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Sensing and reality capture devices are widely used in construction sites. Among
different technologies, vision-based sensors are by far the most common and ubiquitous.
A large volume of images and videos is collected from construction projects every
day to track work progress, measure productivity, litigate claims, and monitor safety
compliance. Manual interpretation of such colossal amounts of data, however, is
non-trivial, error-prone, and resource-intensive. This has motivated new research on
soft computing methods that utilize high-power data processing, computer vision, and
deep learning (DL) in the form of convolutional neural networks (CNNs). A fundamental
step toward machine-driven interpretation of construction site scenery is to accurately
identify objects of interest for a particular problem. The accuracy requirement, however,
may offset the computational speed of the candidate method. While lightweight DL
algorithms (e.g., Mask R-CNN) can perform visual recognition with relatively high
accuracy, they suffer from low processing efficacy, which hinders their use in real-time
decision-making. One of the most promising DL algorithms that balance speed and
accuracy is YOLO (you-only-look-once). This paper investigates YOLO-based CNN
models in fast detection of construction objects. First, a large-scale image dataset,
named Pictor-v2, is created, which contains about 3,500 images and approximately
11,500 instances of common construction site objects (e.g., building, equipment,
worker). To assess the agility of object detection, transfer learning is used to train two
variations of this model, namely, YOLO-v2 and YOLO-v3, and test them on different data
combinations (crowdsourced, web-mined, or both). Results indicate that performance is
higher if the model is trained on both crowdsourced and web-mined images. Additionally,
YOLO-v3 outperforms YOLO-v2 by focusing on smaller, harder-to-detect objects. The
best-performing YOLO-v3 model has a 78.2% mAP when tested on crowdsourced data.
Sensitivity analysis of the output shows that the model’s strong suit is in detecting larger
objects in less crowded and well-lit spaces. The proposed methodology can also be
extended to predict the relative distance of the detected objects with reliable accuracy.
Findings of this work lay the foundation for further research on technology-assistive
systems to augment human capacities in quickly and reliably interpreting visual data in
complex environments.
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FIGURE 8 | Example of actual and randomly augmented data.

better at detecting worker than building or equipment. This
can be attributed to the use of transfer learning where the pre-
trained dataset (COCO) contains a class (i.e., person) similar
to the worker class in the Pictor-v2 dataset, allowing the
models to “remember” and effectively “transfer” the learned
features for that class from pre-training to training. This
observation is in agreement with a previous study (Oquab
et al., 2014) in which it was found that having overlapping
classes between the source and target datasets could improve the
transfer task. However, when models are trained on combined
data, the other two classes (i.e., building and equipment)
also tend to reach or exceed the level of accuracy of the
worker class.

Also, it can be seen that in all combination of training
and testing subsets, YOLO-v3 models perform better than
YOLO-v2 models. The reason for this is the use of residual

bocks in YOLO-v3, and the higher number of layers and
anchor boxes that, altogether, allow the models to learn more
generalizable and scalable features. However, the most prominent
reason could be that YOLO-v3 models use three output
layers for three different scales each individually focusing on
small-, mid-, and large-sized objects in an input image. In
particular, YOLO-v3 models are better than YOLO-v2 models
in detecting small-sized objects. For example, the YOLO-v2
model trained on combined data struggles more to detect
objects in crowdsourced images (59.6% mAP) than it does in
web-mined images (65.0% mAP) since crowdsourced images
mostly contain small-sized objects. On the contrary, the YOLO-
v3 model trained on combined data performs better on
crowdsourced images (78.2% mAP) than on web-mined images
(76.6% mAP), indicating the model’s strong suit in detecting
small-sized instances.
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FIGURE 10 | Performance of YOLO-v3 models trained and tested on different combinations of the Pictor-v2 dataset.
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SMALLER VS. LARGER OBJECTS

FIGURE 11 | Examples of objects with different constraints (e.g., size, crowdedness, and lighting conditions) in the Pictor-v2 dataset.
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Strength and Weakness of the

Best-Performing Model
Comparing Figures 9, 10, it can be concluded that the best-
performing model is YOLO-v3 when trained on the combined
dataset. This model performs better than any other model while
tested on any combination, i.e., crowdsourced (78.2% mAP),
web-mined (76.6% mAP), and combined (77.3% mAP) data. The
model’s performance is on par with or higher than the state-of-
the-art models, illustrating its reliability in detecting common
construction-related objects. In this subsection, further analyses
are performed to identify the model’s strength and weakness in
detecting objects with different constraints.

An object in the construction site imagery may appear in
different sizes based on its actual size, distance to the camera,
and occlusion. In the combined Pictor-v2 dataset, the median

size of all objects is 21,608 square pixels (where the image size
is 416 x 416 or 173,056 square pixels). Objects larger than
the median size are considered as “larger” objects while the
rest are considered as “smaller” objects. Moreover, construction
sites generally consist of congested spaces and objects that are
blocking or being blocked by other objects. This can hinder
the ability of the model to accurately find objects of interest.
Therefore, to understand how the best model performs in
detecting objects in crowded scenes, any object that has a
bounding box overlapping with the bounding box of another
object (i.e., IoU > 0%) is considered as “more crowded” object.
Furthermore, in many cases, construction sites may not be well-
lit, and therefore images taken in such a poorly lit environment
may not contain content-rich information (due to less brightness
and contrast). The amount of useful information in an image
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TABLE 1 | Performance of the best model in detecting large and small objects.

Precision Recall

Building Equipment Worker Building Equipment Worker

Large object  90% 80% 98% 94% 93% 98%
Small object  77% 72% 83% 71% 80% 75%
Difference +13% +8% +15%  +23% +13% +23%

can be measured by Shannon entropy (Wu et al., 2013). For
reference, the median value of all Shannon entropies for the
training boxes in the combined Pictor-v2 dataset is 7.31. Objects
having a Shannon entropy larger than the median value are
considered as “well-lit” objects, while the rest are considered as
“poorly lit” objects. Examples of smaller vs. larger objects, more
crowded vs. less crowded objects, and poorly lit vs. well-lit objects
in the Pictor-v2 dataset are shown in Figure 11.

As shown in Table 1, the best model performs significantly
better in detecting large objects. In particular, the precision and
recall of the model in detecting workers are 98%, indicating near
human-level accuracy in detecting workers that appear larger in
the image.

The performance of the best model in detecting less and
more crowded objects is shown in Table 2. Intuitively, the model
detects less crowded objects more accurately. However, the
difference is less significant compared to the model’s performance
in detecting objects of different sizes (Table 1).

Table 3 shows the performance of the best model in detecting
objects lit differently. In general, the model is better in detecting
well-lit objects. Conversely, the model’s recalls for detecting
poorly lit building and worker are much lower, indicating
the model’s weakness in detecting these objects in poorly
lit conditions. On the contrary, equipment is detected with
similar recalls in well-lit and poorly lit conditions. This result
indicates that if there is any equipment in the image, the
model is equally likely to detect the equipment regardless of the
lighting condition.

Prediction of Relative Distances

An independent YOLO-v3 model and a NN model are trained on
synthetic images. The YOLO-v2 can detect the objects (building,
equipment, worker) in the test synthetic images with 99.2%
mAP. Figure 12A illustrates the ground-truth relative distances
vs. the predicted relative distances of the object by the NN model
(Figure 6) when applied to the testing dataset. The Pearson
correlation (Benesty et al., 2009) between the ground-truth and
predicted values is 0.975.

High quality and visual consistency of the training images
can play a role in achieving this high performance. Although
this experiment is performed on a limited scale and in a
controlled environment with synthetic images, the high accuracy
of the model in predicting distances indicates the potential of
this approach. In particular, with large-scale real-world training
images, a more sophisticated model can be built to accurately
predict the relative distances of objects, even at the pixel level
(a.k.a. depth map). An example is shown in Figure 12B where

TABLE 2 | Performance of the best model in detecting less and more crowded
objects.

Precision Recall

Building Equipment Worker Building Equipment Worker

Less crowded 84% 80% 87% 78% 83% 83%
More crowded  80% 73% 85% 76% 83% 75%
Difference +4% +7% +2% +2% +0% +8%

TABLE 3 | Performance of the best model in detecting well-lit and poorly lit

objects.
Precision Recall
Building Equipment Worker Building Equipment Worker
Well-lit 83% 78% 93% 83% 83% 88%
Poorly-lit 79% 71% 7% 70% 83% 68%
Difference +4% +7% +16% +13% +0% +20%

a CNN model trained on the KITTI dataset (Godard et al., 2017)
is applied on a crowdsourced image of the Pictor-v2 dataset to
generate a depth map. A detailed discussion of this approach is
not within the scope of this study and can be found in other
publications by the authors.

Potential Ways to Improve Performance of

Object Detection

Investigation on the strengths and weaknesses of the YOLO
model in detecting common construction-related objects reveals
that the model struggles at detecting small and poorly lit
objects especially in crowded scenes. To improve the model’s
performance at detecting these objects, one potential solution is
to collect high-resolution images, divide each image into smaller
grids, and apply the YOLO model to each grid cell representing a
part of the original image (Unel et al., 2019). However, in many
cases, it may not be possible to collect high-resolution images. To
remedy this situation, a generative adversarial network (GAN)
can be applied to first improve the resolution of the image (Ledig
etal., 2017). Likewise, GAN can be applied to brighten a poorly lit
image (Shin et al., 2018) although a more straightforward method
could be to collect long-exposure or large-aperture images that
contain more light information and thus appear brighter even
in a low-light environment (Szeliski, 2010). On the other hand,
crowded scenes in the Pictor dataset generally contain multiple
objects that may be located at different distances from the camera,
with closer objects occluding farther objects, thus creating the
illusion of a crowded scene. Therefore, the authors speculate
that incorporating depth information in the input of the object
detection model could help the model properly differentiate
objects in crowded scenes that are located at different distances
from the camera lens. These methods are primarily conjectures
proposed by the authors based on previous research, personal
experience, and preliminary studies. As part of the future work
in this research, more experiments will be conducted to validate
the performance of these techniques.
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SUMMARY AND CONCLUSION

This paper presented a dataset, named Pictor-v2, which contains
1,105 crowdsourced and 1,402 web-mined annotated images
of building, equipment, and worker. This dataset was used to
train, validate, and test DL-based YOLO algorithms for real-time
detection of these three common object classes in construction
imagery. Training and testing YOLO-v2 and YOLO-v3 models
on different combinations of the dataset revealed that models
perform best when trained on combined (crowdsourced and
web-mined) data. It also indicated that models learned more
general and scalable features from the larger and diverse
dataset. Moreover, in all cases, YOLO-v3 models significantly
outperformed their YOLO-v2 counterparts, particularly when
tested on crowdsourced data, highlighting their stronger suit in
detecting smaller objects. It was therefore concluded that YOLO-
v3 models are more reliable in detecting construction-related
objects in uncontrolled environments that occupy a larger field
of view. In particular, the best-performing model, i.e., YOLO-
v3 trained on combined data, achieved a 78.2% mAP, which is
on par or higher than the cutting-edge algorithms in detecting
everyday objects. The best model was also tested on detecting
objects of different sizes and crowdedness and in diverse lighting
conditions. It was found that, in general, the model could detect
larger, less crowded, and well-lit objects more accurately. In
particular, one of the model’s notable strengths is that it could
detect large-sized building and worker instances with remarkably
high accuracy. However, the model tends to struggle to detect
these objects in low-light conditions. Nonetheless, the high
performance of the models indicates that the output can be
integrated into various frameworks to broaden the scope and
support other applications. For example, it was found that the
YOLO model integrated with a NN model can predict the relative
distances of objects in synthetic images from a single camera view
with high accuracy. This finding motivates future experiments
aimed at developing a robust methodology for generating depth
maps from monocular images in real-world settings.

The DL-based object detection model introduced in this
paper can be applied to construction images and videos to
retrieve specific visual contents and generate metadata tags.
Results can be used in a variety of applications such as

REFERENCES

Benesty, J., Chen, J., Huang, Y., and Cohen, I. (2009). “Pearson correlation
coefficient,” in Noise Reduction in Speech Processing (Berlin; Heidelberg:
Springer), 1-4. doi: 10.1007/978-3-642-00296-0_5

Beucher, S. (1992). The watershed transformation applied to image segmentation.
Scanning Microsc. Suppl. 6,299—314.

Bock, T. (2015). The future of construction automation: technological disruption
and the upcoming ubiquity of robotics. Autom. Constr. 59, 113-121.
doi: 10.1016/j.autcon.2015.07.022

Brilakis, I., Fathi, H., and Rashidi, A. (2011). Progressive 3D reconstruction
of infrastructure with videogrammetry. Autom. Constr. 20, 884-895.
doi: 10.1016/j.autcon.2011.03.005

Brilakis, I., Soibelman, L., and Shinagawa, Y. (2005). Material-based
construction site image retrieval. J. Comput. Civil Eng. 19, 341-355.
doi: 10.1061/(ASCE)0887-3801(2005)19:4(341)

construction automation, work progress monitoring, and safety
inspection. Moreover, the model’s ability to perform in real time
can be of significant interest in developing applications that
require instantaneous situational awareness. Examples include
the detection of an impending collision between a worker
and a piece of equipment. Furthermore, since the trained
models effectively learned the features of most commonly
available construction objects, the transfer learning scheme can
be adapted to improve or develop various other DL-based
tools for the construction practice. Finally, the crowdsourced
Pictor-v2 dataset and the trained models are publicly available
to encourage other research and development projects. In the
future, the authors will add new classes (e.g., different materials)
and sub-classes (e.g., different types of equipment) to the dataset,
and develop Al-based methods to automatically generate image
captions that describe objects, activities, and contexts in the scene
in natural language.

DATA AVAILABILITY STATEMENT

The dataset generated for this study and all trained models are
available on the authors’ GitHub page (https://github.com/ciber-
lab/pictor-yolo). All inquiries regarding this content should be
directed to the corresponding author.

AUTHOR CONTRIBUTIONS

All authors contributed to the conception and design of the
study, dataset generation, model training and testing, analysis
of results and drafting, revising, and approving the contents of
the manuscript.

FUNDING

The authors gratefully acknowledge the U.S. National Science
Foundation (NSF) for supporting this project through Grant
No. CMMI 1800957 and Mr. Yalong Pi for assisting in
data preparation. Any opinions, findings, conclusions, and
recommendations expressed in this paper are those of the authors
and do not necessarily represent the views of the NSF or the
individual named above.

Brilakis, 1. K., and Soibelman, L. (2008).
construction site photographs. J.  Comput.
doi: 10.1061/(ASCE)0887-3801(2008)22:1(14)

Canny, J. (1987). “A computational approach to edge detection,” in Readings in
Computer Vision (Los Altos, CA: Morgan Kaufmann Publishers), 184-203.
doi: 10.1016/B978-0-08-051581-6.50024-6

Chen, J., Ahn, C. R,, and Han, S. (2014). “Detecting the hazards of lifting and
carrying in construction through a coupled 3D sensing and IMUs sensing
system,” in Computing in Civil and Building Engineering (Orlando, FL),
1110-1117. doi: 10.1061/9780784413616.138

Chen, M., Tang, Y., Zou, X., Huang, K., Li, L., and He, Y. (2019). High-accuracy
multi-camera reconstruction enhanced by adaptive point cloud correction
algorithm. Opt. Lasers Eng. 122, 170-183. doi: 10.1016/j.optlaseng.2019.06.011

Chen, X, Fang, H., Lin, T.-Y., Vedantam, R., Gupta, S., Dollar, P., and Zitnick, C. L.
(2015). Microsoft COCO captions: data collection and evaluation server. arXiv
preprint arXiv:1504.00325.

retrieval of
22, 14-20.

Shape-based
Civil Eng.

Frontiers in Built Environment | www.frontiersin.org

20

August 2020 | Volume 6 | Article 97


https://github.com/ciber-lab/pictor-yolo
https://github.com/ciber-lab/pictor-yolo
https://doi.org/10.1007/978-3-642-00296-0_5
https://doi.org/10.1016/j.autcon.2015.07.022
https://doi.org/10.1016/j.autcon.2011.03.005
https://doi.org/10.1061/(ASCE)0887-3801(2005)19:4(341)
https://doi.org/10.1061/(ASCE)0887-3801(2008)22:1(14)
https://doi.org/10.1016/B978-0-08-051581-6.50024-6
https://doi.org/10.1061/9780784413616.138
https://doi.org/10.1016/j.optlaseng.2019.06.011
https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://www.frontiersin.org/journals/built-environment#articles

Nath and Behzadan

Deep Learning for Interpreting Construction Imagery

Cheng, M.-Y., Tsai, H.-C., and Sudjono, E. (2010). Conceptual cost estimates using
evolutionary fuzzy hybrid neural network for projects in construction industry.
Expert Syst. Appl. 37, 4224-4231. doi: 10.1016/j.eswa.2009.11.080

Chi, S., and Caldas, C. H. (2011). Automated object identification using optical
video cameras on construction sites. Comput. Aided Civil Inf. Eng. 26, 368-380.
doi: 10.1111/.1467-8667.2010.00690.x

Chilian, A., and Hirschmiiller, H. (2009). “Stereo camera based navigation
of mobile robots on rough terrain,” in IEEE/RS] International Conference
on Intelligent Robots and Systems (St. Louis, MO), 4571-4576.
doi: 10.1109/IR0OS.2009.5354535

Dai, J., Li, Y., He, K., and Sun, J. (2016). “R-FCN: object detection via region-based
fully convolutional networks,” in Advances in Neural Information Processing
Systems (Barcelona), 379-387.

Deng, J., Dong, W., Socher, R., Li, L-J, Li, K, and Fei-Fei, L. (2009).
“Imagenet: a large-scale hierarchical image database,” in IEEE Conference
on Computer Vision and Pattern Recognition (2009) (Miami, FL), 248-255.
doi: 10.1109/CVPR.2009.5206848

Dimitrov, A., and Golparvar-Fard, M. (2014). Vision-based material recognition
for automated monitoring of construction progress and generating building
information modeling from unordered site image collections. Adv. Eng. Inf. 28,
37-49. doi: 10.1016/j.aei.2013.11.002

Ding, L., Fang, W., Luo, H., Love, P. E.,, Zhong, B., and Ouyang, X. (2018). A
deep hybrid learning model to detect unsafe behavior: integrating convolution
neural networks and long short-term memory. Autom. Const. 86, 118-124.
doi: 10.1016/j.autcon.2017.11.002

Everingham, M., Van Gool, L., Williams, C. K., Winn, J., and Zisserman, A. (2010).
The pascal visual object classes (VOC) challenge. Int. J. Comput. Vision 88,
303-338. doi: 10.1007/s11263-009-0275-4

Girshick, R. (2015). “Fast R-CNN,” in IEEE International Conference on Computer
Vision (Santiago), 1440-1448. doi: 10.1109/ICCV.2015.169

Girshick, R., Donahue, J., Darrell, T., and Malik, J. (2014). “Rich feature hierarchies
for accurate object detection and semantic segmentation,” in IEEE Conference
on Computer Vision and Pattern Recognition (Columbus, OH), 580-587.
doi: 10.1109/CVPR.2014.81

Godard, C., Mac Aodha, O., and Brostow, G. J. (2017). “Unsupervised
monocular depth estimation with left-right consistency,” in IEEE Conference
on Computer Vision and Pattern Recognition (Honolulu, HI), 6602-6611.
doi: 10.1109/CVPR.2017.699

Han, K. K, and Golparvar-Fard, M. (2015). Appearance-based material
classification for monitoring of operation-level construction progress
using 4D BIM and site photologs. Autom. Constr. 53, 44-57.
doi: 10.1016/j.autcon.2015.02.007

Han, S,, Lee, S., and Pefia-Mora, F. (2012). Vision-based detection of unsafe actions
of a construction worker: case study of ladder climbing. J. Comput. Civil Eng.
27, 635-644. doi: 10.1061/(ASCE)CP.1943-5487.0000279

He, K., Gkioxari, G., Dollar, P., and Girshick, R. (2017). “Mask R-CNN,” in IEEE
International Conference on Computer Vision (ICCV) (Venice), 2961-2969.
doi: 10.1109/ICCV.2017.322

Hochreiter, S., and Schmidhuber, J. (1997). Long short-term memory. Neural
Comput. 9, 1735-1780. doi: 10.1162/neco.1997.9.8.1735

Kim, D., Liu, M. Lee, S, and Kamat, V. (2019). Remote proximity
monitoring between mobile construction resources using camera-
mounted UAVs. Autom. Constr. 99, 168-182. doi: 10.1016/j.autcon.2018.
12.014

Kim, H., Kim, H., Hong, Y,
construction equipment using a
network and transfer learning. J. Comput.
doi: 10.1061/(ASCE)CP.1943-5487.0000731

Kim, H., Kim, K., and Kim, H. (2016). Data-driven scene parsing method for
recognizing construction site objects in the whole image. Autom. Constr. 71,
271-282. doi: 10.1016/j.autcon.2016.08.018

Kingma, D. P., and Ba, J. (2014). Adam: a method for stochastic optimization. arXiv
preprint arXiv:1412.6980.

Kolar, Z., Chen, H., and Luo, X. (2018). Transfer learning and deep convolutional
neural networks for safety guardrail detection in 2D images. Autom. Const. 89,
58-70. doi: 10.1016/j.autcon.2018.01.003

Kosala, R., and Blockeel, H. (2000). Web mining research: a survey. ACM SIGKDD
Explor. Newsl. 2, 1-15. doi: 10.1145/360402.360406

and Byun, H. (2018). Detecting
region-based fully convolutional
Civil Eng. 32:04017082.

Krishna, R., Zhu, Y., Groth, O., Johnson, J., Hata, K., Kravitz, J., et al. (2017). Visual
genome: connecting language and vision using crowdsourced dense image
annotations. Int. J. Comput. Vision 123, 32-73. doi: 10.1007/s11263-016-0981-7

Krizhevsky, A., Sutskever, I., and Hinton, G. E. (2012). ImageNet classification
with deep convolutional neural networks. Adv. Neural Inf. Process. Syst. 25,
1097-1105. doi: 10.1145/3065386

Kyrkou, C., Plastiras, G., Theocharides, T., Venieris, S. I., and Bouganis, C.-S.
(2018). “DroNet: efficient convolutional neural network detector for real-time
UAV applications,” in Design, Automation and Test in Europe Conference and
Exhibition (DATE) (Dresden), 967-972. doi: 10.23919/DATE.2018.8342149

Labelbox (2019). Labelbox. Available online at: www.labelbox.com (accessed
March 02, 2020).

LeCun, Y., Bottou, L., Bengio, Y., and Haffner, P. (1998). Gradient-based
learning applied to document recognition. Proc. IEEE 86, 2278-2324.
doi: 10.1109/5.726791

Ledig, C., Theis, L., Huszar, F., Caballero, J., Cunningham, A., Acosta, A,
et al. (2017). “Photo-realistic single image super-resolution using a generative
adversarial network,” in IEEE Conference on Computer Vision and Pattern
Recognition (Honolulu, HI), 4681-4690. doi: 10.1109/CVPR.2017.19

Li, H, Lu, M, Hsu, S.-C, Gray, M, and Huang, T. (2015).
Proactive ~ behavior-based ~ safety =~ management for  construction
safety improvement. Saf. Sci. 75, 107-117. doi: 10.1016/j.ssci.2015.
01.013

Li, L., Huang, W., Gu, I. Y., and Tian, Q. (2003). “Foreground object detection
from videos containing complex background,” in 11th ACM International
Conference on Multimedia (Berkeley, CA), 2-10. doi: 10.1145/957013.9
57017

Li, L.-J., Socher, R., and Fei-Fei, L. (2009). “Towards total scene understanding:
classification, annotation and segmentation in an automatic framework,” in
IEEE Conference on Computer Vision and Pattern Recognition (Miami, FL),
2036-2043. doi: 10.1109/CVPR.2009.5206718

Liu, C, Yuen, J, and Torralba, A. (2011). Nonparametric scene parsing
via label transfer. IEEE Trans. Pattern Anal. Mach. Intell. 33, 2368-2382.
doi: 10.1109/TPAMI.2011.131

Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C.-Y., etal. (2016). “SSD:
single shot multibox detector;” in European Conference on Computer Vision
(Amsterdam), 21-37. doi: 10.1007/978-3-319-46448-0_2

Nath, N., and Behzadan, A. (2019). “Deep learning models for content-based
retrieval of construction visual data,” in International Conference on Computing
in Civil Engineering (Atlanta, GA), 66-73. doi: 10.1061/978078448243
8.009

Nath, N. D., Behzadan, A. H., and Paal, S. G. (2020). Deep learning for site
safety: real-time detection of personal protective equipment. Autom. Constr.
112:103085. doi: 10.1016/j.autcon.2020.103085

Nath, N. D., Chaspari, T., and Behzadan, A. H. (2018). Automated ergonomic risk
monitoring using body-mounted sensors and machine learning. Adv. Eng. Inf.
38, 514-526. doi: 10.1016/j.2€1.2018.08.020

Oquab, M., Bottou, L., Laptev, L, and Sivic, J. (2014). “Learning and transferring
mid-level image representations using convolutional neural networks,” in IEEE
Conference on Computer Vision and Pattern Recognition (Columbus, OH),
1717-1724. doi: 10.1109/CVPR.2014.222

O’Riordan, A., Newe, T., Dooly, G. and Toal, D. (2018). “Stereo
vision sensing: review of existing systems,’ in I12th International
Conference on Sensing Technology (ICST) (Limerick: IEEE), 178-184.
doi: 10.1109/ICSensT.2018.8603605

Park, M.-W., Elsafty, N., and Zhu, Z. (2015). Hardhat-wearing detection for
enhancing on-site safety of construction workers. J. Constr. Eng. Manage.
141:04015024. doi: 10.1061/(ASCE)CO.1943-7862.0000974

Perez, L., and Wang, J. (2017). The effectiveness of data augmentation in image
classification using deep learning. arXiv preprint arXiv:1712.04621.

Pfister, A., West, A. M., Bronner, S., and Noah, J. A. (2014). Comparative abilities
of Microsoft Kinect and Vicon 3D motion capture for gait analysis. J. Med. Eng.
Technol. 38, 274-280. doi: 10.3109/03091902.2014.909540

Plantard, P., Auvinet, E., Pierres, A. S. L., and Multon, F. (2015). Pose estimation
with a Kinect for ergonomic studies: evaluation of the accuracy using a virtual
mannequin. Sensors 15, 1785-1803. doi: 10.3390/s150101785

Redmon, J., Divvala, S., Girshick, R., and Farhadi, A. (2016). “You only look
once: unified, real-time object detection,” in IEEE Conference on Computer

Frontiers in Built Environment | www.frontiersin.org

21

August 2020 | Volume 6 | Article 97


https://doi.org/10.1016/j.eswa.2009.11.080
https://doi.org/10.1111/j.1467-8667.2010.00690.x
https://doi.org/10.1109/IROS.2009.5354535
https://doi.org/10.1109/CVPR.2009.5206848
https://doi.org/10.1016/j.aei.2013.11.002
https://doi.org/10.1016/j.autcon.2017.11.002
https://doi.org/10.1007/s11263-009-0275-4
https://doi.org/10.1109/ICCV.2015.169
https://doi.org/10.1109/CVPR.2014.81
https://doi.org/10.1109/CVPR.2017.699
https://doi.org/10.1016/j.autcon.2015.02.007
https://doi.org/10.1061/(ASCE)CP.1943-5487.0000279
https://doi.org/10.1109/ICCV.2017.322
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1016/j.autcon.2018.12.014
https://doi.org/10.1061/(ASCE)CP.1943-5487.0000731
https://doi.org/10.1016/j.autcon.2016.08.018
https://doi.org/10.1016/j.autcon.2018.01.003
https://doi.org/10.1145/360402.360406
https://doi.org/10.1007/s11263-016-0981-7
https://doi.org/10.1145/3065386
https://doi.org/10.23919/DATE.2018.8342149
www.labelbox.com
https://doi.org/10.1109/5.726791
https://doi.org/10.1109/CVPR.2017.19
https://doi.org/10.1016/j.ssci.2015.01.013
https://doi.org/10.1145/957013.957017
https://doi.org/10.1109/CVPR.2009.5206718
https://doi.org/10.1109/TPAMI.2011.131
https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/10.1061/9780784482438.009
https://doi.org/10.1016/j.autcon.2020.103085
https://doi.org/10.1016/j.aei.2018.08.020
https://doi.org/10.1109/CVPR.2014.222
https://doi.org/10.1109/ICSensT.2018.8603605
https://doi.org/10.1061/(ASCE)CO.1943-7862.0000974
https://doi.org/10.3109/03091902.2014.909540
https://doi.org/10.3390/s150101785
https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://www.frontiersin.org/journals/built-environment#articles

Nath and Behzadan

Deep Learning for Interpreting Construction Imagery

Vision and Pattern Recognition (Las Vegas, NV), 779-788. doi: 10.1109/CVPR.
2016.91

Redmon, J., and Farhadi, A. (2017). “YOLO9000: better, faster, stronger,” in
IEEE Conference on Computer Vision and Pattern Recognition (Honolulu, HI),
7263-7271. doi: 10.1109/CVPR.2017.690

Redmon, J., and Farhadi, A. (2018). YOLOV3: an incremental improvement. arXiv
preprint arXiv:1804.02767.

Ren, S., He, K., Girshick, R., and Sun, J. (2017). Faster R-CNN: towards real-
time object detection with region proposal networks. IEEE Trans. Pattern Anal.
Mach. Intell. 39, 1137-1149. doi: 10.1109/TPAMI.2016.2577031

Russell, B. C., Torralba, A., Murphy, K. P., and Freeman, W. T. (2008). LabelMe:
a database and web-based tool for image annotation. Int. J. Comput. Vision 77,
157-173. doi: 10.1007/s11263-007-0090-8

Shin, Y. G., Sagong, M. C, Yeo, Y. J,, and Ko, S. J. (2018). “Adversarial
context aggregation network for low-light image enhancement,” in Digital
Image Computing: Techniques and Applications (DICTA) (Canberra, ACT), 1-5.
doi: 10.1109/DICTA.2018.8615848

Shrestha, K., Shrestha, P. P., Bajracharya, D., and Yfantis, E. A. (2015). Hard-
hat detection for construction safety visualization. J. Constr. Eng. 2015, 1-8.
doi: 10.1155/2015/721380

Siddula, M., Dai, F., Ye, Y., and Fan, J. (2016). Unsupervised feature learning for
objects of interest detection in cluttered construction roof site images. Proc.
Eng. 145, 428-435. doi: 10.1016/j.proeng.2016.04.010

Simonyan, K., and Zisserman, A. (2014). Very deep convolutional networks for
large-scale image recognition. arXiv preprint arXiv:1409.1556.

Smisek, J., Jancosek, M., and Pajdla, T. (2013). “3D with Kinect,
Consumer Depth Cameras for Computer Vision (London: Springer), 3-25.
doi: 10.1007/978-1-4471-4640-7_1

Soltani, M. M., Zhu, Z., and Hammad, A. (2016). Automated annotation for visual
recognition of construction resources using synthetic images. Autom. Constr.
62, 14-23. doi: 10.1016/j.autcon.2015.10.002

Son, H., Kim, C., Hwang, N., Kim, C., and Kang, Y. (2014). Classification of major
construction materials in construction environments using ensemble classifiers.
Adv. Eng. Inf. 28, 1-10. doi: 10.1016/j.2¢1.2013.10.001

Szeliski, R. (2010). Computer Vision: Algorithms and Applications (Springer Science
and Business Media). Available online at: http://szeliski.org/Book/ (accessed
July 4, 2020).

Tang, Y., Li, L., Wang, C., Chen, M., Feng, W., Zou, X., and Huang, K. (2019). Real-
time detection of surface deformation and strain in recycled aggregate concrete-
filled steel tubular columns via four-ocular vision. Rob. Comput. Integr. Manuf.
59, 36-46. doi: 10.1016/j.rcim.2019.03.001

Turpin, A., and Scholer, F. (2006). “User performance versus precision measures
for simple search tasks,” in 29th Annual International ACM SIGIR Conference
on Research and Development in Information Retrieval (Seattle, WA), 11-18.
doi: 10.1145/1148170.1148176

Unel, F. O, Ozkalayci, B. O., and Cigla, C. (2019). “The power of tiling
for small object detection,” in IEEE Computer Vision and Pattern
Recognition Workshop (Long Beach, CA). doi: 10.1109/CVPRW.2019.
00084

in

Weston, J., and Watkins, C. (1998). Multi-class Support Vector Machines. Technical
Report, CSD-TR-98-04. Department of Computer Science, Royal Holloway,
University of London, United Kingdom..

Wu, Y., Kim, H, Kim, C, and Han, S. H. (2009). Object recognition in
construction-site images using 3D CAD-based filtering. J. Comput. Civil Eng.
24, 56-64. doi: 10.1061/(ASCE)0887-3801(2010)24:1(56)

Wu, Y., Zhou, Y., Saveriades, G., Agaian, S., Noonan, J. P., and Natarajan, P. (2013).
Local Shannon entropy measure with statistical tests for image randomness. Inf.
Sci. 222, 323-342. doi: 10.1016/j.ins.2012.07.049

Wouest, T., Weimer, D., Irgens, C., and Thoben, K.-D. (2016). Machine learning in
manufacturing: advantages, challenges, and applications. Prod. Manuf. Res. 4,
23-45. doi: 10.1080/21693277.2016.1192517

Xiao, B., Kang, S. C. (2019). “Deep learning detection for real-time
construction machine checking” in 36th International Symposium on
Automation and Robotics in Construction (ISARC) (Alberta), 1136-1141.
doi: 10.22260/ISARC2019/0151

Yahya, M., and Saka, M. (2014). Construction site layout planning using multi-
objective artificial bee colony algorithm with Levy flights. Automation in
Construction. 38, 14-29. doi: 10.1016/j.autcon.2013.11.001

Yuen, M.-C,, King, I, and Leung, K.-S. (2011). “A survey of crowdsourcing
systems,” in IEEE Third International Conference on Privacy, Security, Risk
and Trust and 2011 IEEE Third International Conference on Social Computing
(Boston, MA), 766-773. doi: 10.1109/PASSAT/Social Com.2011.203

Zhang, B., Zhu, Z., Hammad, A., Aly, W. (2018). Automatic matching of
construction onsite resources under camera views. Autom. Constr. 91, 206-215.
doi: 10.1016/j.autcon.2018.03.011

Zhang, Y., Zhao, D., Zhang, J., Xiong, R,, and Gao, W. (2011). Interpolation-
dependent image downsampling. IEEE Trans. Image Process. 20, 3291-3296.
doi: 10.1109/TIP.2011.2158226

Zhu, Z., Ren, X., Chen, Z. (2017). Integrated detection and tracking of workforce
and equipment from construction jobsite videos. Autom. Constr. 81, 161-171.
doi: 10.1016/j.autcon.2017.05.005

Zivkovic, Z. (2004). “Improved adaptive Gaussian mixture model for background
subtraction,” in I7th International Conference on Pattern Recognition
(Cambridge). doi: 10.1109/ICPR.2004.1333992

Zou, J., and Kim, H. (2007). Using hue, saturation, and value color space for
hydraulic excavator idle time analysis. J. Comput. Civil Eng. 21, 238-246.
doi: 10.1061/(ASCE)0887-3801(2007)21:4(238)

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Copyright © 2020 Nath and Behzadan. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (CC BY). The use,
distribution or reproduction in other forums is permitted, provided the original
author(s) and the copyright owner(s) are credited and that the original publication
in this journal is cited, in accordance with accepted academic practice. No use,
distribution or reproduction is permitted which does not comply with these terms.

Frontiers in Built Environment | www.frontiersin.org

22

August 2020 | Volume 6 | Article 97


https://doi.org/10.1109/CVPR.2016.91
https://doi.org/10.1109/CVPR.2017.690
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1007/s11263-007-0090-8
https://doi.org/10.1109/DICTA.2018.8615848
https://doi.org/10.1155/2015/721380
https://doi.org/10.1016/j.proeng.2016.04.010
https://doi.org/10.1007/978-1-4471-4640-7_1
https://doi.org/10.1016/j.autcon.2015.10.002
https://doi.org/10.1016/j.aei.2013.10.001
http://szeliski.org/Book/
https://doi.org/10.1016/j.rcim.2019.03.001
https://doi.org/10.1145/1148170.1148176
https://doi.org/10.1109/CVPRW.2019.00084
https://doi.org/10.1061/(ASCE)0887-3801(2010)24:1(56)
https://doi.org/10.1016/j.ins.2012.07.049
https://doi.org/10.1080/21693277.2016.1192517
https://doi.org/10.22260/ISARC2019/0151
https://doi.org/10.1016/j.autcon.2013.11.001
https://doi.org/10.1109/PASSAT/SocialCom.2011.203
https://doi.org/10.1016/j.autcon.2018.03.011
https://doi.org/10.1109/TIP.2011.2158226
https://doi.org/10.1016/j.autcon.2017.05.005
https://doi.org/10.1109/ICPR.2004.1333992
https://doi.org/10.1061/(ASCE)0887-3801(2007)21:4(238)
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://www.frontiersin.org/journals/built-environment#articles

