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ABSTRACT This research developed a neural network-based model to extract various information from
2D floor plans. We detect lighting symbols, identify the appropriate type of light, and extract the associated
texts with lights. The study aims to enable efficient floor designing and determining the number and type
of lights needed per floor, i.e., allow efficient design and estimate the power requirement of the floor plan.
The model was developed using Mask RCNN as the base. The images were annotated and converted into a
Coco data format for training the model. The model achieved bbox_mAP and segm_mAP values of 0.7596
and 0.7111, respectively. It also performed well at different IoU thresholds, i.e., with bbox_mAP 50 and
segm_mAP 75 values of 0.9850 and 0.9219, respectively. The developed model will help various industries,
such as architecture and construction, to improve design time and create efficient workflows by automatically
detecting Mechanical, Electrical, and Plumbing (MEP) objects from floor plans, and it is the first step towards
building tools that will help energy-efficient building design.

INDEX TERMS Intelligent detection, MEP metrices, 2D floor plans, Mask RCNN, Coco data format,

Workflow efficiency, Energy efficiency, Engineering design process.

I. INTRODUCTION
ODAY'’S technology has made collecting and process-
ing information in indoor environments possible. This
has positively impacted facilities management, indoor local-
ization, and indoor data models, but it has also increased the
demand for creating actual databases of indoor information.

One area still underdeveloped [1], [2] is the analysis of
the Mechanical, Electrical, and Plumbing (MEP) matrices of
buildings, which is crucial for efficient engineering design
processes. Various approaches have been used to analyze
MEP matrices of buildings, including those that use 3D laser
scanning, CAD plans, architectural sketches, and mobile ap-
plications. This study focuses on using 2D floor plans, as
they provide the most fundamental source of information for
existing buildings.

Recent efforts have been put into using machine learning
models for extracting and labelling data from floor plans.
However, this is a challenging problem, as the notation of
different floor plans varies significantly according to the
institutions and the design offices. Furthermore, floor plans
archived as complex, fuzzy architectural drawings usually
characterize raster images.
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This research work aims to intelligently collect MEP-
related metrics from floor plans to aid in improving the ef-
ficiency of the engineering design process. As a first step, we
developed a neural network model to collect three types of
information from 2D floor plans: a) detect lighting symbols,
b) identify the appropriate type of light, and c) extract the
associated texts with lights. This work converted PDF files of
2D floor plans into image format to achieve these objectives.
We annotated the images manually. This is because we use
a private dataset provided by the sponsor, and the data is
not annotated. Once the annotations were complete, the data
was converted to coco data format. Each image and its coco
dataset were sliced into smaller components to reduce storage
space. The images were sliced with slice parameters such
that each image was sliced into 1000x1000 grids with an
overlap ratio of 0.2. After the data preprocessing step, Mask
RCNN [3], [4] was used as a base to develop a neural network
model. The configuration files were changed to optimize the
model for this use case, and hyperparameter tuning was also
done. Initialization, forward propagation compute loss, and
backpropagation were performed during training. The model
was then trained and validated using a dataset to improve its
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accuracy. The model was used to detect the lighting symbols
in the floor plan. Once the algorithm detects the lighting
symbols, it finds the coordinates of the bounding boxes and
extracts each electrical component detected, saving it in a
file for use in the next step. The next step is to loop through
the cropped lighting symbols saved in a file and extract the
appropriate text that informs what kind of electrical compo-
nent it is. Once the type of electrical component is identified,
the power consumption for lighting components of the whole
floor plan can be estimated by combining the results. Finally,
TensorBoard [5] was used to visualize the findings, which
improved the model even more. This research represents a
significant improvement over the traditional method of intel-
ligently detecting MEP symbols from floor plans. The devel-
oped model will help various industries, such as architecture
and construction, improve design time and create efficient
workflows by automatically detecting Mechanical, Electrical,
and Plumbing (MEP) objects from floor plans; it is the first
step towards building tools that will help energy-efficient
building design.

The rest of the paper is organized as follows: section II sur-
veys and presents recent related works, section III describes
the technical details of the implementation and dataset used
in the study, section IV describes the result and evaluation,
and section V describes the concluding remarks of this paper.

II. LITERATURE REVIEW

Inrecent years, there has been a growing interest in using deep
learning techniques to detect MEP (mechanical, electrical,
and plumbing) metrics from 2D floor plans. Researchers
have actively explored various approaches to extract compo-
nents from architectural floor plans automatically. These floor
plans, which architects create to provide a scaled represen-
tation of buildings, serve as a crucial source of information
for MEP systems design and installation. These floor plans,
created by architects, provide a scaled representation of the
building and contain important details such as walls, doors,
windows, stairs, fixtures, and labels that serve as critical
information for MEP systems design and installation. For
example, Figure 1 presents a floor plan for a residential unit’s
bathroom and kitchen areas [6].

Several studies have attempted to develop automated meth-
ods for detecting MEP systems from floor plans, utilizing
machine learning algorithms such as Convolutional Neural
Networks (CNNs) to classify symbols. The analysis of ar-
chitectural floor plans has been a crucial area of research in
computer vision. For instance, in 1992, Filipski & Flanderena
[7] introduced GTX 5000, a commercially available tool that
utilized neural networks for character and symbol detection,
making it one of the first commercial applications of convo-
lution image detection.

More recently, in 2017, Ruwanthika et al. [8] attempted to
construct complete 3D models of houses for AR purposes,
while Dodge et al. [9] applied Fully Convolution Networks
(FCN) to analyze architectural floor plans with the goal of
processing simplified plans frequently seen on real estate
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websites, which could not be effectively analyzed through
conventional methods. The authors also compared traditional
and statistical methods, utilizing Google Vision API to re-
move any text elements that could skew the results. Through
their study, they demonstrated the precision with which one
could identify the features of a floor plan. This breakthrough
could serve as a building block for automated 3D modelling in
the future. The renewed interest in neural networks for floor
plan analysis can be attributed to significant advancements
in deep learning and the availability of annotated data for
training.

Automating the entire process of floor plan analysis with-
out manual intervention is becoming more critical, especially
with the increasing demand for smart homes and building
management systems. As such, the following section provides
an overview of the current techniques for extracting walls,
detecting rooms, and performing preprocessing in this field,
highlighting the difficulties encountered and the proposed
solutions.

A. METHODS FOR EXTRACTION OF WALLS

The techniques used for wall extraction in architectural floor
plans have advanced as the goals, difficulties, and techno-
logical advancements changed. The field has kept pace with
the development of computer vision techniques and increased
computing power.

1) Early Techniques for Separating Walls in Floor Plans

The first attempts to create systems for understanding archi-
tectural floor plans were driven by the need to convert large
collections of drawings that were only available in printed or
hand-drawn form into digital format. This task was often done
manually, which could be time-consuming and expensive. It
involved tracing the scanned image into CAD software either
on a computer screen or using specialized tracing tables [10].

The beginning stages of solving the problem of digitizing
architectural floor plans [10], [11], [12] only dealt with im-
ages with a set pattern of drawings, usually walls depicted
as thick lines, and often were only able to handle horizon-
tal and vertical lines. These early methods mainly focused
on converting the walls into vectors using morphological
operations and thinning the walls down to 1-pixel lines to
obtain their vector representation. This traditional pipeline of
line extraction, Skeletonization, and vectorization became a
commonly used technique for analyzing technical drawings
like topographic maps [13].

The earliest works aimed to convert floor plan sketches into
CAD format efficiently. A study by Aoki et al. (1996) [11]
relied on the use of thin and thick lines to distinguish internal
and external walls. The approach involved extracting line
segments and closed regions from a preprocessed image and
then using pattern matching to identify the elements in the
drawing.

Ahmed et al. [14] introduced an early automatic method
for analyzing architectural floor plans that involved multiple
stages, including information separation, structure analysis,

VOLUME 11, 2023



Author et al.: Preparation of Papers for IEEE TRANSACTIONS and JOURNALS

IEEE Access

Kitchen
sheet vinyl %

| |
’m . I g‘.

3 - II]I,'E"
o Ill.-rl

FIGURE 1. An architectural floor plan section, specifically a residential unit’s kitchen and bathroom areas [6]

and semantic analysis. However, their wall extraction tech-
nique was based on the assumption that walls were drawn as
the thickest lines in the image, which restricted its use to that
specific drawing style.

2) Conventional Machine Learning Methods

Heras et al. [15] pointed out that architectural drawings have
no universal notation. Walls can vary in representation, from a
single line of varying widths to parallel lines or even hatching
patterns, as shown in Figure 2. This diversity made traditional
methods that rely on specific notations insufficient for wall
extraction tasks.

(a) (b) (c) (d)

FIGURE 2. Various Wall Notations [16]

They [15] also introduced a groundbreaking machine-
learning approach for wall extraction that can manage various
notations, modelled on the traditional Bag-Of-Visual-Words
model [17].

The authors in [18] note the main limitations of patch-
based methods as being restricted to single notation training
and requiring ground truth data from a diverse image set for
the training process.
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3) Methods Utilizing Convolution Neural Networks (CNN)
With the increasing computing power, CNNs have been
widely adopted in computer vision and various fields, includ-
ing architectural floor plan analysis. Liu et al. [19] used a
simple CNN approach for heatmap prediction at the pixel
level, as described in [20], to detect corners and crosspoints
(referred to as "junctions") in floor plans. They trained their
method using the LIFULL HOME dataset [21], which manu-
ally annotated 1,000-floor plan images. This dataset was large
enough for deep learning.

While the CNN-based approaches achieved high quan-
titative results, qualitatively, they failed to guarantee wall
connectivity, sometimes missing entire walls, rendering post-
processing recovery impossible.

B. TECHNIQUES FOR IDENTIFYING ROOMS

Methods for detecting rooms focus on identifying and sep-
arating the various areas within a floor plan image, using
information from the walls as a guide. Accuracy depends
on correct and thorough wall extraction, as errors in wall
identification can impact results.

1) Pixel-level Approaches

Pixel-based methods of room detection operate by analyzing
a raster image of the walls. Koutamanis and Mitossi [12] pro-
posed an early example of this method, which involved using
fixed rules to fill gaps in a simplified version of the walls.
However, this method was limited in its ability to handle
complex cases or wall extraction errors. Another approach,
proposed by Ryall et al. [22], involved using a "proximity
field" to identify the farthest points from any wall as potential
room centers. Its reliance on pixel properties limited this
method, resulting in potential under-segmentation or over-
segmentation of rooms.
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2) Geometry-Driven Approaches
Geometry-based methods for room detection utilize a vector
representation of the walls. Mace et al. [23] proposed an
example of this method, which used a top-down polygon
partitioning approach based on the idea that rooms should be
nearly convex regions. This method filled gaps between walls
by minimizing concavity in the resulting room polygon.
Other authors [10], [19], [24], [25], [26] have proposed
methods for detecting loops in the polygon representation
of walls, which are used to close gaps created by doors and
windows. These methods often rely on prior detection of wall
and symbol information with high precision, which is only
feasible on datasets with low complexity or human assistance.

3) Hybrid Approaches

More advanced methods, such as the one proposed in [27],
create a pixel image of the extracted walls and fill gaps in
the wall structure using information from previous structural
analysis steps.

Once the gaps are filled, the rooms are detected as con-
nected components in the image. The hybrid methods utilize
semantic and pixel information for room detection, balancing
robustness and accuracy.

C. PREPROCESSING TECHNIQUES

Graphics/text separation is a common preprocessing step in
many wall extraction methods [10], [15], [17], [18], [24]
, [25], [27], [28]. This involves detecting and extracting text
from the image to simplify it.

Fletcher and Kasturi [29] introduced a graphics/text sep-
aration technique in early wall extraction methods (Sec-
tion II-A). The method relied on the distinct features of
technical drawings to identify text characters. It filtered the
image’s connected components based on statistical histogram
analysis of the component’s area, aspect ratio, pixel density,
and bounding box dimensions. This method was simple to
implement and produced good results, but it could not detect
text characters overlapping with other symbols.

Ahmed et al. [30] improved the graphics/text separation
method introduced by Fletcher and Kasturi [29] by detecting
overlapping text characters. The improved method inferred
the location of missing text characters from surrounding de-
tected characters. These methods relied on the assumption
that there is sufficient text in the image to make the area of
text characters the highest probability area measure among
all connected components in the image.

One of the primary challenges in this area of research
is the lack of a standardized symbol set for MEP systems.
Different construction projects may use different symbols
for the same MEP components. Developing a generalized
model to detect all possible symbols for MEP systems across
different projects is challenging.

Researchers have proposed several solutions to overcome
this challenge, such as developing a symbol classification
system that can learn from multiple symbol sets and using
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data augmentation techniques to generate synthetic data. Ad-
ditionally, some researchers have proposed using an ensemble
of models to increase the detection system’s accuracy.

Overall, the research in this area shows great promise for
developing intelligent detection systems for MEP metrics
based on 2D floor plans. With the increasing availability of
large-scale annotated data sets and advancements in deep
learning techniques, future research is expected to continue
to make significant contributions to this field.

Ill. METHODOLOGY

Engineering design has grown tremendously in recent years,
with increasing demand for more efficient and accurate de-
sign processes. To address this challenge, researchers have
turned to deep learning techniques to automate the collection
of metrics related to mechanical, electrical, and plumbing
(MEP) systems in building floor plans. This research project
aims to enhance the efficiency of the engineering design pro-
cess by developing an intelligent system capable of accurately
identifying lighting symbols in a floor plan, determining the
appropriate type of light, and extracting relevant text to es-
timate the power requirement of the floor plan. The project
utilizes PDF files of 2D floor plans, which are converted into
image format for analysis.

A neural network model is developed using a well-defined
methodology to achieve these objectives, as illustrated in
Figure 3. This methodology comprises a series of carefully
designed steps, which this section will thoroughly explain.

A. DATA COLLECTION AND PREPROCESSING
Figure 4 presents the steps involve in data collection and
preprocessing:

1) Data Collection

Developing a neural network model is a complex process
that involves several steps, starting with data collection and
preprocessing. The process begins with collecting the training
data, as no existing dataset was available for the specific
problem. In this case, the industry collaborator provided a set
of 2D floor plans in PDF format for buildings with different
configurations and layouts, which had a vast amount of floor
plans.

2) PDF to Image Conversion

The next step in the data collection and preprocessing phase
was to convert the PDF data to image format. The PDF files
were too large to be used directly for training the neural
network model. Therefore, it was necessary to convert them
to image format. PyMuPDF [31] was used for the conversion,
and the DPI was set to 300 based on trial and experimentation
to balance the image size while still maintaining the clarity of
the image.

3) Image Annotation
The third step in the methodology was manual image annota-
tion using VGG Image Annotator [32] (VIA) and converting
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it to coco data format. The images were manually annotated
using the VGG Image Annotator, a popular open-source tool
for annotating images. The annotations were made for each
image in terms of the location of the lighting symbols and the
corresponding text. The annotation data was then converted to
the coco data format widely used for object detection tasks.
Figure 5 represents a sample image that is annotated as part
of the preprocessing steps.

4) Data Splitting

The fourth step in the methodology was to split the data into
training, validation, and testing datasets. This was done to
ensure that the model’s performance could be evaluated on
unseen data and to avoid over-fitting. This step is crucial in
developing a robust and effective neural network model.

5) Image Slicing

Finally, image slicing was performed to slice images into
smaller components to reduce training time for the model and
improve efficiency. Figures 6 and 7 are showing an original
image and it’s sliced component respectively. Each image and
its coco dataset (see in Figure 8) were sliced into smaller
components. The images were sliced with slice parameters
such that each image was sliced into 1000X1000 grids with
an overlap ratio of 0.2. This allowed the model to be trained on
smaller image components, which reduced the training time
and improved efficiency.

B. ARCHITECTURE AND NEURAL NETWORK MODEL
SELECTION

Selecting an appropriate architecture and neural network
model is a critical step in developing an effective system
for the intelligent detection of MEP metrics. In this study,
the Mask R-CNN [3], [4] algorithm was chosen as the base
algorithm for its high accuracy in object detection tasks and
ability to detect and segment objects in an image.

Mask R-CNN [3], [4] is a popular deep-learning algorithm
for object detection and image segmentation. It is highly
accurate and can create a mask that outlines the exact pixels
belonging to each object in an image. This ability to accu-
rately segment images differentiates it from popular computer
vision models such as Faster R-CNN [3], [4], YOLO [33], and
SSD [34].
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TABLE 1. Object Detection Model Comparison

Model Advantages Disadvantages
Object detection and
instance segmentation ~ Computationally
Mask in a single model, with  expensive,
R- high accuracy, slower inference speed
CNN [3],[4] end-to-end  compared
training, open-source  to other models
implementation
Good accuracy, faster .
Faster ) Requires twostage de-
inference .
R- speed compared to tection,
CNN [33] Mask R-CNN may miss small objects
Fast inference speed, ];:z?r\:ceir accuracy com-
YOLO [33] real-time object detec- to other models, may
tion . .
miss small objects
Fast inference speed, Lower accuracy com-
SSD [34] real-time object detec-  pared

tion, good accuracy for
small objects

to other models for
larger objects

As shown in Table 1, Mask R-CNN offers several ad-
vantages over other models, including its ability to perform
object detection and instance segmentation in a single model,
achieving higher accuracy, and providing more detailed infor-
mation about the objects in the image. However, it is impor-
tant to note that Mask R-CNN is computationally expensive
and slower than other models, such as Faster R-CNN and
YOLO. It is due to its two-stage architecture, which involves
more complex computations and higher memory require-
ments. Thus, for applications where real-time performance is
critical, other models like Faster R-CNN and YOLO may be
more suitable.

The choice of the model ultimately depends on the appli-
cation’s specific needs. While Mask R-CNN is slower and
computationally expensive, its accuracy and segmentation ca-
pabilities make it the right choice for this project. In general,
there is always a trade-off between accuracy and computa-
tional cost when selecting a model. Hence, it is crucial to
carefully evaluate each model’s pros and cons to determine
which best fits the application’s requirements.
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FIGURE 5. Image Annotation

C. NEURAL NETWORK MODEL DEVELOPMENT

The Neural Network Model Development phase aimed to
train the Mask R-CNN algorithm to detect and segment MEP
metrics. The process involved four stages:

1) Initialization

In this phase, the weights and biases of the neural network are
randomly initialized to small values. This step is crucial as it
helps avoid getting stuck in local optima.

2) Forward Propagation

During forward propagation, the neural network takes input
data in the form of images and performs a forward pass
through the network, producing an output. In this case, the
output is the predicted bounding boxes, objectness scores, and
masks for each object in the input image.

3) Compute Loss

When training a neural network for object detection, tracking
how well the model performs is crucial. One way to do this is
by using a loss function to measure the difference between the
predicted and true outputs. As the network progresses through
each training epoch, a loss value is calculated and printed for
each batch. These values and other important information are
stored as logs in log files.

Most importantly, the log includes information on the dif-
ferent components of the object detection task, such as the
loss for the region proposal network classification, the loss
for bounding box regression, and the accuracy for the clas-
sification task. These losses are used to monitor the training
progress and adjust the model parameters.

4) Backpropagation

In the backpropagation phase, the loss is backpropagated
through the network, and the gradients of the loss with respect
to the weights and biases of each neuron are calculated. The
specific backpropagation algorithm used in Mask RCNN is
stochastic gradient descent with momentum. This algorithm
updates the weights and biases of the network based on the
gradients calculated during backpropagation. By iteratively
adjusting the weights and biases in the direction that mini-
mizes the loss, the network is able to improve its performance
over time.

D. MODEL EVALUATION, OPTIMIZATION, VALIDATION
AND HYPERPARAMETER TUNING

This research utilized the validation dataset to evaluate the
model’s accuracy and optimize its hyperparameters. The pri-
mary objective of this process was to improve the perfor-
mance of the model by adjusting the hyperparameters, in-
cluding the learning rate, evaluation interval, and number of
epochs, among others.

Hyperparameter tuning is a crucial step in machine learn-
ing model building, as it enables us to find the best combina-
tion of hyperparameters that results in optimal performance.
The hyperparameters were tuned using a trial-and-error pro-
cess until the desired performance, as measured by Average
Precision (AP) and Average Recall (AR), was achieved.

The model’s performance was evaluated using the AP and
AR metrics during optimization. These metrics are widely
used in object detection tasks and provide a measure of the
model’s ability to detect and classify objects accurately. The
AP metric measures the average precision of the model across
arange of intersections over union (IoU) thresholds, while the
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AR metric measures the average recall of the model across a
range of IoU thresholds.

Once the hyperparameters were tuned, the optimized
model was tested on a separate test dataset to evaluate its abil-
ity to accurately detect lighting symbols. This independent
evaluation provided a robust assessment of the model’s per-
formance. The rigorous evaluation metrics used during this
process ensured that the model’s performance was optimal
and could generalize to new data. Ultimately, this process led
to the development of an intelligent lighting symbol detection
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model capable of accurately classifying lighting symbols.
The final optimized model demonstrated excellent prediction
ability, providing high confidence in its ability to be applied
in real-world MEP detection scenarios.

IV. RESULTS AND ANALYSIS

This section presents the research findings and interprets
them in the context of the research objectives. The collected
data is analyzed comprehensively, and the patterns, relation-
ships, and emerging trends are described. The implications
of the findings are also discussed, and key insights that
contribute to the understanding of the research problem are
highlighted. This section aims to provide a clear and concise
presentation of the results and their significance, enabling the
reader to evaluate the research outcomes.

A. ANALYSIS OF MODEL PERFORMANCE DURING
TRAINING

This subsection provides a comprehensive analysis of the
model’s performance during training. The data presented
include the loss values, accuracy, and memory usage for
each epoch, covering a span of 20 epochs. The loss values
for each model component are provided, and their trends
are analyzed to determine if any overfitting or underfitting
occurs. Tensorboard was used as a powerful visualization tool
to monitor and analyze the model’s performance, providing
an interactive dashboard that displays various metrics such as
the loss function, accuracy, and learning rate over time.
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coco.json

1

2 "info": {

3 "year": 2023,

4 "version": "1.e",

5 "description”: "Intelligent detection of MEP metrices",
6 "contributor": ""

7 "date_created": "Mon Mar 2@ 2023 18:31:35 GMT-0400 (Eastern Daylight Time)"
8 ¥

9 "images": [

1e 1,

11 "annotations": [
12 1,
13 "licenses": [
14 1,
15 "categories": [
16 {
17 "supercategory™: "Lighting",
18 "id": 1,
19 "name": "light"
20 }
21 ]
22}

FIGURE 8. COCO Data Format

Learning rate

Learning Rate

Epochs

FIGURE 9. Learning Rate Graph

Figure 9 displays the learning rate graph generated by
Tensorboard, which depicts the model’s learning rate changes
over time. The learning rate graph helps determine the appro-
priate learning rate for optimal performance.

In addition to the learning rate graph, the Figure 10(a)
presents the accuracy of the model and Figures 10(b) to (g)
are showing the training loss graphs generated by Tensor-
board. These graphs show how the model’s loss changes
over time during training. The figures show that the training
loss decreases steadily over time, indicating that the model
effectively learns from the data and improves its performance.

Table 2 shows that the loss_rpn_cls, loss_rpn_bbox,
loss_cls, and loss_bbox decrease significantly with each
epoch, while the accuracy improves. The loss_mask, how-

8

ever, shows a slight decrease in the first epoch but stays
relatively stable in the following epochs. The results indicate
that the algorithm used in this research study is effective in
detecting MEP metrics.

B. PERFORMANCE EVALUATION

The performance of the proposed intelligent detection model
for MEP metrics was evaluated using the mean Average Pre-
cision (mAP) and mean Average Recall (mAR) metrics. The
results of the evaluation show that the model achieved a mAP
of 0.760 and a mAR of 0.810 for bounding box annotations
with an IoU threshold of 0.50:0.95, and a maximum detection
of 100.

For segmentation annotations, the model achieved a mAP
of 0.711 and a mAR of 0.765 with the same IoU thresh-
old and maximum detection (Figure 11). The model also
achieved high accuracy for different object sizes, with a mAP
of 0.700 for small objects, 0.662 for medium-sized objects,
and 0.780 for large objects. The mAR results for different
object sizes were 0.700, 0.725, and 0.830, respectively. The
results demonstrate the effectiveness of the proposed model
in accurately detecting MEP metrics.

C. EVALUATION RESULTS

The following subsection provides an analysis of the results
obtained from the evaluation of the performance of MEP met-
rics detection. The results are presented in terms of detection
accuracy metrics such as bbox_mAP, segm_mAP, and their
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FIGURE 10. Training Accuracy and Loss Graphs
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TABLE 2. Training Metrics

Epoch Lelil; Izing T{;‘iirr::g Memory | Loss_rpn_cls | Loss_rpn_bbox | Loss_cls | Accuracy | Loss_bbox | Loss_mask | Loss

T |2.500e-03 | 0:40:42 | 2543 0.1327 0.0245 03299 | 86.1719 | 0.2994 05616 | 1.3480

10 | 2.500e-04 | 0:10:28 | 2904 0.0019 0.0125 0.0716 | 97.0508 | 0.1685 0.1259 | 0.3804

20 | 2.500e-05 | 0:00:02 | 2904 0.0014 0.0105 0.0570 | 97.5586 | 0.1559 0.1161 | 0.3409
Running per image evaluation...
Evaluate annotation type *segm®
Joontent/mmdetection/mmdet/datasets/coco.py:470:
2823-83-21 16:34:39,411 - mmdet - INFO -
Average Precision (AP) @[ IoU=B.58:8.95 | area= all | maxDets=188 ] = 8.711
Bverage Precision (4&P) @[ IoU=B.58 | area= all | maxDets=1888 ] = B.985
bverage Precision (AP) @[ IoU=B.75 | area= all | maxDets=1800 ] = 8.922
Bverage Precision (AP) @[ IoU=B.58:8.95 | area= small | maxDets=1088 ] = 0.500
Bverage Precision (AP) @[ IoU=8.58:8.95 | area=medium | maxDets=1088 ] = B.685
Average Precision (AP) @[ IoU=B.58:8.95 | area= large | maxDets=1880 ] = 8.732
Average Recall (AR} @[ IoU=B.58:9.95 | area= all | maxDets=188 ] = ©.765
Average Recall (AR) @[ IoU=0.58:8.95 | area= all | maxDets=388 ] = B.765
Average Recall (AR} B[ IcU=B.50:98.95 | area= all | maxDets=1888 ] = B.765
Average Recall {AR) @[ ToU=8.50:08.95 | area= small | maxDets=1808 ] = 8.500
Average Recall (AR) @[ IoU=0.50:8.95 | area=medium | maxDets=1880 ] = B.677
Bverage Recall {AR) B[ IoU=B.50:9.95 | area= large | maxDets=1088 ] = 8.735

FIGURE 11. Segmentation Evaluation Results

variations. The evaluation was conducted using the MMDe-
tection framework and the evaluation results are shown in
Figure 12.

The evaluation metrics provide insight into the perfor-
mance of the model in terms of its ability to detect MEP
metrics accurately. The bbox_mAP metric measures the
mean average precision of bounding box detection, while
segm_mAP measures the mean average precision of segmen-
tation. The variations of these metrics, such as bbox_mAP_50
and segm_mAP_75, measure the average precision at differ-
ent intersection over union (IoU) thresholds.

The results obtained from the evaluation demonstrate that
the model has achieved high accuracy in detecting MEP met-
rics, with bbox_mAP and segm_mAP values of 0.7596 and
0.7111, respectively. The results also show that the model per-
forms well at different IoU thresholds, with bbox_mAP_50
and segm_mAP_75 values of 0.9850 and 0.9219, respec-
tively. The analysis of the results provides insight into the
performance of the model and highlights areas for further
improvement.

D. DETECTION AND EXTRACTION OF LIGHTING SYMBOLS
FOR ENERGY CONSUMPTION PREDICTION

The trained model was applied to an unseen image to evaluate
its performance. Figure 13 displays the output of the model,
which successfully identified the lighting symbols in the
image.

10

The lighting symbols were then extracted, and using the
Pytesseract tool, the text associated with each symbol was
extracted shown in Figure 14.

This text provides information about the type of light
present in the floor plan, which can be used to predict the over-
all power consumption. The successful extraction of text from
the image demonstrates the effectiveness of the developed
model in accurately identifying and extracting MEP metrics
from floor plan images.

V. CONCLUSION

In this research work, we have applied the Mask Region-
based Convolutional Neural Network (Mask RCNN) to intel-
ligently detect MEP symbols from floor plans to improve the
engineering design process’s efficiency, accuracy, and cost-
effectiveness.

The study achieved bbox_mAP and segm_mAP values of
0.7596 and 0.7111, respectively, and performed well at differ-
ent [oU thresholds, with bbox_mAP_50 and segm_mAP_75
values of 0.9850 and 0.9219, respectively. These results rep-
resent a significant improvement over the traditional methods.

The developed approach can automate the manual work
involved in MEP symbol detection, reducing design time
and increasing workflow efficiency. It has the potential to
significantly impact the fields of architecture, construction,
and real estate by improving energy efficiency during the
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2023-83-21 16:34:39,418 - mmdet - INFO - Epoch(val) [20][548] bbox mAP: ©.7596,
bbox_mAP 58: B.985@, bbox mAP 75: 8.9358, bbox mAP s: ©.7080@, bbox mAP m: ©.6628,
bbox mAP 1: ©.78084, bbox mAP copypaste: ©.7596 ©.9858 ©.9358 9.7000 0.6628 0.7304,
segm_mAP: 8.7111, segm_mAP_50: ©.9846, segm_mAP_75: 8.9219, segm_mAP_s: 9.5088,
segm_miP m: B.6854, segm mAP 1: B8.7317,

segm_miP_copypaste: 8.7111 8.9846 6.9219 0.5080 0.60854 8.7317

DONE (t=0.48s).

Accumulating evaluation results...

DONE (t=8.06s5).

FIGURE 12. Evaluation Results for Epoch 20
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