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A B S T R A C T   

Traditional construction progress tracking relies on labor-intensive activities with time lags, potential man-made 
errors, and inefficient progress management, which demands for an innovative and automated progress tracking 
approach. This paper describes a deep learning method that utilizes image segmentation to automatically 
evaluate the wall construction progress of an entire floor with the progress results streamlined to BIM. The 
approach was applied to a case study in China for assessing plastering construction activities with high seg
mentation accuracy (mean average precision = 96.8%). Further improvement of Mask Region-Based Convolu
tional Neural Networks (Mask R-CNN) and evaluation of its superiority over other models have also been 
discussed. This study provides both theoretical and practical references for unmanned supervision of progress 
tracking and intelligent schedule management.   

1. Introduction 

Scientific construction management plays a critical role in ensuring 
successful project delivery by improving the construction quality and 
increasing profit. As an essential piece of construction management, 
progress management is closely associated with cost management. The 
project gains an advantage in the market competition by controlling the 
schedule and minimizing costs. Conventional progress management 
relies on manual data sorting [1] of construction drawings and site 
progress reports [2], which is an expensive, time-consuming, and labor- 
intensive task [3]. In particular, it is challenging to manage an indoor 
construction site considering building material piles and complex 
pipeline layouts, so it often requires an extra workforce and financial 
cost to monitor the indoor construction progress. Moreover, when 
evaluating construction progress, there lacks a platform of progress 
visualization so the project manager cannot evaluate the project prog
ress effectively and make timely decisions. Integrating progress infor
mation into Building Information Modeling (BIM) can facilitate faster 
recognition of schedule delays intuitively so as to avoid extra costs. In 
summary, it is imperative to propose an approach for automatic progress 

monitoring to promote unmanned supervision for efficient construction 
management. 

The assessment method of construction progress varies with the 
building structure types. The progress evaluation of prefabricated 
structures is relatively convenient as most structural components have 
been prefabricated in the factory. Compared to prefabricated structures, 
the progress evaluation of a cast-in-place building which involves mul
tiple stages and a mix of wet and dry construction is even more chal
lenging. Delay in each stage could aggregately affect overall project 
progress and cost overrun. Therefore, it is essential to obtain the con
struction progress of cast-in-place structures precisely and efficiently, 
which is the research focus of this study. 

Advanced technologies and methods that have been applied to 
progress monitoring management can be categorized into three types. 
First, the progress information is obtained based on sensor data. The 
advantage of this method is that the sensors can be placed anywhere 
needed [4], but it usually requires a large number of card readers with a 
high risk of loss. Second, the construction progress is evaluated based on 
point cloud generation and comparison. The high-precision point cloud 
can be collected via laser scanners [5], but the data processing is time- 
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consuming, and it is impossible to obtain the real-time construction 
progress. Third, construction progress is determined through image- 
assisted point clouds, which utilizes image detection to supplement 
the missing semantic information in the point cloud generated by 
Structure from Motion (SfM) [6,7]. However, SfM based on multi-angle 

image capture is not suitable for generating point clouds indoors 
because a one-shot image cannot provide indoor panoramic informa
tion. Fourth, construction progress is determined based on image pro
cessing. As a recently widely used method, computer vision (CV) based 
image processing is a handy approach for progress evaluation. Pictures 
of construction sites captured by normal cameras can provide useful 
progress information via object detection and segmentation algorithms. 
The CV-based method has unique advantages in construction progress 
monitoring [8]. 

The CV-based methods for progress evaluation include qualitative 
research and quantitative research. The former usually identifies key 
construction components, e.g., beams and columns [9–12], to classify 
the construction stage. The latter can determine the quantitative prog
ress through the calculation of the construction area based on edge 
detection [13]. However, the edge recognition algorithm is prone to 
irrelevant edges around the target object, leading to low accuracy of 
area calculation. In addition, the current methods were limited to one- 
shot photos collected by a fixed camera, which can only capture a 
limited certain area, e.g., one room or a corridor, rather than the entire 
area of one floor. Herein, we developed an integrated vision-based 
framework, which supports automated constructed area recognition 

Fig. 1. Overall framework.  

Table 1 
Construction stages classification rules.  

Construction 
stage 

Labeling 
objects 

Stage classification 
rule 

Progress percentage 
calculation 

Bricklaying bricks and 
concrete 

Both bricks and 
concrete are detected. 

The pixels covered by 
the brick mask divided 
by the total pixels of 
the wall 

Plastering 
putty and 
plastering 

Only plastering or 
both plastering and 
putty are detected. 

The pixels covered by 
the plastering mask 
divided by the total 
pixels of the wall 

Facing bricks 
facing bricks 
and 
plastering 

Only facing bricks or 
both facing bricks and 
plastering are 
detected. 

The pixels covered by 
the facing bricks mask 
divided by the total 
pixels of the wall  
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and continuous image capture, to promote unmanned supervision of 
indoor construction. The specific objectives are 1) to propose an image 
segmentation method to quantitatively calculate wall construction area 
and corresponding percentile progress using an improved Mask Region- 
Based Convolutional Neural Networks (Mask R-CNN) algorithm; 2) to 
provide an evaluation method to assess the wall construction progress of 
the entire floor utilizing Simultaneous Localization and Mapping 
(SLAM) -based continuous image capture. 

This article is composed of seven sections. The following provides a 
comprehensive literature review on three types of construction progress 
evaluation methods: sensor data fusion, point cloud generation and 
comparison, and image deep learning. Section 3 introduces the overall 
framework and data acquisition and processing. Section 4 describes a 
case study in Shanghai, China, using the proposed approach. Section 5 
verifies the accuracies of the used Mask R-CNN algorithm and the Po
sitional Tracking algorithm. In the next section, we discuss the 

improvements made to Mask R-CNN, including loss function, optimizer, 
and cosine annealing, and the impact of image brightness on segmen
tation accuracy. Finally, the Conclusion section summarizes the whole 
article and provides an outlook for future research. 

2. Related studies 

Real-time construction progress monitoring can capture the latest 
construction progress and help correct schedule deviations in time and 
reduce construction costs. In recent years, project progress evaluation 
methods can be categorized into three groups: progress information 
acquired from sensors, progress evaluation based on point cloud gen
eration and comparison, and progress monitoring based on image 
processing. 

Fig. 2. Open space and enclosed space.  

Fig. 3. Image perspective transformation.  
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2.1. Progress evaluation based on sensors and point cloud 

Setting up sensors to acquire progress information is one of the 
earliest methods used in progress monitoring. Through Global Posi
tioning System (GPS), Radio-frequency identification (RFID), Quick 
Response Code (QR code), and other sensors, the location and quantity 
information of construction components and personnel can be obtained 
to evaluate construction progress. GPS technology can be applied in 
material positioning management to effectively save the time of count
ing materials and improve the efficiency of schedule management [14]. 
RFID technology is mainly used to track components' positions and 
construction activities [15], and it can be combined with BIM for 

progress visualization display [16–18]. QR Codes are often combined 
with BIM for components inspection and repair [19]. 

However, the sensor-based approach has some limitations in indoor 
environments. GPS technology cannot navigate and locate due to the 
blocked indoor signals [20]. RFID requires signal receiving equipment 
and recurring installation, scanning, and maintenance [3]. QR code is 
suitable for prefabricated components, but there is a risk of losing labels 
due to collisions and frictions during the transportation and installation 
[21]. 

The most common method of construction progress evaluation is 
using the point cloud model generated by laser scanners or oblique 
photography for progress comparison. This method usually involves two 

Fig. 4. Network structure of Mask R-CNN.  

Fig. 5. Zed 2 position tracking algorithm: (a) mathematical principles; (b) camera translation and rotation.  
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steps. First, the point cloud model obtained by oblique photography 
[1,6,22] or laser scanning [22,23] is registered to the as-planed BIM 
model through local matching, global matching [24], or manually 
selected feature point matching [6,24]. Second, we can obtain the visual 
progress differences between the actual point cloud model and the as- 
planned BIM model [22] through various methods, such as (1) 
comparing IFC 4D-bim with point cloud in txt format [24] based on 
support vector machine (SVM) classifier and Bayesian model [1]; (2) 
calculating the number of point clouds on the surface of BIM compo
nents [6], using rays that are cast from the 3D as-planned object [7]. 

However, three problems are prominent when using point clouds to 
evaluate construction progress. First, the point cloud model generated 
by oblique photographic images [25] usually has lower accuracy than 
laser scanning, but laser scanning is costly and requires professionals to 
define scanning configurations [26]. Second, the process of matching 
point cloud and BIM cannot be fully automated, and manual alignment 
is still time-consuming. Third, blocked building components [25] and 
transparent components such as windows [27] cannot be captured by 
laser scanners. 

2.2. Progress monitoring based on image processing 

Progress monitoring based on image processing has been widely used 
recently. In this method, the data acquisition is more convenient, and 
the pictures taken by the camera or mobile phone can provide rich in
formation on construction sites, such as an object's appearance, mate
rial, etc. Moreover, image processing can be applied in both outdoor and 
indoor environments. Therefore, this method is adopted to evaluate 
indoor progress monitoring. 

The progress evaluation based on CV can be summarized into three 

types. First, the construction stage is identified based on image feature 
extraction, including the material feature, texture feature, time-series 
feature, etc. Many studies used improved SVM to identify the objects' 
material types automatically [28–30], and then combined the infor
mation obtained from the image with BIM or point cloud model 
[3,12,31,32]. Some researchers developed various texture feature 
extraction methods to recognize the construction stages of drywall 
construction [33]. In addition, Han, et al. [12] determined the status of 
the building components (construction completed or no construction) 
using materials classification and detection. Second, the construction 
stage is identified by recognizing key objects or personnel activities. 
Hamledari, et al. [11] classified the construction stage by detecting key 
construction objects like drywall studs and power outlets. Martinez, 
et al. [34] used Faster R-CNN to identify workers and key equipment in 
images and used finite state machines to model task sequences, 
improving activity tracking accuracy in low-resolution images. Third, 
the construction progress is assessed by identifying the number or 
condition of construction components. For example, Deng, et al. iden
tified the specific boundary of regular components such as tiles and 
bricks based on an improved edge detection algorithm and then calcu
lated the progress by the area ratio of tiles or the number ratio of bricks 
[13,32]. Wang, et al. [21] identified and tracked the prefabricated wall 
through Mask R-CNN and Deep SORT algorithm, obtained the wall po
sition and installation time, and then updated the progress in a BIM 
model. 

Nevertheless, there are two limitations in the image-based progress 
assessment method. First, most studies only recognized a certain stage of 
the wall construction without calculating the specific constructed area 
which is essential to evaluate workers' productivity. Although [13] 
proposed a method of construction area calculation based on multi-edge 

Fig. 6. 2D-to-3D mapping and progress visualization principle.  
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recognition, area detection accuracy can be influenced by irrelevant 
edges of indoor sundries [13,32]. Second, current research monitored 
indoor construction progress through photos collected by a fixed cam
era, which only obtains the progress of a fixed area, such as one room, 
rather than the entire floor [12,35]. 

3. Methods 

3.1. Research framework 

The proposed automated assessment framework of indoor con
struction progress based on Mask R-CNN and BIM consists of two steps 
(Fig. 1): (1) determine the construction stage of the interior wall and the 
quantitative progress and (2) integrate the progress of interior walls into 
BIM. 

For the first step, we established a dataset for indoor construction 
components segmentation and manually took construction pictures 

using Zed 2, a hand-held camera with a positioning function. The inte
rior wall construction progress can be classified into three phases: 
bricklaying, plastering, and facing brick (Table 1), and the labeling 
objects in each of the three stages are bricks and concrete, putty, and 
plastering, and facing bricks and plastering, respectively. Then, we 
calculated the progress percentage of interior walls based on the mask 
matrix calculation. Taking plastering as an example, it is defined as 
plastering phase when only plastering or both plastering and putty are 
detected, and the plastering progress percentage (%) is calculated as the 
pixels covered by the plastering mask divided by the total pixels of the 
wall. 

For the second step, Zed 2 positional tracking algorithm was used to 
track the camera and extract the camera position and pose information 
(3D coordinates and 3D rotation angle) when taking the images (Fig. 5). 
After that, we proposed a mathematical algorithm based on the camera 
pose and position to determine the mapping relationship between the 
walls in the images and the Revit model components. Finally, we used 

Fig. 7. Pseudo-code of 2D-to-3D mapping.  
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the Revit API to integrate the progress information obtained in the first 
step into the Revit model (as shown in Fig. 6). 

As the walls around the staircases are inclined and many temporary 
supports block the view during the construction, it is challenging to 
shoot and calibrate images of staircases. Therefore, the scope of this 
study excludes stairwells, and we categorized the indoor construction 
spaces into two types (Fig. 2): (1) open spaces such as corridors and (2) 
enclosed spaces such as rooms. 

3.2. Image pre-processing 

During data collection and processing, we corrected the images taken 
by Zed 2 using a perspective transformation algorithm to eliminate 
image distortion and angle effects. Fig. 3 shows the process of image 
perspective transformation in an enclosed room and open space. After 
taking the construction site pictures, four corner points of the wall were 
selected (Fig. 3 (b) and (e)) to perform a perspective transformation. 
Fig. 3(c) and (f) present the results after correcting the image distortion 
and eliminating angular deviations influence. 

3.3. Image segmentation and mask R-CNN 

Computer vision algorithms such as object detection and image 

segmentation have developed rapidly. Compared with object detection 
which recognizes objects using bounding boxes, image segmentation can 
detect the boundary of an object using a mask and accurately classify 
each pixel. The common segmentation algorithms include DeepMask 
[36], Fully Convolutional Instance-aware Semantic Segmentation [37], 
Mask R-CNN, and so on. However, the first two algorithms are not 
suitable for segmenting overlapping objects. Mask R-CNN [38] is a 
segmentation algorithm with satisfactory instance segmentation results 
[39], which can accurately segment overlapping objects [40]. Further
more, this algorithm is suitable for identifying objects with irregular 
shapes, such as plastering. Therefore, we use Mask R-CNN (Fig. 4) to 
segment instances in the scenario of indoor construction. Mask R-CNN 
uses Feature Pyramid Networks (FPN) to extract image features, applies 
Region Proposal Networks (RPN) to create anchor boxes of regions of 
interest (RoI), and then uses network branches for bounding box clas
sification and regression. In addition, the Mask branch carries out mask 
segmentation through full convolution layers. Furthermore, RoI Align in 
Mask R-CNN can connect the two-stage networks to make the image and 
mask correspond accurately and improve segmentation accuracy [38]. 

The loss function of Mask R-CNN is composed of three parts: classi
fication loss Lcls, bounding box regression loss Lbox, and k-th mask loss 
Lmask. The progress percentage in this study can be obtained by mask 
calculation. Therefore, the accuracy of the mask and Lmask are essential 

Fig. 8. Case building: (a) exterior look at the time of data collection; (b) BIM model.  

Fig. 9. Data collection with Zed 2 camera: (a) data collection; (b) camera parameters. (Resource: https://www.stereolabs.com/zed-2i/).  
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factors for progress calculation. The common Lmask includes Cross- 
Entropy Loss (CE Loss) [38] (Formula 1) and Dice Loss [41] (Formula 
2) which are particularly suitable for multi-category detection. 

CE = −
1
N

∑N

i=1

∑m

j=1

(
yijlog

(
ŷij
) )

(1) 

Where N is the number of pixels in the picture, m is the number of 
detection categories, and yij is the probability of classifying pixel i as 
category j. 

Dice Loss = 1 − D =

2
∑N

i=1

∑m

j=1
pijqij

∑N

i=1

∑m

j=1
p2

ij +
∑N

i=1

∑m

j=1
q2

ij

(2) 

Where N is the number of pixels in the picture, m is the number of 
detection categories, pij is the predicted binary segmentation volume, 
and qij is the ground truth of binary volume. 

Fig. 10. Data collection diagram. Point A is the origin. Points B and C are two feature points with known true coordinates.  

Fig. 11. Images segmentation results in the plastering stage.  
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3.4. 2D-to-3D mapping and progress visualization 

When taking images with Zed 2 camera, we used a positional 
tracking algorithm to track the camera movement path in real-time and 
record camera pose information (Fig. 5a). Taking the original position of 
the Zed 2 camera as the origin, we could obtain the 3D coordinates (x, y, 
z) and the 3D rotation angle information (β, θ, α) of the camera left lens 
relative to the origin in real-time during the movement of the camera. 
The positive direction of the 3D coordinates and rotation angle are 
shown in Fig. 5b. 

To map the wall components in 2D images to the wall components in 
3D BIM models, we proposed a procedure using Revit model processing, 
Zed 2 positional tracking algorithm, Mask R-CNN algorithm, and a 
secondary development with Revit API. Fig. 6 shows the procedure in 
four steps: the first step is to obtain the BIM components information; 
the next step is to determine the relationship between the components in 
the pictures and the components in BIM; the following is to recognize the 

construction progress; in the end, components progress is mapped into 
BIM using a Plug-in (Revit API). 

3.4.1. The component information is acquired through processing the Revit 
model 

We set the origin of the project in the Revit model as the original 
position of the positional tracking algorithm. Then the Revit plug-in 
Lookup was installed to obtain the interior wall ID and the endpoints' 
coordinates of the wall positioning line {“Li”:[(zi1,xi1),(zi2,xi2)]} to 
establish the wall equation (as shown in Fig. 5a). 

3.4.2. The Revit component ID corresponding to the image is obtained based 
on the positional tracking algorithm 

We drew a ray based on the coordinates of the shooting point and the 
camera pose (z, x, θ). According to the geometric relationship between 
the ray equation and the wall equation, we could find all the walls that 
intersect with the ray and then determine the wall ID with the shortest 

Fig. 12. Visualization of the construction progress of walls: (a) no construction; (b) under construction; (c) completed.  

Fig. 13. Visualization of the construction progress of the entire floor.  
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distance between its intersection point and (z, x). The algorithm prin
ciple is shown in Fig. 7. It is worth noticing that we took (z, x) as the 
origin of the coordinates. If one of the points (dieta_zi1, dieta_xi1) or 
(dieta_zi2, dieta_xi2) is in the same quadrant with the ray equation and 
meanwhile the two endpoints of the wall are on different sides of the ray, 
then the ray is considered to intersect the wall, that is “dieta_zkg * cos 
(ray_angle) >= 0 || dieta_xkg * sin (ray_angle) >= 0 || f (zk1,xk1) f (zk2, 
xk2) <= 0” (Fig. 7). 

3.4.3. The construction progress is determined by image segmentation 
We used the Mask R-CNN algorithm to segment images taken on the 

construction site to obtain the indoor construction phase and progress 
percentage of each wall and then calculated a certain floor's overall 
construction progress. 

3.4.4. The progress information is integrated into BIM 
Based on the wall ID obtained from step 2, we used a Revit API to 

traverse all the BIM components and imported the progress information 
(obtained from step 3) into the corresponding component properties. 
Finally, we wrote a color-coding algorithm to modify the component 
color automatically according to its progress information—completed 
(green), under construction (yellow), and no construction (red). 

3.5. Data collection and processing 

In this study, we took Building #10 at the Pujiang Community 
Project in Shanghai as a case study (Fig. 8) which is a 16-storey shear 
wall structure—15 floors above ground and 1 floor underground. At the 
time of data collection, this building was under construction—the 
completed height was 47.10 m and the completed gross floor area was 
9163.64 m2. 

For data collection, we used a Zed 2 binocular depth-sensing stereo 
camera produced by Stereo labs in San Francisco, the USA. The camera 
has relatively high accuracy at a low price compared to other binocular 

Table 2 
Images segmentation results in three stages. 

Stage Origin image
Perspective 

transformation

Image 

segmentation
Ground truth

Mask 

distribution

Block

Up and down 

distribution

Left and right 

distribution

Plaster

Left and right 

and mosaic 

distribution

Enclosing 

distribution

Facing

Up and down 

distribution

Up and down 

and mosaic 

distribution
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cameras on the market, and it supports open-source algorithms and 
secondary development. The camera with a size of 175 × 30 × 33 mm 
(6.89 × 1.18 × 1.3′′) can reach the depth range of 0.2–20 m (0.65–65 ft), 
and the depth field of view can reach a maximum of 110◦ (H) x 70◦ (V) x 
120◦ (D). The output resolution side by side is: 2× (2208 × 1242) 
@15fps, 2× (1920 × 1080) @30fps, 2× (1280 × 720) @60fps, and 2×
(672 × 376) @100fps. The data collection process and camera param
eters are shown in Fig. 9. 

This research focuses on the plastering phase, and the pictures were 
collected from public video clips online and the actual construction sites, 
adding up to a dataset of 738 pictures. The dataset labeled by Labelme 
was divided into a training set (500 pictures), a validation set (160 
pictures), and a test set (78 pictures) following a ratio of 7:2:1. Mask R- 
CNN applies a transfer learning on the MS-COCO dataset, and the 
parameter settings were batch_size = 4, backbone = resnet101, and 
epoch = 120. We improved the loss function, optimizer, and cosine 
annealing used in the Mask R-CNN algorithm (details in Section 6) to 
increase the segmentation accuracy. The environment configuration was 
tensorflow_gpu 1.5.0 + CUDA 9.0 + cudnn 7.0 + keras 2.1.0 + numpy 
1.16.0. In the data collection process, the movement path of the camera 
was clockwise from the origin along the wall. The data collection path 
(Fig. 10) can be obtained through the following process. First, point A 
was set as both the starting point in the positional tracking algorithm 
and the origin coordinate of the BIM model. Second, we selected two 
points that the camera had to pass through on the floor plan, that is, B 
and C, whose true coordinates were known from the BIM model. Third, 
we moved the camera and obtained the predicted coordinates of all 
points along the movement path using the positional tracking algorithm. 
Among these points, two points whose predicted coordinates are closest 
to the true coordinates of B and C were selected as the corresponding B′

and C′. Finally, the data collection diagram can be obtained by super
imposing A, B′, and C′ on the movement path to the corresponding 
points A, B, and C on the BIM floor plan. 

4. Results 

4.1. Calculation of progress percentage 

The case building was in the indoor plastering phase at the time of 
data collection. After implementing the proposed indoor progress 
automated evaluation framework, we identified three typical types of 
progress evaluation results of the plastering construction phase, as 
shown in Fig. 11. Wall 1 and Wall 2 were under construction (during 
plastering), and the progress percentage was 65% and 60%, respec
tively, indicated in yellow. Wall 3 has not started plastering, and the 
progress percentage was 0%, marked in red. Wall 4 has finished plas
tering, and the progress percentage was 100%, indicated in green. 

Summarizing the progress information of all the walls except for the 
stairwell on the 12th floor of Building # 10, there were 101 walls in 
total, and each wall had two working surfaces. Type A wall is located at 
the edge of the building and only the interior surface needs to be plas
tered. Therefore, the Type A wall only records one working surface (8 
working surfaces in total). Type B wall has both surfaces indoors, and 
each wall has two working surfaces needing to be plastered (186 
working surfaces in total). According to the above rules, a total of 194 
working surfaces of 101 walls need plastering progress calculation. 
Some calculation parameters and results are shown in Appendix A. The 
coordinates and angles of the shooting points can be obtained from the 
Zed 2 positional tracking algorithm. The Revit property panel can 
retrieve the wall area, and the Revit Lookup-Location Curve function can 
check the two ends coordinates of the wall. The calculation results show 
that the total wall area that needs progress evaluation is 1223.505 m2 

and the completed construction area is 800.662m2, resulting in a plas
tering progress percentage of the entire floor to be 65%. 

Fig. 14. Precision-Recall curve: (a) plaster; (b) putty; (c) person; (d) all types.  
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4.2. Visualization 

We used the Revit API secondary development program to traverse 
the wall components in the Revit model according to the wall ID and 
then automatically imported the progress information into the compo
nent properties. Then the interior wall construction progress informa
tion (such as “under construction, 60%”) could be displayed in the 
component property bar. The component's color was automatically 
changed to red, yellow, and green according to the construction progress 
as shown in Fig. 12. After all the component progress information was 
imported, we got a visual display of the overall progress of the 12th 
standard floor of the building, as shown in Fig. 13. 

Since the studied project was in the indoor plastering phase, the 
bricklaying process has been completed, and it would be a long time 
before the facing brick phase starts. This study only established the 
dataset of the plastering phase and showed the progress assessment re
sults of the plastering construction. But the progress assessment of 
bricklaying and facing brick construction follows the same framework. 
We collected several pictures of bricklaying and facing brick construc
tion on the Internet and tested them using the improved Mask R-CNN 
algorithm. The test results in Table 2 show that our algorithm achieved 
accurate detection and segmentation for various forms of mask distri
bution, such as up and down, left and right, mosaic, enclosing, etc. 

5. Validation 

5.1. Accuracy of mask R-CNN 

Mean Average Precision (mAP) and Precision-Recall curve (P-R 
curve) of the test set are normally used to evaluate the application effect 
of Mask R-CNN. The precision and recall rates represent the model's 
performance to detect positive samples accurately and cover all positive 

samples, respectively. The Average Precision (AP) rate which is 
numerically equivalent to the area enclosed by the P-R curve, represents 
the overall detection effect of the model. Intersection Over Union (IoU) 
is the ratio of the overlap area to the union area of predict results and 
ground truth. In the tasks of segmentation, IoU is usually used to define 
positive/negative samples. For example, a sample would be defined as a 
positive sample when its IoU is higher than the IoU threshold [42,43]. 

Fig. 14 shows the P-R curves of plaster, putty, person, and all types 
with AP and mAP values in different IoU thresholds (IoU = 0.5 and 0.75) 
in the test set of 78 images using the improved Mask R-CNN algorithm. 
The AP of person reached 100% because of the transfer learning on the 
MS-COCO dataset which includes enormous samples of people. While 
APs for putty and plaster were 97.0% (IoU = 0.5) and 93.4% (IoU = 0.5). 
The mAPs of all types were 96.8% (IoU = 0.5) and 92.6% (IoU = 0.75), 
which are sufficient for indoor progress evaluation. 

The loss curves of the training set and the validation set are shown in 
Fig. 15. The model was run for 120 epochs, and each epoch includes 125 
iterations. In the initial epochs, the class-loss and mask-loss fluctuated 
dramatically. This problem is probably due to the small batch_size, 
resulting in fewer pictures in each iteration, and a few pictures with a 
high loss would dominate the overall loss. As the iterations increased, 
the loss became stable and converged in the end with a loss of 0.9 for the 
validation set. 

5.2. Accuracy of positional tracking 

We evaluated the positional tracking algorithm by setting calibration 
points. As shown in Fig. 16, the hand-held Zed 2 camera started from the 
origin, and we selected three calibration points with known coordinates 
in the room. During the data collection, three calibration points were 
passed in sequence, and the camera returned to the origin in the end, 
forming a closed loop. The selection of the calibration point position is 

Fig. 15. Loss curve of training and validation process: (a) bounding_box_loss curve; (b) mask_loss curve; (c) class_loss curve; (d) all_classes curve.  
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based on the principle of uniform distribution and easy access to actual 
coordinate positions. Calibration points 1 and 2 are in the middle of the 
door frames, and calibration point 3 is in the center of the room. We 
calculated 1) the distance deviation between the known coordinates of 
the calibration point and the coordinates obtained by the positional 
tracking algorithm and 2) the distance between the origin and the 
endpoint (which should be zero), resulting in a maximum distance de
viation of 60.82 mm. The positional tracking algorithm is used to 
determine which wall the photo represents by calculating the minimum 
distance between the camera and wall. In practice, the camera is usually 
placed over 3–4 m away from the wall to ensure complete coverage of 
the wall. A distance deviation of 60 mm, which is about 2% of 3 m, 
would not influence the mapping of components to BIM. 

6. Discussion 

6.1. Loss function improvement 

The loss function of the mask which is used to evaluate and optimize 
the segmentation results of the mask is an essential factor influencing 
the segmentation accuracy. CE Loss (Test 1), the default loss function of 
Mask R-CNN, is suitable for detecting objects with the same level of 
difficulty because CE Loss considers the contribution of each pixel 
equally. When the difficulty level of some detected objects is high 
(complex samples), e.g., plaster accounts for 50–80% pixels and has an 
irregular shape, Dice Loss (Test 2) is a more effective function that can 
strengthen the training of complex samples [41]. However, for partic
ularly complex situations, the contribution of each pixel also needs to be 

Fig. 16. Evaluation of the positional tracking algorithm. True coordinate: the known coordinates of the calibration point; actual coordinate: the coordinates obtained 
by positional tracking algorithm. 

Table 3 
Results of loss function tests.  

Test Lmask IoU AP 
-plaster 

AP 
-putty 

AP 
-person 

mAP Imp-AP 
-plaster 

Imp-AP 
-putty 

Imp-AP 
-person 

Imp-mAP 

Test1 CE Loss 
0.5 87.5% 98.1% 100% 95.2% Baseline 
0.75 71.4% 87.7% 100% 86.4% Baseline 

Test2 Dice Loss 0.5 95.0% 95.4% 100% 96.8% 7.5%↑ 2.7%↓ 0% 1.6%↑ 
0.75 70.5% 76.6% 100% 82.4% 0.9%↓ 11.1%↓ 0% 4.0%↓ 

Test3 CE Loss 
+Dice Loss 

0.5 93.3% 98.3% 100% 97.2% 5.8%↑ 0.2%↑ 0% 2.0%↑ 
0.75 77.1% 87.8% 100% 88.3% 5.7%↑ 0.1%↑ 0% 1.9%↑ 

Note: mAP in the table is the highest among the mAPs in all the epochs. 
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considered while considering the unbalanced level of detection diffi
culty (Test 3). We designed three loss function tests and the results are 
shown in Table 3. 

Test 2 (Lmask = Dice Loss) resulted in an AP (IoU = 0.5) of 95.0% for 
plaster, which was 7.5% higher than the AP in Test 1. The APs (IoU =
0.5) of plaster and putty in Test 2 were roughly equal, showing that the 
problem of unbalanced level of detection difficulty can be solved. 
However, the mAP (IoU = 0.75) declined compared to Test 1. The reason 
is that Dice Loss weakens the training of easy samples (for instance, the 
AP of putty in Test 2 is lower than the baseline) while strengthening the 
training of complex samples, resulting in the reduction of mAP. In Test 3, 
we used Dice Loss plus CE Loss as Lmask, leading to the increased APs of 
all classes. 

Imp-AP is the increased AP value compared with the baseline. Imp- 
mAP is the increased mAP value compared with the baseline. 

6.2. Hyperparameter optimization 

Optimizers, such as Stochastic Gradient Descent (SGD) and Layer- 
wise Adaptive Moments optimizer for Batching training (LAMB), are 
important factors in hyperparameter optimization, which can adjust and 
update the parameters of the loss function to make the loss value 
approach the global minimum. SGD optimizer, the default optimizer of 
Mask R-CNN, can quickly make the loss converge to an approximate 
local minimum [44] by updating the network parameters with a fixed 
learning rate after a small batch of training data. However, the fixed 
learning rate may not be the optimal value, resulting in a low accuracy, 
so we need to adaptively adjust the optimal learning rate to ensure that 
each layer of the network effectively converges [45] in our dataset. 
Therefore, we used the LAMB optimizer (Test 4) which can individually 
optimize and modify the learning rate of each layer in the neural 
network through a layer-wise strategy to obtain the optimal learning 
rate [46]. The results are shown in Table 5. When we used the optimizer 
with a high global learning rate, the loss function was prone to oscilla
tion. This problem can be solved by a cosine annealing schedule [47] 
(Test 5) which can make the loss stable by reducing the learning rate 
smoothly (Fig. 17b). 

In Test 4, the algorithm parameters were batch size = 4, learning 
rate = 5e-4, and weight_decay = 0.02 (official recommendation). The 
detection accuracy was improved and the mAPs were 96.8% (IoU = 0.5) 
and 91.2% (IoU = 0.75). But in the later epochs, the loss function of the 
validation dataset oscillated obviously, as shown in Fig. 17a. The reason 
is that LAMB with a high learning rate makes the loss function diverge 
due to some samples with higher errors. Under the effect of the cosine 

annealing schedule in Test 5, the oscillation amplitude of the loss 
function was significantly reduced in the later epochs (Fig. 17a). The 
mAPs were 97.2% (IoU = 0.5) and 92.2% (IoU = 0.75) which were 2% 
and 5.8% higher than the baseline. 

6.3. Image brightness equalization 

As the brightness of construction images is often uneven due to rain, 
occlusion, etc., and the plaster color changes naturally over time, these 
situations may lead to a reduction in segmentation accuracy, as shown in 
Table 4. The image brightness equalization algorithm can effectively 
solve the above problems by reducing the brightness difference of the 
images. The algorithm will first perform pixel difference and convolu
tion on the RGB image with uneven brightness to establish a pixel matrix 
“A” of the same dimension as the original image. Then, the pixel values 
of the low-brightness and high-brightness areas of matrix “A” are taken 
as positive and negative values, respectively. The pixel values of the 
remaining positions are taken as zero. Finally, the matrix “A” and the 
original image matrix are added to balance the image brightness. 

On top of the parameter setting of Test 5, we applied the image 
brightness equalization algorithm to process the test set of 78 pictures. 
The images after brightness equalization and their predicted results are 
shown in Table 4. The algorithm improved the segmentation effect 
significantly compared with the predicted results of original images 
from three perspectives: incomplete object recognition, incomplete 
mask recognition, and overlapping masks. The mAP (IoU = 0.75) of Test 
6 achieved the highest value of 92.6% among all the tests, which was 
0.4% higher than Test 5 and 6.2% higher than the baseline (Table 5). 

6.4. Comparison with other algorithms 

The performance of the improved Mask R-CNN is compared with 
four outstanding segmentation algorithms, i.e., Mask R-CNN [38] with 
the R-101-FPN backbone, UNet++ [48], YOLACT [49] with the R-101- 
FPN backbone, and PointRend [50] with the backbone of R-101-FPN. To 
ensure a fair comparison, five algorithms were evaluated with the same 
plaster dataset that was divided into a training set (500 pictures), a 
validation set (160 pictures), and a test set (78 pictures) following a ratio 
of 7:2:1. Besides, all algorithms were trained using images with short 
sides of 800 pixels and the parameter settings were batch_size = 4 and 
epoch = 120. The comparison results are shown in Table 6. For the 
overall evaluation of the model, improved Mask R-CNN outperformed 
other algorithms with the highest mAP, AP- person (IoU = 0.75), and AP 
- putty (IoU = 0.75). For the plaster detection, both improved Mask R- 

Fig. 17. Validation loss and cosine annealing function: (a) validation loss of tests 4 and 5; (b) cosine annealing function. ηmin and ηmax are the upper and lower limits 
of the learning rate, T is the total number of batches in the training process, and Tcur is the number of batches that have been iterated. 
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CNN and PointRend ranked top two among all algorithms. 

7. Conclusions 

Traditional construction progress management is mainly carried out 
through manual inspection and filling out the progress reports. The low 
level of automation makes it difficult to obtain and update project 
progress in real-time. The indoor construction progress management is 
especially time-consuming and costly due to the chaotic indoor con
struction sites. This paper described a framework based on a computer 
vision algorithm and BIM to automatically evaluate indoor construction 
progress in real-time to avoid time lags in progress monitoring and 
reduce labor-intensive activities. The framework involves two steps. 
First, the Mask R-CNN algorithm was applied to segment images to 
determine the construction stage and the quantitative progress. Then, a 
SLAM-based photo recognition method was proposed to integrate 
progress information into BIM. The framework was successfully applied 
to a construction project in Shanghai where the mean Average Precision 
of plaster segmentation reached 95.3%. 

Table 4 
Image brightness equalization examples. 

Example 1 Example 2 Example 3

Original

images

Predicted 

results of 

original

images

Brightness 

equalization

Predicted 

results of 

brightness 

equalization

Ground truth

Solved 

problems

Incomplete object 

recognition

Incomplete mask 

recognition
Overlapping masks

Table 5 
Results of six tests of Mask R-CNN algorithm improvement.  

Test Content mAP50 mAP75 Imp50 Imp75 

1 CE Loss + SGD optimizer 95.2% 86.4% baseline baseline 
2 Dice Loss + SGD optimizer 96.8% 82.4% 1.6%↑ 4.0%↓ 

3 
CE Loss+Dice Loss + SGD 
optimizer 

97.2% 88.3% 2.0%↑ 2.9%↑ 

4 CE Loss+Dice Loss + LAMB 
optimizer 

96.8% 91.2% 1.6%↑ 4.8%↑ 

5 
CE Loss + Dice Loss + LAMB 
optimizer+Cosine annealing 97.2% 92.2% 2.0%↑ 5.8%↑ 

6 

CE Loss + Dice Loss + LAMB 
optimizer + Cosine 
annealing + Image 
brightness equalization 

96.8% 
92.6% 
(highest) 

1.6%↑ 6.2%↑ 

Note:mAP50 is the mean average precision value when IoU = 0.5, mAP75 is the 
mean average precision value when IoU = 0.75, Imp50 is the increased mAP50 
compared with the baseline, and Imp75 is the increased mAP75 compared with 
the baseline. 
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This study contributes to the body of knowledge from the following 
two aspects. (1)To automate the wall progress evaluation for the cast-in- 
place construction, we established an evaluation framework that en
ables us to precisely recognize wall progress in a whole layer with 
streamlined BIM visualization. (2) Different from the current method 
which utilized edge detection for construction area calculation, we 
proposed an image segmentation method to quantitatively calculate 
wall construction area and percentile progress based on the improved 
Mask R-CNN in three aspects: the loss function, optimizer, and cosine 
annealing. This study not only provides a theoretical reference for the 
automated progress tracking of indoor construction but also contributes 
to promoting a feasible approach that connects both physical activities 
and virtual models for digital twin construction. The proposed method 
in this study can be utilized for automated construction progress 
tracking management and potentially facilitate the unmanned inspec
tion process with tremendous time and effort savings reduced from the 
exhaustive manual data processing. Besides, the approach could also 
contribute to the progress payment management by linking the 
completed progress with the unit-price of a project to calculate con
struction cost occurred, enabling project managers to control and avoid 
cost overruns when the actual schedule deviates from the plan. 
Furthermore, this study also demonstrated a straightforward method 
that integrates the evaluation results into digital models displayed in the 
cloud for progress visualization, making the stakeholders intuitively 

understand construction progress and efficiently recommend reasonable 
decisions. 

Nevertheless, there are some limitations in this study despite its 
contributions. First, this study only collected data of plastering con
struction. Future research could expand the dataset of bricklaying, fac
ing brick, and wall finishing for multiple scenarios of progress 
evaluation. Second, the path sequence was not considered during image 
collection and path optimization with the highest efficiency is supposed 
to be carried out in future works. 
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Appendix A. Information statistics and progress calculation results  

No. Shooting point 
coordinates(z,x,θ) 

Wall id Endpoints' coordinates of 
wall (z,x) (m) 

Area of one 
surface (m2) 

Progress percentage of 
one surface 

Construction area of one 
surface (m2) 

Progress of the 
entire floor(%) 

1 − 12.41,-1.93,-0.26(− 15) 1,461,080 (− 13.40,-6.90) 
(− 13.40,-3.30) 

7.830 No construction (0%) 0 

65% 

2 − 11.54,-5.22,0.35(20) 1,461,085 
(− 13.36,-3.30) 
(− 13.36,0.00) 7.830 No construction(0%) 0 

3 − 5.64,-5.03,0.19(11) 1,461,110 
(− 6.60,-6.90) 
(− 6.60,-3.50) 7.830 Completed(100%) 7.830 

4 − 9.43,-5.78,2.95(169) 1,461,110 (− 6.60,-6.90) 
(− 6.60,-3.50) 

7.830 Completed(100%) 7.830 

5 − 5.04,-2.23, 
− 0.10(− 6) 

1,461,114 (− 6.60,-3.50) 
(− 6.60,0.00) 

7.830 Completed(100%) 7.830 

6 
− 10.13,-2.37,-3.11 
(− 178) 1,461,114 

(− 6.60,-3.50) 
(− 6.60,0.00) 7.830 Completed(100%) 7.830 

7 
− 2.41,-5.24, 
− 0.10(− 6) 

1,461,292 
(− 3.30,-6.90) 
(− 3.30,-3.50) 

7.830 
Under construction 
(75%) 

5.873 

8 − 5.95,-5.41, 
3.12(179) 

1,461,292 (− 3.30,-6.90) 
(− 3.30,-3.50) 

7.830 Under construction 
(32%) 

2.506 

9 3.62,-2.76, 
1.69(97) 

1,461,255 (6.90,-3.50) 
(6.90,-1.60) 

4.440 Completed(100%) 4.440 

10 
10.44,-2.59, 
0.16(9) 1,461,255 

(6.90,-3.50) 
(6.90,-1.60) 4.440 Completed(100%) 4.440 

11 
16.80,-2.68, 
− 3.44(− 197) 

1,461,232 
(20.10,-3.50) 
(20.10,-1.60) 

7.440 Completed(100%) 7.440 

12 1,461,132 7.440 Completed(100%) 7.440 
(continued on next page) 

Table 6 
Comparison results of different models on the plaster dataset.  

Test Model Backbone Style IoU AP - 
plaster 

AP- 
putty 

AP- person mAP Imp- 
mAP 

1 Mask R-CNN 
(ICCV’2017) 

R-101-FPN Tensorflow 0.5 87.5% 98.1% 100% 95.2% Baseline 
0.75 71.4% 87.7% 100% 86.4% Baseline 

2 
UNet++

(CVPR’2018) – PyTorch 
0.5 88.3% 89.6% 100% 92.6% 2.6%↓ 
0.75 79.2% 81.8% 100% 87.0% 0.6%↑ 

3 
YOLACT 
(ICCV’2019) 

R-101-FPN PyTorch 
0.5 94.1% 94.4% 96.0% 94.8% 0.4%↓ 
0.75 84.2% 76.0% 79.2% 79.8% 6.6%↓ 

4 PointRend (CVPR’2020) R-50-FPN Caffe 0.5 96.1% 94.7% 96.0% 95.6% 0.4%↑ 
0.75 91.3% 84.3% 96.0% 90.6% 4.2%↑ 

5 Improved Mask R-CNN R-101-FPN Tensorflow 0.5 93.4% 97.0% 100% 96.8% 1.6%↑ 
0.75 89.1% 88.7% 100% 92.6% 6.2%↑ 

Note: Bold numbers represent the highest value (IoU = 0.75) in each column. 
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(continued ) 

No. Shooting point 
coordinates(z,x,θ) 

Wall id Endpoints' coordinates of 
wall (z,x) (m) 

Area of one 
surface (m2) 

Progress percentage of 
one surface 

Construction area of one 
surface (m2) 

Progress of the 
entire floor(%) 

23.44,-2.51, 
− 0.26(− 15) 

(20.10,-3.50) 
(20.10–1.60) 

13 
7.44,-5.79, 
− 3.33(− 191) 1,461,245 

(10.20,-6.90) 
(10.20,-3.50) 7.830 Completed(100%) 7.830 

14 13.21,-6.14, 
3.19(183) 

1,461,245 (10.20,-6.90) 
(10.20,-3.50) 

7.830 Completed(100%) 7.830 

15 − 6.45,1.43, 
− 0.65(− 37) 

1,461,144 (− 5.30,1.30) 
(− 12.10,1.30) 

13.220 Completed(100%) 13.220 

16 
− 10.24,5.57, 
1.52(87) 1,461,144 

(− 5.30,1.30) 
(− 12.10,1.30) 13.220 Completed(100%) 13.220 

17 
− 10.20,2.35, 
− 1.48(− 85) 1,461,289 

(− 5.30,6.25) 
(− 12.10,6.25) 13.220 Completed(100%) 13.220 

18 − 10.20,10.35,1.64(94) 1,461,189 (− 5.30,6.25) 
(− 12.10,6.25) 

13.220 Completed(100%) 13.220 

19 0.89,-5.26, 
− 1.62(− 93) 

1,461,177 (3.80,-6.90) 
(3.80,-3.30) 

7.830 No construction(0%) 0 

20 
5.84,-4,98, 
0.05(3) 1,461,177 

(3.80,-6.90) 
(3.80,-3.30) 7.830 No construction(0%) 0 

... 
Sum:   1223.505  800.662 

Note: The construction area of one surface = The area of one surface * construction progress percentage of one surface. For example, Construction area of the No.1 
surface = 7.830 m3 * 0% = 0 m3. 
The total area = the sum area of all the surfaces. 
The total construction area = the sum area of all the surfaces that has completed construction. 
Construction progress of the entire floor = The total construction area divided by the total area. 

References 

[1] M. Golparvar-Fard, F. Pena-Mora, S. Savarese, Automated progress monitoring 
using unordered daily construction photographs and IFC-based building 
information models, J. Comput. Civ. Eng. 29 (1) (2015) 04014025, https://doi. 
org/10.1061/(asce)cp.1943-5487.0000205. 

[2] M. Abdelsayed, R. Navon, An information sharing, internet-based, system for 
project control, Civ. Eng. Syst. 16 (3) (1999) 211–233, https://doi.org/10.1080/ 
02630259908970263. 

[3] B. Ekanayake, J.K.-W. Wong, A.A.F. Fini, P. Smith, Computer vision-based interior 
construction progress monitoring: a literature review and future research 
directions, Autom. Constr. 127 (2021), 103705, https://doi.org/10.1016/j. 
autcon.2021.103705. 

[4] C.Z. Li, F. Xue, X. Li, J. Hong, G.Q. Shen, An internet of things-enabled BIM 
platform for on-site assembly services in prefabricated construction, Autom. 
Constr. 89 (2018) 146–161, https://doi.org/10.1016/j.autcon.2018.01.001. 
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