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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, themost 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.

Frontiers in Built Environment | www.frontiersin.org 14 August 2020 | Volume 6 | Article 97



Nath and Behzadan Deep Learning for Interpreting Construction Imagery

FIGURE 9 | Performance of YOLO-v2 models trained and tested on different combinations of the Pictor-v2 dataset.
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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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FIGURE 11 | Examples of objects with different constraints (e.g., size, crowdedness, and lighting conditions) in the Pictor-v2 dataset.

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 × 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 themodel’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 NNmodel 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 NNmodel
(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% 77% 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 YOLOmodel 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
et al., 2017). Likewise, GAN can be applied to brighten a poorly lit
image (Shin et al., 2018) although amore straightforwardmethod
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 thatmay 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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FIGURE 12 | Prediction of (A) distance—true relative distance vs. predicted relative distance, and (B) depth map.
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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
YOLOmodel integrated with a NNmodel 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

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 AI-based methods to automatically generate image
captions that describe objects, activities, and contexts in the scene
in natural language.
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