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Structural live load surveys by deep learning
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Abstract. The design of safe and economical structures depends on the reliable live load from load survey. Live load surveys
are traditionally conducted by randomly selecting rooms and weighing each item on-site, a method that has problems of low
efficiency, high cost, and long cycle time. This paper proposes a deep learning-based method combined with Internet big data to
perform live load surveys. The proposed survey method utilizes multi-source heterogeneous data, such as images, voice, and
product identification, to obtain the live load without weighing each item through object detection, web crawler, and speech
recognition. The indoor objects and face detection models are first developed based on fine-tuning the YOLOV3 algorithm to
detect target objects and obtain the number of people in a room, respectively. Each detection model is evaluated using the
independent testing set. Then web crawler frameworks with keyword and image retrieval are established to extract the weight
information of detected objects from Internet big data. The live load in a room is derived by combining the weight and number
of items and people. To verify the feasibility of the proposed survey method, a live load survey is carried out for a meeting room.
The results show that, compared with the traditional method of sampling and weighing, the proposed method could perform
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efficient and convenient live load surveys and represents a new load research paradigm.
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1. Introduction

Engineering structures are constructed to meet human
life, production, transportation, and aesthetic needs. The
reliability of load value is not only the key to design a
proposed structure but also the basis for performance
evaluation of an existing structure. Therefore, load
modeling is critical to ensure the reliability of engineering
structures, and a large amount of measured data is essential
(Kaimal et al. 1972, Kumar 2002a, Wang and Li 2012).
Unlike seismic and wind loads, live load data for building
structures cannot be automatically collected over time by
electronic monitoring equipment. At present, most data
required for modeling of floor live load are obtained by
researchers conducting on-site surveys. This traditional
survey method is inefficient, costly, and difficult to carry
out on a large scale, but it has become the conventional
method in an era of limited analog data. Taking the load
code for building structures in China as an example, it has
been modified and improved nine times, and the research
methods are primarily based on sampling surveys and
statistical regression. In the history of load code
development, only two large-scale nationwide load surveys
and statistical analyses have been carried out. The first load
survey was conducted before the revision of load code for
industrial and civil buildings, and 606 residential rooms and
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258 office rooms were studied for floor live load. From
1977 to 1981, a second load survey was carried out, based
on studies of structural reliability and load combination. In
this survey, the floor live load of residential and office
buildings was the main concern, and 556 residential rooms
and 2201 office rooms were evaluated (Jin and Zhao 2012).
Since then, no load surveys have been conducted, and the
database of the load code (GB50009-2012) consists of data
that resulted from the second load survey.

In the past few decades, scholars have conducted
investigations on floor live load, and the research paradigms
are similar to the load code of China. Andam (1986) carried
out a load survey in Accra having a total area of 27,818 m?
and obtained the design load at a given fractile. Choi (1990)
conducted a load survey of 11 office buildings in Sydney
and calibrated the live load model used to calculate a
lifetime maximum total load. Based on the Sydney survey
data, Choi (1991) then proposed a refined temporary live
load model in which all parameters are considered to be
area dependent. To formulate a national load code, Asantey
and Andam (1996) surveyed the live load of factories and
warehouses in Ghana, covering areas of 12,565 m? and
13,803 m?, respectively. Ruiz and Sampayo-Trujillo (1997)
conducted a live load survey of office buildings in Mexico
City having a total area of 14,890 m? and proposed a new
load-reducing rule for the Mexican code. Kumar carried out
a live load survey of eight office buildings in Kanpur
having a total area of 11,720 m?. Based on the measured
data, a probabilistic live load model was proposed, and the
sustained load, extraordinary load, and lifetime maximum
total load obtained from the model were compared with
survey results from the UK, the USA, and Australia (Kumar
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2002a, b). Ge et al. (2008) conducted a live load survey on
residential buildings in the Central Plains region and
obtained 880 valid samples. The probability distribution
functions and statistical parameters of the maximum of the
sustained live load and the temporary live load were
obtained. Wu ef al. (2012) conducted a live load survey of
residential buildings in Xi’an and Baotou having an area of
7,900 m?, and the results showed that the probability
characteristics of equivalent uniformly distributed live loads
of residential buildings in China have changed greatly.

In traditional live load modeling, load surveys are
limited by labor costs, time costs, and the difficulty of
weighing large items on-site. The survey area or measured
sample size is relatively small compared to wide-ranging
building structures. Consequently, the conspicuousness of
data statistics and the quality of the load model are heavily
constrained by the representativeness of the sample. In
addition, socio-economic developments have changed the
form and function of current residential and office
buildings, these changes have widened the gap between the
data on which load modeling is based and the current load
status. Due to the fact that load surveys can only be carried
out in stages, the dynamics of socio-economic change
makes it difficult for the collected data to reflect indoor
items in time. Therefore, the reliability of load statistics is
the weakest component of structural reliability analysis.
Research of building live load is urgently needed to find
solutions to critical issues, such as sample size, labor cost,
site weighing, and timeliness of data. Obviously, a change
of research paradigm is required.

Recently, with rapid advances in computer hardware and
continuous data accumulation, deep learning (DL)
algorithms have been successfully applied to computer
vision (Ren et al. 2016, He et al. 2016), natural language
processing (Bahdanau et al. 2014, Oord et al. 2016), speech
recognition (Hinton et al. 2012, Graves et al. 2013), and
other fields. DL brings new ideas and opportunities to solve
problems in civil engineering. Convolutional neural
networks (CNN) have demonstrated outstanding image
processing capabilities. Cha et al. (2017) trained a CNN to
assess concrete cracks and achieved approximately 98%
accuracy. Park er al. (2018) proposed a single model
combining the residual fitting mechanism in the wavelet
transform and CNN network for time-series data
classification, and the single model presented a superior
performance than feature-based models. Xu et al. (2019)
proposed a modified fusion CNN architecture that
considered the multilevel and multi-scale features of the
input images to conduct crack identification inside steel box
girders. Duan et al. (2019) presented a CNN-based
approach for structural damage identification on hangers in
a tied-arch bridge structure using the spatial and spectral
information of the acceleration responses on the deck. Ni et
al. (2019) proposed a crack delineation network using
convolutional feature fusion and pixel-level classification
for structural damage detection and segmentation. Luo ef al.
(2019) introduced a faster region-based CNN for
autonomous detection of potholes from images and
achieved a high average precision over 93%. Tang et al.
(2019) proposed a novel method to detect data anomalies

based on CNN to imitate human vision and decision
making. Recurrent neural networks (RNN) are suitable for
processing time-series data. Guo et al. (2019) utilized
Kohonen neural network and long short-term memory
(LSTM) neural network to manage the massive data
required to evaluate the health status of bridges. Xie ef al.
(2019) proposed an LSTM method to solve the problem of
the multiple factors on landslide displacements in the
Laowuji landslide. At present, generative adversarial
networks (GAN) are less frequently used in civil
engineering. Xiong and Chen (2019) presented a new model
that combined the conditional GAN and Wasserstein GAN
with gradients penalty to generate loads from individuals
walking, jumping, and bouncing.

Inspired by the successful application of DL-based
methods to solve problems in civil engineering, this paper
reports the development of a novel DL-based framework for
structural live load surveys. The core contribution of this
framework is to conduct live load surveys without weighing
objects directly, allowing load statistics work to be
conducted efficiently. Such a method is needed to promote
the study of live loads, which has been stagnant for a long
time. To construct the proposed DL-based framework,
indoor objects and face detection models based on the
YOLOvV3 (Redmon and Farhadi 2018) algorithm are
developed to eliminate the influence of messy backgrounds
and count the number of crowds, respectively. Web crawlers
are then developed to collect target weights from network
big data automatically using detection results. To the best
knowledge of the authors, such a DL-based approach to
conducting live load surveys is not currently found in the
literature. This paper provides insights to readers who are
interested in designing DL-based live load survey models.

The remainder of this paper is organized as follows:
Section 2 introduces the overall architecture of a DL-based
live load survey. Section 3 explains the implementation in
detail. Section 4 interprets the training and test results and
discusses a case study. Section 5 concludes the paper.

2. Overall architecture of DL-based live load
survey

2.1 Rationale for the new framework

The rationale for the DL-based building live load survey
method is as follows: Objects in buildings map to the
Internet in a variety of digital forms. These forms can be
divided into two types of features: direct and indirect.
Direct features are unique identifiers, such as barcodes, QR
codes, RF codes, and product identifications; indirect
features are non-unique identifiers, such as images, videos,
and voices. Object features are used to mine Internet big
data resources to obtain the weight information needed for
the load survey.

Fig. 1 outlines the implementation of the proposed DL-
based live load survey method: 1) Portable smart devices,
such as smartphones, are used to comprehensively collect
images, audios, video, text, and other information about
objects in the buildings being surveyed. Such information
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classify objects into those having direct or indirect features.
3) Based on various characteristics, objects having direct
features are processed in batches using optical character
recognition (OCR), two-dimensional code recognition,
barcode recognition, and other techniques. Then based on
Internet big data, web crawler is combined with keyword
retrieval to obtain the weight information of objects. 4) An
indoor object detection model based on YOLOV3 is used to
detect items having indirect features. After removing the
influence of background and unrelated items, images are
retrieved from Internet big data, and the weight information
of items is obtained using web crawler. To determine the
load contributed by people in the building, a face detection
model based on YOLOV3 is used to count individuals, and
then the total weight of the crowd is obtained using an
average weight value.

According to the proposed scheme, an investigator only
needs to carry a smartphone to conduct a live load survey,
which saves on costs and improves efficiency. At the same
time, the images and videos collected during live load
surveys can be used to continuously update the dataset to
further optimize the DL algorithm. To better understand the
proposed method, the implementation of indoor objects and
face detection models based on YOLOv3 and weight
acquisition through web crawlers are presented, followed by
a case study.

2.2 Overall architecture of YOLOv3

YOLOvV3 is an improved object detection algorithm
based on YOLO9000 (Redmon and Farhadi 2017). This
paper presents an indoor object detection model and a face
detection model based on YOLOvV3 to input the survey
image, and then output the position of the target in the
image to prepare for subsequent weight acquisition.

As shown in Fig. 2, YOLOV3 is constructed from CBL
module, residual module (ResM), UpSampling layer, and
Concatenate layer, having a total of 252 layers. The CBL
module consists of a convolution (Conv) layer, a batch
normalization (BN) (Ioffe and Szegedy 2015) layer, and
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Fig. 2 Architecture of the YOLOvV3 network

Table 1 Composition of each CBL module

CBL-1 CBL-2 CBL-3
Conv (3%3/1) Conv (3%3/2) Conv (1x1/1)
BN layer BN layer BN layer
LReLU layer LReLU layer LReLU layer

a leaky rectified linear unit (LReLU) (Maas et al. 2013)
activation layer. According to the size and stride of the
convolution kernel, the CBL module can be divided into
three types. Table 1 lists the composition of each type. The
ResM draws on the idea of the residual units (He et al.
2016) and is responsible for performing feature extraction.
ResM consists of a ZeroPadding layer, three types of CBL
modules, and an Add layer. The ZeroPadding layer fills
zeros at the top and left sides of the input feature map to



148 Yang Li and Jun Chen

facilitate the operation of a convolution kernel with a stride
of 2. The Add layer performs element-wise addition
between the outputs of the identity mapping and the outputs
of the stacked CBL-1 and CBL-3. Noted that the number on
the left of ResM in Fig. 2 indicates the times of repetition
for the CBL-1, CBL-3, and Add layer in the module.
Several convolutional layers are added on the top of the
feature extractor (dotted box) to obtain the first prediction.
To combine the advantages of the low-level feature location
information and the high-level feature semantic
information, the high-level feature maps are upsampled and
spliced with the low-level feature maps in the channel
dimension using the UpSampling and Concatenate layers.
The nearest neighbor interpolation method is applied in the
UpSampling layer, which repeats the rows and columns of
the data twice. Figs. 3-4 show the operation of the
Concatenate layer and UpSampling layer, respectively. In
this study, the feature maps from two layers previous of the
first prediction are upsampled and merged with earlier
feature maps. Several convolutional layers are then added to
process this combined feature maps to obtain the second
prediction. The same sequence is performed once more to
obtain the final prediction. As shown in Fig. 2, YOLOvV3
predicts boxes at three scales similar to feature pyramid.
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Fig. 5 Anchor box to prediction box process

Each prediction is divided into a different number of
grid cells, and each grid cell predicts three bounding boxes
based on anchor boxes. Each bounding box contains
coordinate offsets, object confidence, and category
probabilities. The coordinate offsets are transformed into
the location and size under the cell diagram to calculate the
loss. Fig. 5 illustrates the conversion process. The dotted
rectangle is an anchor box, and the solid rectangle is a
prediction box. The conversion process can be expressed as

Ge=0(t)+C, G,=0(t,)+C, (1)

GW= W'etW, Gthh-eth (2)
where t, #, t, t; are the four coordinate offsets; C;, C, are
offsets of the grid cell, where the center of the indoor object
or human face is located, from the top left corner of training
image; the center coordinates (G., G,) of the predicted box
are obtained using sigmoid function o(.); the width G,, and
height G, of the predicted box are regressed from the
anchor box with width P,, and height P,

During training, YOLOV3 optimizes a multi-part loss
function, which consists of localization loss, confidence
loss, and classification loss. The localization loss is
calculated by the sum-squared error, and the confidence loss
and classification loss are calculated by the binary cross-
entropy function. Only the predictions of the responsible
anchor which has the highest intersection over union (IoU)
with the ground-truth box are used for -calculating
localization and classification loss. Fig. 5 shows an
illustration of IoU, which is equal to the intersection area
divided by the union area of the anchor box and prediction
box. For confidence loss, the predictions of the responsible
anchor and anchors that overlap ground truth by less than a
certain threshold value are considered.

This study builds a YOLOv3 model on the platform of
Keras for indoor object detection. The output layers of the
model are determined according to the confidence,
coordinates, and category of indoor objects. The training
process takes the indoor object images as input to optimize
weight parameters and minimizes the multi-part loss. After
training, the model can detect the location of each target in
a survey image. Each indoor object is then cropped
separately according to its coordinates to reduce
background interference. The cropped image is used by a
web crawler to search the object’s weight. A similar
procedure is taken to establish the face detection model
whose output is the number of persons in an image. The
training details of the two models will be explained later.

2.3 Web crawler

In this era of big data, data have become essential in
industrial and academic research. Web crawler is an
efficient information collection tool that can quickly and
accurately collect various data (Kumar ef al. 2017). In this
study, weight information mining programs have been built
based on Scrapy (Wang and Guo 2012), which is an
asynchronous processing and extensible crawler framework.
Fig. 6 shows the overall architecture of Scrapy (Wang and
Guo 2012) used for the data collection process.
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Data sources to crawl for weight information are
determined, and the initial requests are built in the Spiders
component. The Engine receives initial requests and
schedules them in the Scheduler to generate the next
requests. The Scheduler returns the next requests to the
Engine, and the Engine sends the requests to the
Downloader through the Middlewares. The Downloader
downloads data from Internet big data to generate responses
and the Engine receives the responses through the
Middlewares. The Spider receives the responses and returns
the items (e.g., weight information, material, images) and
new requests to the Engine through the Middlewares. The
Engine sends items to the ItemPipeline for cleaning and
requests to the Scheduler. The Engine asks for the next
requests from the Scheduler to begin the next iteration. The
above steps are repeated until there are no requests in the
Scheduler.

The data source is determined according to the object
features obtained earlier. Specific crawling steps to obtain
weight information for objects with different features is
presented later.

3. Implementation details

Currently, no universal indoor objects dataset exists. A
dataset of indoor objects in a meeting room was collected
for this study, and an existing benchmark face dataset was
also used to explain how to perform the DL-based live load
survey method.

3.1 Image acquisition and labeling

An 1Phone XS Max with a resolution of 4032 x 3024

pixels was used to obtain 3517 raw images of sustained live
load in a meeting room. These images contain five classes
of indoor objects, namely two types of chairs (Fig. 7(1)-
(2)), a type of conference table (Fig. 7(3)), a solid wood
desk (Fig. 7(4)), and a water dispenser (Fig. 7(5)). Images
were taken at multiple scales and from different
perspectives. A single image can contain one or more object
types. Note that no restrictions were imposed on distance or
illumination uniformity. FDDB (Jain and Learned-miller
2010), a dataset of facial images with accurate annotations,
was used to calculate temporary crowd loads. FDDB
includes 2845 images with a total of 5171 faces that present
a wide range of difficulties, such as low resolution,
occlusions, and different poses.

Ground truth annotations are necessary for supervised
learning procedures and were implemented by two
procedures. For raw images of sustained live load,
Labellmg was used to assign rectangular ground truth
bounding boxes to corresponding objects. For FDDB
images, because the facial annotations provided are
ellipsoid parameters, a script based on Python was built to
convert the ellipsoid annotations to rectangular annotations.
Fig. 7 shows representative raw images and labeling of
ground truth regions.

3.2 Data augmentation

Deep neural networks typically need a large amount of
training data to achieve the desired effectiveness. In
situations where the data volume is limited, data
augmentation can increase the data volume, improve the
robustness of the model, and avoid overfitting. In this study,

Fig. 7 Representative raw images with annotations
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Fig. 8 Data augmentation applied to one raw image

horizontal flipping, zooming in or out, and shifting were
used to augment the data. Each image was randomly scaled,
shifted, and flipped to increase the diversity and quantity of
data before being forward propagated. These operations
make the model more robust to changes in object size and
position. Note that the ground truth annotations should
change with the augmentation approach. Fig. 8 shows the
scaling, shifting, and flipping operations performed to one
raw image.

3.3 Hyper-parameters settings

In neural networks, there are artificially adjusted hyper-
parameters in addition to the learnable weight parameters.
These hyper-parameters affect the time and memory costs,
the quality of the recovered model, and the ability of the
model to infer the correct results. In this study, the settings
of hyper-parameters mainly refer to recommended values in
the classic literature.

The dimensions and number of convolutional kernels,
depth of the network, and strides were determined as
described in Section 2.2. The small constant € added to the
mini-batch variance for numerical stability in BN is set to
le-3. The exponential decay rates for moment estimates p1,
p2 and small constant 1 in Adam optimization algorithm are
set to 0.9, 0.999, and 1le-8, respectively (Kingma and Ba
2015). The weight decay to prevent overfitting is set to Se-4
(Redmon and Farhadi 2017). The learning rate directly
controls the magnitude of the network gradient update
during training. In this study, the learning rate o is initially
set to 0.001, and then adaptively adjusted according to the
optimization status of each parameter (Kingma and Ba
2015). In addition, the loss of the model on the validation
set during the training process is monitored as follows: If
the loss of the model on the validation set in three epochs is
less than 0.0001, then the learning rate is reduced to 0.1
times the previous value. If the loss of the model on the
validation set does not decrease over ten consecutive
epochs, then the training is terminated to prevent overfitting
and ensure the effectiveness of the training. The size of the
mini-batch is set to 64 to provide a more accurate estimate
of the gradient and take advantage of multicore

architectures. As for the weight parameters initialization,
the parameters of the feature extractor are initialized from
the pre-trained weight parameters of the COCO dataset (Lin
et al. 2014), and the remaining weight parameters are
initialized from He-Uniform initialization.

3.4 Data crawling

The crawling to collect weight data was divided into two
procedures according to the object features, and the
database used to store data was MongoDB.

For objects with direct features, object keywords were
extracted based on load survey data. Based on these
keywords, all data of matching objects on the corresponding
website, including attribute information and images were
crawled, and the crawled data were then mined to extract
the target weight information. The crawling process is
shown in Fig. 9(a). Steps 1-14 were repeated until there
were no requests in the Engine. For objects with indirect
features, the target objects in the load survey acquisition
images were detected and cropped using the indoor objects
detection model. The cropped target images were
automatically uploaded to the e-commerce database based
on the Selenium library for image matching, and the details
of the retrieved items were downloaded and the data
cleaned to obtain weight information of each target object.
The data crawling process is shown in Fig. 9(b).

4. Results and discussions

In this paper, 3517 raw images containing 5 classes of
indoor objects and 2845 raw images containing 5171 faces
are used to train indoor objects and face detection models,
respectively. The training, validation, and test sets of both
models are independent and randomly sampled from the
corresponding image set with proportions of 80%, 10%, and
10%. Data augmentation is performed for each image
before forward propagation.

4.1 Anchor box clustering

Each scale feature map corresponds to three anchor
boxes. In this work, KMeans clustering is conducted on the
ground truth boxes of the training set to find anchor boxes.
The distance metric based on IoU (Redmon and Farhadi
2017) is defined as

D(b,p) = 1 —1loU(b,p) 3)

where D is a distance metric between ground truth boxes
and anchor boxes, b represents all ground truth boxes in the
training set, and p represents all anchor boxes. Note that the
absolute positions of the ground truth and anchor boxes are
not considered during the clustering process; only the IoU is
considered. The clustering results of the indoor objects and
FDDB training sets are shown in Fig. 10. The horizontal
and vertical coordinates represent the width and height of
the ground truth box. The red pentagrams represent the
cluster centers, and points of the same color belong to the
same cluster. The data points of the indoor object dataset
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Table 2 Anchor box size in KMeans clustering results

Anchor boxes [px]

Feature map Indo.or. objects ED.DB
traming set training set
Width Height Width Height
2493 1629 209 309
13x13 2143 2893 161 241
1614 2300 129 191
1543 1021 105 159
26 % 26 1357 1950 89 133
1100 1674 75 111
929 1357 61 91
52 x 52 709 1110 37 55
514 857 21 29

are more scattered, which means that the aspect ratio of the
objects in the data set is more variable.

Table 2 shows the anchor box sizes in the KMeans
clustering results. The average IoU of nine anchor boxes
and ground truth boxes in the two training sets are 84.59%
and 85.55%, respectively. Based on these anchor boxes, the
training of the indoor objects and face detection models was
conducted.

4.2 Training results

The training process of both models was as follows:
Pre-training weights based on the COCO dataset and He-
Uniform initialization were used to initialize the network
parameters. The input size of the images was set to 416 X
416 pixels, and data augmentation was performed. The
training was divided into two stages. The parameters of the
last 67 layers were optimized with a batch size of 64 in the
first stage, and the parameters of the entire network were
fine-tuned with a batch size of 32 in the second stage. All
experiments were performed with the hardware of GeForce
RTX 2080Ti graphics processing unit (GPU) and Intel Xeon
Silver 4110 central processor unit (CPU), and the software
of Ubuntu 16.04 operating system with Keras 2.2.4 as the
programming platform.

It took 11.5 hours (72 epochs and 3970 batches) and 3.5
hours (55 epochs and 2480 batches), respectively, to train
the indoor objects and face detection model on the hardware
described above. Figs. 11-12 show the changes in the loss
for the indoor objects and face detection models,
respectively, during training. Fig. 11(a) and Fig. 12(a) show
that with an increase in the number of batches, the loss
gradually decreases and stabilizes for each model. However,
there is a phenomenon of local oscillation, which can be
mitigated by increasing the batch size. Fig. 11(b) and Fig.
12(b) show that with an increase of epochs, the training set
loss and the validation set loss have essentially identical
downward trends, and the difference between the two is
negligible once they stabilize. This indicates that the models
have effectively learned according to the training samples,
and the parameters of the network have been optimized.

Using the indoor objects detection model as an example,
the activation feature maps and convolution kernels are
visualized to access the inner learned features of the CNNs.
Fig. 13 illustrates the activation feature maps based on a
raw image and convolution kernels for a few layers.
Shallow convolution kernels focus on the edge and texture
features, so the edge contour of the object is prominent in
the shallow activation feature maps. As the layer depth
increases, the visual patterns of the convolution kernels
become more complicated, and the activation feature maps
become more abstract. Eventually, the model pays more
attention to the location information of objects, which
shows that the network has effectively learned to detect
objects.

4.3 Test results and evaluation metrics

Test images were input into the trained network to
evaluate the performance of the indoor objects and face
detection models. Figs. 14(a)-(d) shows the identification
results of the indoor objects detection model. The model
correctly outputs the class of the object, along with an
accurate location. The model is robust for images with
insufficient lighting (d), object truncation (a)-(c), different
angles (a), and small objects (c). Figs. 14(e)-(f) shows the
identification results of the face detection model. The model
can accurately detect faces on people in different poses and
attire. However, when a major portion of an object is
truncated, or a face is severely occluded, the models fail to
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Fig. 13 Visualization of activation feature maps and convolution filters of the indicated layers
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Fig. 14 Detection results of indoor objects and face detection models

detect.

In addition, the average precision (AP) and mean
average precision (mAP) metrics are calculated to evaluate
the models. Precision is the percentage p of correct positive
predictions in all detection results. Recall r is the percentage
of true positives detected among all relevant ground truths.
The precision-recall (P-R) curve indicates the performance
of an object detector. AP is defined as the area under the
precision-recall curve. In this study, AP is computed using
all data points (Everingham et al. 2010).

1
AP =) (s —1) - max p(7) )
povrd TZTn+1

where p(7) represents the measured precision at recall 7.
The mAP is calculated by taking the mean AP over all
classes. Fig. 15 shows the P-R curves at Igou = 0.75 for all
classes. Along with maintaining a high accuracy rate,
various classes have a good recall rate. For the face
detection model, the ability to find all faces in the images
needs to be considered, which means the recall rate is
important. The maximum recall rate is 86.77%, which
shows that the performance of the face detection model is
good. Fig. 16 shows the AP and mAP values at Igou = 0.75
of the indoor objects detection model. Overall, the AP
values for all classes reach 75%, and the mAP value is
85.70%, which indicates that the performance of the indoor
objects detection model is acceptable.
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Fig. 17 Meeting room images

4.4 A case study

With the detection models and the web crawler
framework established, the live load of rooms can be
surveyed. Taking a meeting room shown in Fig. 17 as an
example, the survey is carried out by an investigator with a
smartphone (iPhone XS Max). The length and width of the
room measured with the smartphone are 6.2 m and 6.3 m,
respectively. For the water dispenser that has direct features,
a picture of the product identification behind it is taken. For
furniture with indirect features, several clear pictures
containing the target objects are taken. When taking the
picture, mutual occlusions of objects should be avoided.
The number of various objects is recorded by voice, and the
content of the voice is ‘The investigation begins! There is a
desk, 6 tables, 13 chairs, 14 small chairs, and a water
dispenser in the room.” (The original sound was in
Chinese). Fig. 18 shows the waveform diagram of the
recorded voice. For the crowd, a picture that includes all
faces is taken. At this point, the load survey is complete and
it only takes 2-3 minutes.

The collected information is processed using different
technologies. The water dispenser’s product identity is first
obtained by OCR. It is then used by the crawler as
keywords to parse three web page-level requests to obtain
weight information automatically from the manufacture’s
official website. For furniture, the indoor objects detection
model is used to isolate the target object from the
background and other objects. The crawler is then used to
perform image retrieval on some e-commerce websites, and
four level requests are parsed. For the crowd, the face
detection model is used to obtain the number of people in

(b) With crowd
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Fig. 18 Waveform diagram of recorded voice data

the crowd and then multiplied by an average weight value
to calculate the load of the crowd.

There are 16 data values for the water dispenser. After
keyword filtering, only one value meets the requirements,
and that weight is 5.1 kg. As for furniture, the web crawling
returns different weight values for objects with similar
appearances. After removing some obvious irrational values
(e.g., 0.1 kg for a chair), the average value of the remaining
results is taken as the final weight. There are 91 data values
for four types of furniture, and a few matching results are
shown in Fig. 19. Fig. 20 shows the distribution of the data,
and the horizontal lines represent the average weight of
different furniture. The average weights of a chair, small
chair, table, and desk are 9.2, 4.8, 50.0, and 37.1 kg,
respectively. The numbers for each furniture type are
obtained by speech recognition. The numbers for chairs,
small chairs, tables, and desks are 13, 14, 6, and 1,
respectively. The number of people in the crowd was
correctly counted by the face detection model, as shown in
Fig. 21. To calculate the total weight, the recommended
average adult weight (60 kg) in the Chinese load code is
used in this study.
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Table 3 Comparison between the DL-based method and actual weight results

) DL-based method Actual weight
Items Technologies Number - -
Single (kg)  Total (kg)  Single (kg)  Total (kg)
Table 6 50.0 300.0 45.9 275.4
Desk Object detection 1 37.1 37.1 35.7 35.7
- Speech recognition
Small chair Web crawling 14 4.8 67.2 5.0 70.0
Chair 13 9.2 119.6 10.4 1352
Crowd Face detection 10 60.0 600.0 71.8 717.5
Water dispenser OCR 1 5.1 5.1 5.0 5.0
Area Smartphone - 39.1 m? 41.0 m?
Total sustained live load (kN) 53 5.2
Total temporary live load (kN) 6.0 7.2
Sustained live load per unit area (N/m?) 135.5 126.8

Table 3 shows a comparison between the DL-based
method and actual weight results. For the sustained live
load, the DL-based method gives reasonable results in an
error range between 3.9% (desk) to 11.5% (chair). The total
weight detected is 5.3 kN that is very close to the real value
of 5.2 kN. For the crowd load, the actual average weight of
the crowd in the meeting room is 72 kg, which is larger than
the value (60 kg) used in the load surveys of the last

century. It is acceptable since living standards have been
continuously improved. The final obtained sustained live
load per area is 6.9% higher than the actual result.
Considering the degree to which time and labor costs are
decreased relative to the traditional method, the survey
results of the DL-based method are acceptable.
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5. Conclusions
5.1 Concluding remarks

The modeling of the live load is crucial for structural
reliability analysis but is also probably the weakest part
owing to many problems of the traditional survey method,
such as labor-intensive, low efficiency, high cost, limited
samples, and difficulties in weighing items on-site. This
study suggests a novel structure live load survey method
that takes full advantage of the new-developed deep
learning and immense Internet data source.

The proposed method utilizes multi-source hetero-
geneous data such as images, voice, and product identities
to obtain the weight of indoor items without weighing them.
Various technologies are used to obtain the weight
automatically, according to the item characteristics. For
items belonging to sustained live load, object detection, web
crawler, optical character recognition, and speech
recognition technologies are used to obtain the weight in
combination with Internet big data. For the crowd that
belongs to the temporary live load, a face detection model is
used to count the number of persons by which the total
crowd weight can be estimated. A case study on a real
meeting room shows that the weight obtained by the DL-
method is very close to the real value. Moreover, one
investigator with a normal smartphone can conduct a quick
on-site survey at a low cost, providing all the required
information for live load calculation.

5.2 Limitations and further work

Although it is convenient and ecasy to apply, the
proposed DL-method still has several limitations that need
further improvement:

e The new survey method actually assumes that the
weight information of an object is somewhere on the
Internet that can be located by various labels of the
object. In this regard, new advanced web-searching
technique better than web crawler, especially
techniques based on natural language processing, is
always needed to further improve the accuracy and
success rate of web searching.

e Since different objects with different weights may
have similar appearances, an advanced object
detection method that can involve more image
features of an object is also needed to further reduce
the detection error. Moreover, developing a database
containing weight information of common objects,
as many as possible, might be another way to tackle
this issue.

e Currently, we avoid mutual occlusions of objects in
an image by asking the investigator to take clear
images of each object. Since only five classes of
indoor objects were involved in the case study here,
it was not difficult to follow these rules. However,
for complex indoor scenes having more classes of
objects, a new detection model for multiple object
detection and with greater generalization ability is
necessary to availably solve the problems.

Consequently, the on-site investigation efficiency
and applicability of the method can be further
improved.
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