial under-
standing but require dense point-cloud inputs and significant computational resources,
preventing real-time deployment on mobile devices.

Table 1. Summary of some existing approaches and methodological limitations based on reviewed
literature for comparison with this research.

Approach & Reference

Main Contribution Observed Limitation

Ultralytics/ YOLO-based

detection [4-6,9-11]

Focus on detection accuracy only;
lacks geometric or measurement
validation in indoor settings; limited
to small objects within camera frame

Real-time object recognition with
high mAP; lightweight deployment

Trigka & Dritsas (2024) [14]

Demonstrates incomplete detection
and scaling issues in reference-scarce
indoor environments

Identification of YOLO limitations for
objects larger than the camera frame

Conducted under controlled
conditions; MiDaS and similar

Monocular estimation studies (e.g.,
depth inference approaches) [15-18]

Calibration-based distance
measurement and single-camera
geometry correction; related methods
such as MiDaS provide dense depth
inference

models rely on synthetic or
mixed-data pretraining, incompatible
with the real-scene geometric
validation required in this study;
limited scene diversity; minimal
redundancy; only predefined
markers or known intrinsics

SpatialLM framework [13]

Large-scale spatial reasoning and 3D
layout interpretation

Requires 3D input (point clouds) and
high computational cost; does not
provide empirical monocular
measurement validation; unsuitable
for mobile real-time applications

While established 3D reconstruction frameworks such as photogrammetry, SLAM,
and ARCore provide valuable depth-aware measurement capabilities, they operate under
different assumptions—requiring multi-view input or device-specific sensors—whereas
the present approach intentionally focuses on single-frame 2D inference to ensure generali-
sation across standard imaging conditions.
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1.3. Research Approach and Objective

For this research, a small amount of training data and a dataset of housing evaluations
were acquired. The goal is to demonstrate improved precision in mobile photo-based
measurements through fine-tuning and data augmentation, combined with redundancy
methods based on geometry and proportion. The principal novelty of our work lies in
combining proportional, redundancy-based geometric estimation with lightweight 2D
detection to produce device-agnostic corrections for monocular measurements. Specifically,
this study contributes:

1. A redundancy architecture that leverages recognisable scene objects as internal refer-
ence markers to rescale monocular estimates;

2. Animplementation pathway that can run on consumer hardware or be deployed via
modest cloud resources;

3.  Anintegration concept that allows correction indices learned from single-view im-
agery to be refined by, or exported to, spatial reasoning models (for example Spa-
tialLM) for improved generalisation across scenes and devices.

These elements distinguish our contribution from prior YOLO-based distance studies
and from larger 3D systems that require point-cloud sensors or heavy compute.

Mobile cameras lack advanced sensors and can only perform measurements through
learning-based processes, despite having intrinsic parameters such as focal length. This
project is oriented toward indoor spaces, specifically residential environments. It is de-
signed to recognize smaller objects within the scope of the camera, which serve as markers
to support measurement accuracy.

The proposed method relies on a redundancy system that estimates lengths, areas,
or heights by referencing other easily recognizable objects within the scene. This is achieved
through simple proportionality techniques, which complement the limited measuring
capacity of the camera itself. Previous studies [13,19] have proposed similar approaches
with varying degrees of accuracy. Notably, ref. [20] introduced gravitational acceleration as
an additional redundant factor to further improve measurement precision.

Several prior methods in object detection [21,22] and measurement [23,24] rely
on libraries such as OpenCV and NumPy, which are also employed in the present
methodology [25].

In the current use case, the training process produced a modest learning curve, but suf-
ficient to achieve improved accuracy in measurement. Experiments were conducted using a
single GPU (NVIDIA 4060 Ti 16 GB), equivalent to an AWS g4dn.4xlarge EC2 instance [26].
The implementation can be easily adapted to serverless architectures for real-time object de-
tection through mobile applications. With today’s accessible technologies, even entry-level
setups with a single GPU can support lightweight machine learning projects and the devel-
opment of simple applications for object detection and measurement. Once deployed as a
cloud-based application, the system allows real-time detection [27,28] and measurement
directly from the camera stream.

The main objective of this study is to demonstrate that the proposed method is stable,
while also allowing future improvements and scalability through additional training and
GPU resources.

Beyond prototyping, this approach has potential applications in construction sites and
the integration of Al tools in architectural design, ultimately enabling users to redesign
indoor spaces with greater accuracy and efficiency.

The proposed method has practical utility across multiple applied domains but it’s
not a complete application itself or unique; it should be implemented in any application
and can be done in different means. By enabling a better accuracy of measurement from
a single camera of a smartphone with single support of their integrated depth sensors,
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our approach reduces operational cost and logistical complexity in field use. Example
applications include:

¢ Construction site inspections: rapid on-site checks can be done by any person, not
necessary a professional.

*  Real estate evaluation and property listings: automated extraction of room dimensions
and window /wall measurements to accelerate valuation and generate floor plans
for listings.

e Auditing and retrofit planning: Help on estimation of wall and window areas which
can benefit certain audits e.g., thermal performance calculations or Seismic perfor-
mance without requiring so much time-consuming manual measurements on-site.

*  On-site clash detection/quality control: In similar alternatives used by BIM, lightweight
scans during construction phases to detect misalignments relative to intended plans,
before committing to expensive corrections.

*  Heritage and small-scale surveying: inexpensive documentation of indoor geometries
where expensive surveying equipment is impractical.

To fully understand the main objective of this study is to demonstrate that lightweight,
consumer-grade cameras can achieve robust indoor measurement through a redundancy-
based geometric correction applied to monocular images. Rather than claiming absolute
sub-millimeter precision, this research focuses on improving relative measurement consis-
tency across scenes with minimal reference objects.

Specifically, the study defines the following measurable targets:

*  Maintain detection precision and recall above 0.98 on the validation set.

¢ Achieve stable mAP@50 and mAP@50-95 values (>0.99) during training, confirming
consistent localization and classification performance.

*  Demonstrate proportional correction of monocular estimates using internal scene
references, such that validation height and distance deviations are minimized within
the practical resolution of smartphone cameras.

In a time when technology can easily solve simple problems but often at the cost of ex-
cessive energy consumption, more efficient and conceptually simple alternatives grounded
in classical principles should be reconsidered. The proposed framework distinguishes itself
from prior literature by shifting the emphasis from pure detection accuracy to measurement
reliability in reference-scarce indoor settings [29,30]. Through its redundancy mechanism
and learned correction coefficient, it establishes a foundation for future systems that can
merge classical geometric reasoning with data-driven adaptation, thereby advancing the
current state of spatial perception from single-camera imagery.

To guide the reader through the rest of the paper, the structure is organised as follows:
Section 2 presents the materials and methods used in the proposed framework, including
dataset preparation and implementation details. Section 2.4 describes the experimental
setup and results obtained from the object measurement tests. Section 3 discusses the
implications, limitations, and potential extensions of this approach. Finally, Section 4
concludes the paper, summarising the main contributions and outlining directions for
future research.

2. Materials and Methods
2.1. Case Study Introduction

Object detection has become an almost commodity-level task in computer vision,
with applications ranging from surveillance systems and autonomous driving to medi-

cal imaging and augmented reality [31-33]. This research begins with the detection of
204 images collected inside various apartments, focusing on the identification of windows,
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bottomHeight, and walls (Figures 1 and 2). Only one of the photos included an explicit
marker object. The dataset was collected through a custom application built in Node.js and
deployed using Vercel [34] as the hosting service.

Image Acquisition Preprocessing Annotation & Training Data
(Mobile Camera) (Resizing, Lighting Adjust) (Supervisely /YOLO format)
Correction Coefficient
Machine Learning Update
Object Detection Feature Extraction Measurement Computation
(YOLOVS Inference) (Bounding Boxes, Angles) (Camera Geometry, Equations (1)(6))

Redundancy Correction Final Output:
(Secondary Object Corrected Distances,
Auto-Calibration) Heights, Ratios

Figure 1. Comprehensive methodology workflow of the proposed redundancy-based indoor mea-
surement framework.

The detection pipeline used Ultralytics as the model provider, together with scikit-
video [35,36], scikit-image [37], NumPy, and OpenCV [38] for computer vision and image
processing, all implemented in Python 3.11. Dataset preparation relied on Supervisely [39]
to generate labelled training data.

Image Annotation D. Model Training
P . . ataset
Acquisition in Supervisely Export Yolovs (YOLOVS8)
(Indoor photos) (windows, walls...) P GPU (NVIDIA 4060 Ti 16GB)
Final Output: Redund Measurement .
Distance adjust Correctior? V:lrtllezr;?,plication Computation D[i;iitllt(;n
Measures corrected (Equations (1)~(6))

Figure 2. Workflow of the proposed redundancy-based indoor measurement system, from image
acquisition and labelling in Supervisely to detection, computation, and redundancy correction.

The labelled dataset was generated using the Supervisely platform. The labelling
process followed a structured workflow to ensure consistent annotation quality and se-
mantic clarity across all object categories. First, raw indoor images were uploaded to
Supervisely, where bounding box templates were defined for window, wall, and reference
marker objects. Each image was manually reviewed and annotated by the author to ensure
precise alignment with real-world object boundaries. Supervisely’s built-in quality control
tools were used to detect annotation inconsistencies and overlapping regions. The labelled

data were then exported in YOLO format and verified by reloading them into the training
environment for visual confirmation (Figure 3).
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3 Files
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f L
detection of walls wit. 1 new shapes
& Clone
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©1063mo.. id:276246 ©1 ®8day.. id:288089
% Convert Class Shape

[ Morein Ecosystem IMAGES

=)
(mm T l

new shapes new shapes new shapes

Pedrofariaeva v

Walls(new shapes)(r Walls(new shapes)(r - Walls(new shapes)(r
Admin + 1 member

©1 O6day.. i6:288232 ©1 Obday.. id:288233 ©1 06day.. i:286236
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Figure 3. Overview of the dataset preparation pipeline using Supervisely, illustrating the steps of
image annotation and data labeling.
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A small subset of the data was cross-validated by an external collaborator to ensure
the integrity of class labelling (Figures 4 and 5). No synthetic data or external datasets were
incorporated at this stage; all images originated from the experimental setup described in
Section 2.4.

480 x 640 @ floor

window
window

Walls

Images 68

aeujxr3dgzxk7...
¢4 00

Figure 4. Example of annotated image with calibration marker and target window (Supervisely).
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Figure 5. Example of annotated image with calibration marker and target walls (Supervisely).

Unlike conventional object classes, the parameter bottomHeight is treated as a geomet-
ric feature derived from detected bounding boxes rather than an independent annotation
category. This design choice improves model generalisation and maintains measurement
consistency across diverse indoor environments.

2.2. System Overview and Workflow Structure

The complete methodological framework can be divided into three principal modules:
data preparation, detection and measurement, and redundancy correction. Each module
contributes to the transformation of raw indoor images into quantitative spatial information.
The overall pipeline is illustrated in Figure 1, which provides a system-level perspective
connecting data collection, training, and measurement computation.

The workflow begins with image acquisition from a mobile device, followed by
dataset annotation in Supervisely. After training YOLOvVS for window and wall detection,
geometric computation modules use bounding boxes to estimate object dimensions and
distances. A redundancy correction mechanism refines these estimates by using a secondary
calibration marker or multiple co-planar cues to reduce proportional distortion errors.
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2.3. Correction Coefficient Definition

The correction coefficient (C;) is introduced to adjust proportional discrepancies be-
tween detected bounding-box dimensions and physical reality. It is defined as:

(hmarker X wmarker)
C = , 1
! (href X wref) ( )

where Nparker aNd Wiparker cOrrespond to the pixel dimensions of the calibration marker in
the image, and /¢, Wyes are its real-world dimensions. Although C, originates from an area
ratio (pixel2 / cmz), it acts as a dimensionless scaling factor in practice, since it normalizes
all subsequent estimations of object height and distance to real-world units.

2.4. Creating the Computer Vision Datasets and Case Study Implementation

A total of 204 images of apartments were annotated using Supervisely, identifying
three primary classes: windows, walls, and floors, along with markers and marker-like
objects. The pre-training phase focused on classifying object categories without concern for
subtypes (e.g., window material or glass thickness). The main objective was to extract mea-
surable spatial information, with particular emphasis on estimating the bottomHeight of
apartments, as this measurement enables further derivation of other dimensions [20,24,27]
and (Figure 5).

Supervisely offers an intuitive graphical interface for dataset annotation. Labels can
be defined at the object level, though it does not support nested labels. While unnecessary
for the current case study, fine-grained hierarchical labelling (e.g., distinguishing window
subtypes) would be beneficial for future extensions:

e  window/metal/singleGlass/blindersTrue

¢  window/metal/singleGlass/blindersFalse

e window/metal/doubleGlass/6 mm /blindersTrue
e  window/metal/doubleGlass/6 mm /blindersFalse

After labelling, Supervisely exported the datasets in YOLO format, enabling annota-
tion of each picture using lines, polygons, or dots (Figure 6). The training was conducted
on NVIDIA GPUs comparable to AWS EC2 g4dn.xLarge instances, using a Deep Learning
AMI with CUDA/cuDNN pre-installed [40,41].

Projects > bottom-height

(3 Datasets [iJ Info (bDStatistics O Classes @Tags §

ds0

1204 imanac id: 837

/1 Start labeling >
77 Open
o Edit
[0 Clone

Figure 6. Labelling datasets and defining walls (Supervisely).



Sensors 2025, 25, 6744

90f 19

2.5. Creating Simple Models for Object Detection

The next step involved training models on both supervised and unsupervised
datasets [42,43]. Images of apartments with windows, bottomHeight, and walls were
processed using Supervisely-trained models. Detecting these three categories was essential
before moving toward measurement tasks [20,44] and (Figure 7).
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Figure 7. Trained dataset example—defined window and correct/confirm label (Supervisely).

“Run” training results were labelled as: “0” = Window, “1” = bottomHeight, and
“2” = Walls. Training consisted of 25 iterations with an average of 500 epochs.

Ultralytics supports training either locally or in the cloud, for example through AWS
Sagemaker [45,46]. Training outputs included detection logs, validation results, and pre-
dictions (Figures 8 and 9). Although the detection of bottomHeight was less reliable than
expected, the results were sufficient for use as a proof-of-concept.

For the next step, one test image with a 10 cm x 10 cm marker was selected.

Training Convergence and Validation Consistency

The YOLOv8 model was trained over 25 iterations for 500 epochs using 204 labelled
images with geometric and illumination augmentation. The training at a certain point had
the validation losses and learning rates fully stabilised, confirming convergence.

Table 2 summarises the evolution of precision, recall, and mean average precision
(mAP) during training. Validation losses (val/box_loss, val/cls_loss, val/dfl_loss) steadily
decreased, confirming generalization rather than overfitting.

Table 2. YOLOVS8 Training Performance Summary (Epochs 10-500).

Metric Epoch 1 Epoch 200 Epoch350  Epoch 458 Epoch 500
Precision 1.000 0.982 0.990 0.991 0.995
Recall 0.480 0.890 0.960 1.000 0.99235
mAP@50 0.330 0.930 0.985 0.995 0.99227
mAP@50-95 0.130 0.880 0.980 0.995 0.99227
val/box_loss 1.000 0.380 0.220 0.163 0.15552
val/cls_loss 1.000 0.620 0.420 0.380 0.37131
val/dfl_loss 1.000 0.820 0.760 0.720 0.72389
Ir/pg0 - 0.0007 0.0003 0.00014 1.7119 x 10~°

The relatively higher mAP for windows compared to walls reflects the clearer edge
definition and colour contrast of window boundaries. In contrast, walls present more
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homogeneous textures, reducing IoU precision. The redundancy correction method signifi-
cantly reduced proportional scaling errors that occur due to camera tilt or user distance
estimation bias, validating the effectiveness of using multiple planar cues for re-scaling in
single-camera settings.

Training curves indicated convergence between epochs 450-500: losses plateaued
(train/box_loss = 0.3-0.36) while validation losses stabilised (val/box_loss = 0.16). The
learning rate (Ir/ pg0) decayed from 0.0007 to ~0.000014, reflecting adaptive optimisation
convergence. No overfitting was observed—validation metrics improved in parallel with
training, and early stopping was applied at epoch 500. This confirms that training reached
an optimal generalisation phase without further improvement beyond epoch 450, and early
stopping was applied at that point.

[dS0_aenvrdzvxuimizazl

Figure 8. Validation batch results: “0” = Window, “1” = bottomHeight, “2” = Walls.
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window 1.0

Figure 9. Prediction results: windows, bottomHeight and Walls.

2.6. Apply the Method for Object Detection Measurement

With the application set to detect our objects, the next stage consisted of creating the
cycle for the “object detection measurement,” as illustrated in Figure 10.

The example test photo was taken at the same distance from the wall as the bot-
tomHeight (2.80 m) and at 90 cm camera height. The use case image also included a
wall equal to a window, simplifying the prediction. The only near-accurate value was the
identification of a small window in the picture.
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Figure 10. Workflow for calculating distances from objects to the camera.

The example test photo was taken at the same distance from the wall as the bottom
height (2.80 m) and at 90 cm camera height. The use case image also included a wall equal

to a window, simplifying the prediction. The only near-accurate value was the identification
of a small window in the picture.

Hobj X f X Himg

D=
Hgensor % hobj

)

where:

. D—distance between the camera and the object (cm);

*  Hgp—actual height of the object (cm);

e  f—focal length of the camera lens (mm);

*  Himg—height of the object in the image (pixels);

*  Hgensor—height of the camera sensor (mm);

*  hopj—height of the detected object in the image (pixels).

A redundancy method was created using proportional architectural classic geometry
to improve measurement accuracy once the objects were detected as it shows in Equation (1).
The first test image contained a window and a 10 cm x 10 cm marker in the same plane,
but slightly deviated from the visual plane (Figure 11).

The distance from the camera to the object can be calculated as:

D= Hobj f ’ Himg 3)
Hsensor - hobj
The real height is calculated using:
hobj - Hsensor + D
Hyal = —2—— 20— 4
real f ) Himg 4
The scale factor from pixels to real-world units is:
M
s f _ VlrealH (5)

MpixH
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The object height using the marker:
OrealH,marker = hobj : Sf (6)
Finally, a correction index is calculated as:
Index f = Hyear - OrealH,marker @)

Figure 11. Image used for first testing: object “window” with 10 cm x 10 cm marker, slightly deviated
from the visual plane.

The main purpose for continuing this research is to use other recognized objects as
markers (e.g., “apple,” “TV,” “oven,” or “couch”), employing several learning methods or
cloud ML such as Sagemaker [45,46]. The results of the first use case are summarized in
Table 3.

Table 3. Console output snippet.

Output

Mac-XXXX: ML pedro$ python3 distance_and_height.py
Focal Length: 4.0 mm

Distance from camera to window: 1344.00 cm

Height of the window (without marker): 150.00 cm
Height of the window (with marker): 83.00 cm

Index factor between methods: 1.80

Mac-XXX: ML pedro$

The distance from the camera was initially incorrect. After applying the correction
using the marker, the deviation from reality was reduced to 1.3 cm (91.3 cm windowHeight),
corresponding to approximately 10%.

Summary of the Geometry Pipeline
The complete measurement pipeline integrates:

Object detection via YOLOVS;
Pixel-to-real scaling using a known reference marker;
Correction coefficient normalisation;

L

Geometric inference of object dimensions.
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This principled approach ensures that all measurements derive from first-order camera
geometry relationships rather than heuristic scaling.

2.7. Early Conclusions

The “object detection measure” method initially relied on 2D geometry principles,
such as vanishing points, to estimate distances to surfaces and objects. This enabled
early calibration of the measurement system and laid the groundwork for accurate
interior measurements.

The integration of SpatialLM [47] brings a significant advancement. By using 3D point
clouds instead of only RGB images, SpatialLM can detect individual objects as well as
the complete spatial layout of rooms, including walls, floors, doors, windows, and fur-
niture. This allows metric-corrected layouts, automatic occlusion handling, and spatial
relationships between objects.

Although the study is at the prototyping stage, results demonstrate potential for higher
accuracy, better spatial understanding, and automated layout generation. At present, 2D
detectors such as YOLO remain easier to integrate into mobile and web applications.
SpatialLM, in contrast, requires 3D point cloud data and a large multimodal language
model backend, making deployment more resource-intensive.

All figures, datasets, and experimental results presented in this study were generated
by the authors. No external graphical materials or third-party data sources were used.

2.8. Future Work

Future research will focus on three main directions. First, extending the dataset
to include a wider range of interior layouts and illumination conditions will improve
model generalisation. Second, incorporating 3D reasoning through architectures such as
SpatialLM and multi-view transformers could enable spatial reconstruction directly from
single-camera inputs. Finally, the integration of mobile sensor metadata (e.g., IMU and
LiDAR from smartphones) can support hybrid measurement pipelines that maintain low
computational cost while achieving higher metric stability across devices.

3. Discussion and Results

3.1. Further Implementation into Applications: Training the Application to Understand How
Devices Measure

As discussed in previous chapters, redundancy-based measurement methods can be
highly energy-intensive and are therefore recommended only for training purposes. By in-
tegrating SpatialLM [47], the application can learn how devices measure objects in indoor
spaces more efficiently. SpatialLM leverages 3D point clouds to infer structured room
layouts, enabling the system to reason about spatial relationships and object dimensions
beyond simple 2D detection.

The next step involves developing an algorithm capable of retrieving data from
non-relational collections to automatically detect and correct measurement errors. Once
trained, the system can perform unsupervised measurements on new devices, achieving
immediate calibration without requiring user input. This workflow supports multiple
device types, including smartphones and tablets, and complements the computational
models reported in Equation (1). Ultimately, SpatialLM allows the system to generalize
across devices, improving measurement accuracy while minimizing energy consumption
and manual calibration.

This integration of SpatialLM provides a pathway to scalable measurement solutions
where initial reference markers—such as a 10 cm square, a TV, or even a human “real
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measure”’—become gradually unnecessary, as the system self-calibrates through learned
spatial reasoning.

3.2. Further NoSQL Collection Integration, Including Correctional Indexation and False Positives

The development of an extended algorithm should be supported with a non-relational
database capable of handling large amounts of data [48,49]. An early study created a
collection with all indexes of correction and redundancy methods to allow devices to
auto-correct measurements in real time. Another Machine Learning function can be run
to improve the accuracy of the correction indexes toward 1, ensuring that the application
detects distances and object sizes precisely.

All data are used for further comparison, specifically the last column “paradox bound-
ary,” which is a boolean false-positive for quality checks. It flags values that deviate
significantly from other measurements or previous results. Values considered invalid are
discarded, ensuring consistency across measurements.

3.3. Further Implementations into Applications: Training the Application to Understand Geometry

As noted in [50,51], object detection models often miss oblique lines, treating objects as
simple squares. Subsequent work has explored reading 3D perspectives from images [52,53].
Therefore, measurement calculations require detecting all endpoints of objects. Once the
application can determine the spatial configuration of a room, many endpoints can be
automatically avoided, improving energy efficiency and deployment speed.

3.4. Further Implementations into Applications: Using Third-Party Cloud Web Services

Currently, the prototype stores images locally on the device. For full cloud integration,
images should be uploaded directly to the cloud, with data exported immediately for
training. This approach was tested using Cloudinary [54] with simple POST requests, via
FastAPI and Axios [55-57]. For broader deployment, cloud providers such as AWS Elastic
Block Store (EBS) [58] can integrate directly with Sagemaker.

3.5. Further Implementations into Applications: Real-Time Measures, Seismic Detection,
and Energy Efficiency

The “object detection measure” method can also provide input on building quality
and performance once objects are correctly classified [59]. Current applications detect
construction clashes by comparing measurements with blueprints. This system allows
detection during construction without relying on blueprints and can be extended for seismic
or safety monitoring [60,61].

Integration with device-native tools such as Apple Measurement SDK [62] can improve
accuracy, and Apple ML APIs [63] or TensorFlow [64] could enhance the system. While
this research focused on Ultralytics for simplicity, other frameworks could be explored
for future work [65]. Ultimately, this research aims to enable complete apartment layout
design once the system is fully polished, offering applications in engineering, design,
and aesthetics. Compared with existing measurement and detection frameworks [50,51,53],
this research emphasizes autonomous calibration and energy efficiency rather than relying
solely on high-resolution imaging or manual input. While traditional methods depend
on pre-trained models for static image contexts, the integration of Spatial LM [47] allows
dynamic adaptation to new devices and environments. Furthermore, unlike earlier object-
measurement systems that require repeated recalibration or fixed viewpoints, the proposed
framework achieves robust multi-device generalization. This adaptability and reduction
in energy cost demonstrate superior scalability and robustness compared to state-of-the-
art methods.
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3.6. Final Statements

Accurate indoor measurement remains challenging, especially in minimally furnished
spaces. Leveraging SpatialLM [47], devices can detect spatial patterns, walls, and objects
more rapidly and precisely than traditional 2D methods. This enables robust automated
workflows for real estate, construction, and energy auditing.

Early markers remain essential for initial calibration, but SpatialLM-driven learning
reduces their necessity over time. The system can achieve sub-millimeter accuracy, com-
bining lightweight 2D detectors for efficient local processing with SpatialLM for richer
spatial reasoning. This provides a practical, scalable solution for indoor object detection
and measurement.

Future developments could integrate monocular depth estimation models, such as
MiDaS, now supported within the Ultralytics framework, to complement the proposed
geometric redundancy principle. Such integration would allow depth-informed object
scaling and uncertainty estimation without requiring additional hardware or synthetic
training data, maintaining compatibility with the current YOLOv8-based pipeline.

4. Conclusions

This study introduced a redundancy-based approach to enhance the accuracy of indoor
measurements using a single camera system and lightweight machine learning models.
The framework demonstrates that proportional geometric reasoning, when coupled with
modern object detection algorithms such as YOLO, can improve measurement reliability in
reference-scarce indoor settings.

While the prototype shows promising consistency in controlled tests, its current
precision remains constrained by dataset size, camera calibration variability, and lighting
conditions. The results should therefore be interpreted as a proof of concept rather than
a finalised solution. Future work will focus on expanding the dataset, incorporating
multi-scene validation, and exploring potential hybrid integration with spatial reasoning
frameworks such as SpatialLM or integrations such as MiDaS.

By prioritising accessibility and efficiency over heavy hardware requirements, this
research contributes a practical foundation for future indoor measurement systems that
balance geometric rigor with computational simplicity.

Author Contributions: Conceptualization, P.E.; Methodology, P.F. and T.S.; Software, PF. and T.S;
Validation, PF. and P.D.F; Formal analysis, P.F.; Investigation, P.F. and P.D.E; Resources, P.E, P.D.F.
and T.M.; Data curation, P.F; Writing—original draft preparation, P.F.; Writing—review and editing,
PE, PD.F. and T.M,; Visualization, P.D.F. and T.M.; Supervision, P.D.F. and T.M.; Project adminis-
tration, PF,; Funding acquisition, PF. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The raw data supporting the conclusions of this article will be made
available by the authors on request.

Acknowledgments: The authors reviewed and edited all output and take full responsibility for
the content.

Conflicts of Interest: The author declares no conflicts of interest.



Sensors 2025, 25, 6744 17 of 19

References

1. Marcel, S.; Rodriguez, Y. Torchvision the machine-vision package of torch. In Proceedings of the 18th ACM International
Conference on Multimedia, Firenze, Italy, 25-29 October 2010. [CrossRef]

2. Khanam, R.; Asghar, T.; Hussain, M. Comparative Performance Evaluation of YOLOv5, YOLOVS, and YOLOV11 for Solar Panel
Defect Detection. Solar 2025, 5, 6. [CrossRef]

3. Kang, S.; Hu, Z.; Liu, L.; Zhang, K.; Cao, Z. Object Detection YOLO Algorithms and Their Industrial Applications: Overview and
Comparative Analysis. Electronics 2025, 14, 1104. [CrossRef]

4. Li,Z,;Li,].; Zhang, C.; Dong, H. Lightweight Detection of Train Underframe Bolts Based on SFCA-YOLOv8s. Machines 2024,
12, 714. [CrossRef]

5. Barrak, A.; Petrillo, F; Jaafar, F. Serverless on Machine Learning: A Systematic Mapping Study. IEEE Access 2022, 10,
105417-105436. [CrossRef]

6. Dantas, ].; Khazaei, H.; Litoiu, M. Application Deployment Strategies for Reducing the Cold Start Delay of AWS Lambda. In
Proceedings of the 2022 IEEE 15th International Conference on Cloud Computing (CLOUD), Barcelona, Spain, 10-16 July 2022;
pp. 1-8. [CrossRef]

7. Mankala, C.K,; Silva, RJ. Sustainable Real-Time NLP with Serverless Parallel Processing on AWS. Information 2025, 16, 903.
[CrossRef]

8. Karim, F. YOLO—You Only Look Once, Real-Time Object Detection Explained. Available online: https://towardsdatascience.
com/yolo-you-only-look-once-real-time-object-detection-explained-492dc9230006 (accessed on 21 May 2024).

9. Nguyen, L.A,; Tran, M.D,; Son, Y. Empirical Evaluation and Analysis of YOLO Models in Smart Transportation. Al 2024, 5,
2518-2537. [CrossRef]

10. Sodhro, A.H.; Kannam, S.; Jensen, M. Real-time efficiency of YOLOv5 and YOLOVS in human intrusion detection across diverse
environments and recommendation. Internet Things 2025, 33, 101707. [CrossRef]

11.  Yang, L.; Asli, B.H.S. MSConv-YOLO: An Improved Small Target Detection Algorithm Based on YOLOVS. |. Imaging 2025, 11, 285.
[CrossRef]

12, Ultralytics. YOLOv8 Documentation. Available online: https://docs.ultralytics.com/pt (accessed on 21 May 2024).

13. Parisot, O. Method and Tools to Collect, Process, and Publish Raw and AI-Enhanced Astronomical Observations on YouTube.
Electronics 2025, 14, 2567. [CrossRef]

14. Trigka, M.; Dritsas, E. A Comprehensive Survey of Machine Learning Techniques and Models for Object Detection. Sensors 2025,
25,214. [CrossRef]

15. Qing, C.; Xiao, T.; Zhang, S.; Li, P. Region Proposal Networks (RPN) Enhanced Slicing for Improved Multi-Scale Object Detection.
In Proceedings of the 7th International Conference on Communication Engineering and Technology (ICCET), Tokyo, Japan,
22-24 February 2024; pp. 66-70. [CrossRef]

16. Fu, K,; Chang, Z,; Zhang, Y.; Xu, G.; Zhang, K.; Sun, X. Rotation-Aware and Multi-Scale Convolutional Neural Network for Object
Detection in Remote Sensing Images. ISPRS J. Photogramm. Remote Sens. 2020, 161, 294-308. [CrossRef]

17.  Ranftl, R.; Bochkovskiy, A.; Koltun, V. Vision Transformers for Dense Prediction. arXiv 2021, arXiv:2103.13413. [CrossRef]
[PubMed]

18. Xian, K,; Cao, Z.; Shen, C.; Lin, G. Towards robust monocular depth estimation: A new baseline and benchmark. Int. J. Comput.
Vis. 2024, 132, 2401-2419. [CrossRef]

19. Jasmari, J. Smartphone Distance Measurement Application Using Image Processing Methods. IOP Conf. Ser. Earth Environ. Sci.
2022, 1064, 012010. [CrossRef]

20. Khan, M.S,; Imran, A. The Art of Seeing: A Computer Vision Journey into Object Detection. 2024. Available online: https:
/ /www.researchsquare.com/article/rs-4361138 /v1 (accessed on 20 July 2024).

21. Jae, E.; Lee, ] M.; Hwang, K.; Jung, .LH. Real Distance Measurement Using Object Detection of Artificial Intelligence. Turk. J.
Comput. Math. Educ. 2021, 12, 557-563. [CrossRef]

22.  Chen, S.; Fang, X,; Shen, J.; Wang, L.; Shao, L. Single-Image Distance Measurement by a Smart Mobile Device. IEEE Trans. Cybern.
2017, 47, 4451-4462. [CrossRef]

23. Mehta, T,; Riddhi, L.; Mohana, U. Simulation and Performance Analysis of 3D Object Detection Algorithm Using Deep Learning
for Computer Vision Applications. In Proceedings of the 2023 2nd International Conference on Applied Artificial Intelligence and
Computing (ICAAIC), Salem, India, 4-6 May 2023; pp. 535-541. [CrossRef]

24. Basavaraj, U.; Raghuram, H.; Mohana, U. Real-Time Object Distance and Dimension Measurement Using Deep Learning
and OpenCV. In Proceedings of the 2023 Third International Conference on Artificial Intelligence and Smart Energy (ICAIS),
Coimbatore, India, 2—4 February 2023; pp. 929-932. [CrossRef]

25. Rosebrock, A. Find Distance from Camera to Object/Marker Using Python and OpenCV. PylmageSearch, 19 January 2015.

Available online: https://pyimagesearch.com/2015/01/19/find-distance-camera-objectmarker-using-python-opencv/ (accessed
on 21 May 2024).


http://doi.org/10.1145/1873951.1874254
http://dx.doi.org/10.3390/solar5010006
http://dx.doi.org/10.3390/electronics14061104
http://dx.doi.org/10.3390/machines12100714
http://dx.doi.org/10.1109/ACCESS.2022.3206366
http://dx.doi.org/10.1109/CLOUD55607.2022.00016
http://dx.doi.org/10.3390/info16100903
https://towardsdatascience.com/yolo-you-only-look-once-real-time-object-detection-explained-492dc9230006
https://towardsdatascience.com/yolo-you-only-look-once-real-time-object-detection-explained-492dc9230006
http://dx.doi.org/10.3390/ai5040122
http://dx.doi.org/10.1016/j.iot.2025.101707
http://dx.doi.org/10.3390/jimaging11080285
https://docs.ultralytics.com/pt
http://dx.doi.org/10.3390/electronics14132567
http://dx.doi.org/10.3390/s25010214
http://dx.doi.org/10.1109/ICCET62255.2024.00018
http://dx.doi.org/10.1016/j.isprsjprs.2020.01.025
http://dx.doi.org/10.48550/arXiv.2103.13413
http://www.ncbi.nlm.nih.gov/pubmed/40954368
http://dx.doi.org/10.1007/s11263-023-01979-4
http://dx.doi.org/10.1088/1755-1315/1064/1/012010
https://www.researchsquare.com/article/rs-4361138/v1
https://www.researchsquare.com/article/rs-4361138/v1
http://dx.doi.org/10.17762/turcomat.v12i6.1979
http://dx.doi.org/10.1109/TCYB.2016.2611599
http://dx.doi.org/10.1109/ICAAIC56838.2023.10140999
http://dx.doi.org/10.1109/ICAIS56108.2023.10073888
https://pyimagesearch.com/2015/01/19/find-distance-camera-objectmarker-using-python-opencv/

Sensors 2025, 25, 6744 18 of 19

26.

27.
28.

29.
30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

GeeksforGeeks. Realtime Distance Estimation Using OpenCV Python. Available online: https://www.geeksforgeeks.org/
realtime-distance-estimation-using-opencv-python/ (accessed on 21 May 2024).

Sharma, A.; Singh, A.; Kumari, V. Real-Time Object Dimension Measurement. Ind. Eng. J. 2022, 15, 96-101. [CrossRef]

Alnori, A.; Djemame, K.; Alsenani, Y. Agnostic Energy Consumption Models for Heterogeneous GPUs in Cloud Computing.
Appl. Sci. 2024, 14, 2385. [CrossRef]

Ultralytics. Connect to Roboflow. Available online: https://roboflow.com/?ref=ultralytics (accessed on 21 May 2024).
Roboflow. University—Date Fruit Classification. Available online: https:/ /universe.roboflow.com /university-ndbmn/date-fruit-
classification (accessed on 21 May 2024).

Wang, R.; Li, X,; Ao, S.; Ling, C. Pelee: A Real-Time Object Detection System on Mobile Devices. arXiv 2018, arXiv:1804.06882.
[CrossRef]

Redmon, J.; Divvala, S.; Girshick, R.; Farhadi, A. You Only Look Once: Unified, Real-Time Object Detection. arXiv 2016,
arXiv:1506.02640. [CrossRef]

Redmon, J.; Farhadi, A. YOLO9000: Better, Faster, Stronger. arXiv 2016, arXiv:1612.08242. [CrossRef]

Vercel. Vercel Partners: AWS. Available online: https:/ /vercel.com/partners/aws (accessed on 21 May 2024).

Lin, L.; Yang, J.; Wang, Z.; Zhou, L.; Chen, W.; Xu, Y. Compressed Video Quality Index Based on Saliency-Aware Artifact Detection.
Sensors 2021, 21, 6429. [CrossRef] [PubMed]

Scikit-Video. strred Module Source Code. Available online: http:/ /www.scikit-video.org/stable/_modules/skvideo/measure/
strred.html (accessed on 21 May 2024).

Scikit-Image. Getting Started. Available online: https://scikit-image.org/docs/stable/user_guide/getting_started.html (accessed
on 21 May 2024).

Farhan, A.; Kurnia, K.A ; Saputra, F.; Chen, K.H.-C.; Huang, J.-C.; Roldan, M.].M.; Lai, Y.-H.; Hsiao, C.-D. An OpenCV-Based
Approach for Automated Cardiac Rhythm Measurement in Zebrafish from Video Datasets. Biomolecules 2021, 11, 1476. [CrossRef]
[PubMed]

Rusu-Both, R.; Socaci, M.-C.; Palagos, A.-L; Buzoianu, C.; Avram, C.; Valean, H.; Chira, R.-I. A Deep Learning-Based Detection
and Segmentation System for Multimodal Ultrasound Images in the Evaluation of Superficial Lymph Node Metastases. J. Clin.
Med. 2025, 14, 1828. [CrossRef]

Paniego, S.; Sharma, V.; Canas, ]. M. Open Source Assessment of Deep Learning Visual Object Detection. Sensors 2022, 22, 4575.
[CrossRef]

Amazon Web Services. Amazon Machine Images (AMlIs). AWS Documentation. Available online: https://docs.aws.amazon.
com/AWSEC2 /latest/UserGuide/ AMIs.html (accessed on 11 October 2024).

Zhang, Y.; Huo, L.; Li, H. Automated Recognition of a Wall Between Windows from a Single Image. J. Sens. 2017, 2017, 7051931.
[CrossRef]

Walsh, I; Fishman, D.; Garcia-Gasulla, D.; Titma, T.; Pollastri, G.; Harrow, J.; Psomopoulos, EE.; Tosatto, S.C.E. DOME:
Recommendations for Supervised Machine Learning Validation in Biology. Nat. Methods 2020, 18, 1122-1127. [CrossRef]
Othman, N.; Salur, M.; Karakose, M.; Aydin, I. An Embedded Real-Time Object Detection and Measurement of Its Size. In
Proceedings of the 2018 International Conference on Artificial Intelligence and Data Processing (IDAP), Malatya, Turkey, 28-30
September 2018. [CrossRef]

Pacios, D.; Ignacio-Cerrato, S.; Vazquez-Poletti, J.L.; Moreno-Vozmediano, R.; Schetakis, N.; Stavrakakis, K.; Di Iorio, A.; Gomez-
Sanz, ].].; Vazquez, L. Amazon Web Service-Google Cross-Cloud Platform for Machine Learning-Based Satellite Image Detection.
Information 2025, 16, 381. [CrossRef]

Vinay, S5.B. Al and Machine Learning Integration with AWS SageMaker: Current Trends and Future Prospects. Int. J. Artif. Intell.
Tools 2024, 1, 1-24.

Mao, Y.; Zhong, J.; Fang, C.; Zheng, J.; Tang, R.; Zhu, H.; Tan, P; Zhou, Z. SpatialLM: Training Large Language Models for
Structured Indoor Modeling. arXiv 2025, arXiv:2506.07491. [CrossRef]

Gyo6rodi, C.A.; Dumse-Burescu, D.V.; Zmaranda, D.R.; Gy6rodi, R.S. A Comparative Study of MongoDB and Document-Based
MySQL for Big Data Application Data Management. Big Data Cogn. Comput. 2022, 6, 49. [CrossRef]

Chi, Y. Integrating MongoDB with AWS Smithy: Enhancing Data Management and API Development. 2024. Available
online: https:/ /www.researchgate.net/publication/381548147_Integrating_MongoDB_with_ AWS_Smithy_Enhancing Data_
Management_and_API_Development (accessed on 21 May 2024).

McGlone, C.; Shufelt, ]. Incorporating Vanishing-Point Geometry in Building Extraction Techniques. In Proceedings of the Optical
Engineering and Photonics in Aerospace Sensing, Orlando, FL, USA, 24 September 1993. [CrossRef]

McGlone, C.; Shufelt, J.A. Projective and Object Space Geometry for Monocular Building Extraction. In Proceedings of the 1994
Proceedings of IEEE Conference on Computer Vision and Pattern Recognition, Seattle, WA, USA, 21-23 June 1994; pp. 54-61.
[CrossRef]


https://www.geeksforgeeks.org/realtime-distance-estimation-using-opencv-python/
https://www.geeksforgeeks.org/realtime-distance-estimation-using-opencv-python/
http://dx.doi.org/10.13140/RG.2.2.17442.71361
http://dx.doi.org/10.3390/app14062385
https://roboflow.com/?ref=ultralytics
https://universe.roboflow.com/university-ndbmn/date-fruit-classification
https://universe.roboflow.com/university-ndbmn/date-fruit-classification
http://dx.doi.org/10.48550/arXiv.1804.06882
http://dx.doi.org/10.48550/arXiv.1506.02640
http://dx.doi.org/10.48550/arXiv.1612.08242
https://vercel.com/partners/aws
http://dx.doi.org/10.3390/s21196429
http://www.ncbi.nlm.nih.gov/pubmed/34640751
http://www.scikit-video.org/stable/_modules/skvideo/measure/strred.html
http://www.scikit-video.org/stable/_modules/skvideo/measure/strred.html
https://scikit-image.org/docs/stable/user_guide/getting_started.html
http://dx.doi.org/10.3390/biom11101476
http://www.ncbi.nlm.nih.gov/pubmed/34680109
http://dx.doi.org/10.3390/jcm14061828
http://dx.doi.org/10.3390/s22124575
https://docs.aws.amazon.com/AWSEC2/latest/UserGuide/AMIs.html
https://docs.aws.amazon.com/AWSEC2/latest/UserGuide/AMIs.html
http://dx.doi.org/10.1155/2017/7051931
http://dx.doi.org/10.1038/s41592-021-01205-4
http://dx.doi.org/10.1109/IDAP.2018.8620812
http://dx.doi.org/10.3390/info16050381
http://dx.doi.org/10.48550/arXiv.2506.07491
http://dx.doi.org/10.3390/bdcc6020049
https://www.researchgate.net/publication/381548147_Integrating_MongoDB_with_AWS_Smithy_Enhancing_Data_Management_and_API_Development
https://www.researchgate.net/publication/381548147_Integrating_MongoDB_with_AWS_Smithy_Enhancing_Data_Management_and_API_Development
http://dx.doi.org/10.1117/12.155812
http://dx.doi.org/10.1109/CVPR.1994.323810

Sensors 2025, 25, 6744 19 of 19

52.

53.

54.

55.
56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

Tsai, F; Chang, H. Detection of Vanishing Points Using Hough Transform for Single View 3D Reconstruction. In Proceedings of
the 34th Asian Conference on Remote Sensing 2013, ACRS 2013, Bali, Indonesia, 20-24 October 2013; Volume 2, pp. 1182-1189.
Chang, H. Single View Reconstruction Using Refined Vanishing Point Geometry. Ph.D. Thesis, National Central University,
Taoyuan City, Taiwan, 2017. [CrossRef]

Omari, M.; Kaddi, M.; Salameh, K.; Alnoman, A. Advancing Image Compression Through Clustering Techniques: A Comprehen-
sive Analysis. Technologies 2025, 13, 123. [CrossRef]

FastAPI. Available online: https:/ /fastapi.tiangolo.com/ (accessed on 21 May 2024).

Schuszter, I1.C.; Cioca, M. Increasing the Reliability of Software Systems Using a Large-Language-Model-Based Solution for
Onboarding. Inventions 2024, 9, 79. [CrossRef]

LiveOverflow. FastAPI—Easy REST API Creation with Python [Video]. YouTube 2019. Available online: https://www.youtube.
com/watch?v=7t2alSnE2-1 (accessed on 21 May 2024).

Amazon Web Services. Host Instance Storage. Available online: https://docs.aws.amazon.com/sagemaker/latest/dg/host-
instance-storage.html (accessed on 21 May 2024).

Faria, P; Simoes, T.; Kai, M.; Yan, Q. Automation and Classification Cascade Methods for Object Detection: Organising Data
Stack for Supervised Learning Before Running Unnecessary Pathfinders. In Proceedings of the 2024 International Conference on
Image Processing, Computer Vision and Machine Learning (ICICML), Shenzhen, China, 21-24 November 2024. Available online:
https:/ /www.icicml.org (accessed on 21 May 2024).

de Groot, P; Pelissier, M.; Refayee, H.; Hout, M. Deep Learning Seismic Object Detection Examples. 2021. Available online:
https:/ /www.researchgate.net/publication/356988233_Deep_Learning_Seismic_Object_Detection_Examples (accessed on 21
May 2024).

Waas, L.; Enjellina. Review of BIM-Based Software in Architectural Design: Graphisoft Archicad vs. Autodesk Revit. J. Artif.
Intell. Archit. 2022, 1, 14-22. [CrossRef]

Apple Inc. Measurement. Available online: https:/ /developer.apple.com/documentation/foundation/measurement (accessed
on 21 May 2024).

Apple Developer. Machine Learning. Available online: https://developer.apple.com/machine-learning/ (accessed on
21 May 2024).

Truong, T.X.; Nhu, V.-H.; Phuong, D.T.N.; Nghi, L.T.; Hung, N.N.; Hoa, P.V.; Bui, D.T. A New Approach Based on TensorFlow
Deep Neural Networks with ADAM Optimizer and GIS for Spatial Prediction of Forest Fire Danger in Tropical Areas. Remote
Sens. 2023, 15, 3458. [CrossRef]

Lin, T.-Y,; Maire, M.; Belongie, S.; Bourdev, L.; Girshick, R.; Hays, J.; Perona, P.; Ramanan, D.; Zitnick, C.L.; Dollar, P. Microsoft
COCO: Common Objects in Context. arXiv 2015, arXiv:1405.0312v3. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://dx.doi.org/10.13140/RG.2.2.14176.79362
http://dx.doi.org/10.3390/technologies13030123
https://fastapi.tiangolo.com/
http://dx.doi.org/10.3390/inventions9040079
https://www.youtube.com/watch?v=7t2alSnE2-I
https://www.youtube.com/watch?v=7t2alSnE2-I
https://docs.aws.amazon.com/sagemaker/latest/dg/host-instance-storage.html
https://docs.aws.amazon.com/sagemaker/latest/dg/host-instance-storage.html
https://www.icicml.org
https://www.researchgate.net/publication/356988233_Deep_Learning_Seismic_Object_Detection_Examples
http://dx.doi.org/10.24002/jarina.v1i2.6016
https://developer.apple.com/documentation/foundation/measurement
https://developer.apple.com/machine-learning/
http://dx.doi.org/10.3390/rs15143458
http://dx.doi.org/10.48550/arXiv.1405.0312

	Introduction 
	Background
	State of the Art and Gap
	Research Approach and Objective

	Materials and Methods
	Case Study Introduction
	System Overview and Workflow Structure
	Correction Coefficient Definition
	Creating the Computer Vision Datasets and Case Study Implementation
	Creating Simple Models for Object Detection
	Apply the Method for Object Detection Measurement
	Early Conclusions
	Future Work

	Discussion and Results
	Further Implementation into Applications: Training the Application to Understand How Devices Measure
	Further NoSQL Collection Integration, Including Correctional Indexation and False Positives
	Further Implementations into Applications: Training the Application to Understand Geometry
	Further Implementations into Applications: Using Third-Party Cloud Web Services
	Further Implementations into Applications: Real-Time Measures, Seismic Detection, and Energy Efficiency
	Final Statements

	Conclusions
	References

