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A B S T R A C T   

Intelligent tunnelling has become an important direction for the development of TBM technology recently. As a 
result of the interaction between rock mass and TBM cutterhead, mucks are very important for predicting rock 
mass conditions and evaluating rock breaking efficiency. A real-time muck analysis system for assistant intel
ligence TBM tunnelling is proposed in this paper. Machine vision was applied to take the muck images 
continuously in the high-speed conveyor belt. The image segmentation and feature extraction of the mucks are 
conducted by using a deep learning algorithm. The proposed system also measured the mass and volume flow of 
the muck by installing a belt scale and a scanner to monitor the stability of the rock mass on the tunnel face. After 
the system was completed, it was installed on an indoor simulation experimental platform. A series of experi
ments were conducted to verify the design functions and measurement accuracy. Additionally, the system was 
applied to a TBM tunnelling project. The application results showed that the proposed system reached its design 
requirements and functions, and can provide muck data support for further assistant intelligent TBM tunnelling.   

1. Introduction 

With the development of the manufacturing industry and construc
tion technology, more deep and long tunnels use TBMs construction due 
to their advantages of low cost and high tunnelling efficiency. However, 
complicated geological conditions bring great challenges to TBM con
struction. More specifically, on the one hand, because the rock mass 
conditions ahead of the tunnel face are not clear, so this increases the 
risks of TBM construction, such as jamming, rockburst, or even tunnel 
collapse. On the other hand, the selection of operating parameters is 
dependent on the experience of construction operators, which may 
cause problems such as low TBM tunnelling efficiency, abnormal con
sumption of cutting tools, and machine failures. To solve these two 
fundamental problems, namely the prediction of rock mass conditions 
and the evaluation of tunnelling efficiency, researchers have conducted 
extensive studies in these areas recently. 

In most studies, the prediction of TBM tunnelling performance, 
which is required for progress schedule and cost control, has always 
been a research hotspot. Based on TBM boring parameters (e.g., thrust 
and torque) and rock mass parameters (e.g., rock strength and volu
metric joint count), many researchers (Barton, 2000; Bruland, 2000; 

Gong and Zhao, 2009; Hamidi et al., 2010; Liu et al., 2017; Maleki, 
2018; Naghadehi et al., 2018; Rostami, 1997; Salimi et al., 2018; Ver
gara and Saroglou, 2017) have established various models to predict 
tunnelling performance. These types of studies are forward analysis 
methods and are generally used for cost estimation in the early stage of 
the project. However, the rock mass parameters in the actual construc
tion cannot be accurately obtained, so these models are difficult to guide 
the tunnelling in real-time. 

In the past ten years, some researchers tried to solve these problems 
by monitoring and analyzing the data in TBM tunnelling. The moni
toring technologies for TBM are mainly about the forces of disc cutters 
(Entacher and Galler, 2013; Entacher et al., 2012) and the interaction 
between the TBM and the surrounding rock mass (Huang et al., 2018). 
Although there is a specific correlation between these monitoring data 
and the rock mass conditions (Entacher et al., 2013), this relationship is 
poorly interpretable and needs to be further explored by mining the 
monitoring data. The photographıc documentatıon of the tunnel face 
(Entacher and Galler, 2013) and ahead geology forecast (Li et al., 2017, 
2018) directly investigate the geological conditions in front of the tunnel 
face. Nevertheless, these technologies are difficult to wholly and 
continuously monitor the entire tunnelling process. Apart from this, 
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different degrees of personnel participation is required for sensors 
installation and data analysis and increases the operating cost of these 
technologies. In fact, many sensors equipped on the TBM are used to 
monitor the operating parameters of different parts of the device in real- 
time (Gao et al., 2019; Sun et al., 2018; Zhang et al., 2019; Zhao et al., 
2019). There are a few parameters related to the interaction between the 
surrounding rock mass and TBM. Among these related parameters, most 
control parameters are inputted by human beings, while few parameters 
are fed back by the rock mass. Therefore, the information contained in 
the TBM data that can be used to evaluate the rock mass is limited. 

During the TBM tunnelling progress, the disc cutters cut the rock 
mass to form rock chips. The features of muck are determined by the 
boring parameters and rock mass properties. It is a back-analysis method 
to evaluate the TBM tunnelling efficiency and identify the rock mass 
parameters by analyzing the characteristics of chips. A large number of 
researchers explored the relationship between the characteristics of rock 
chips and rock-breaking efficiency, and found that they are closely 
connected to each other. Specifically, when using the specific energy 
(SE) to evaluate the rock-breaking effectiveness, the roughness index 
(CI), calculated from the size distribution of the rock chips, is inversely 
related to the SE (Abu Bakar et al., 2014; Mohammadi et al., 2020; 
Tuncdemir et al., 2008). This result shows that the higher the rock- 
breaking efficiency, the larger the size of rock chips. Besides, in the 
intact rock mass, when the rock-breaking efficiency is high, the shape of 
the large rock chips will be closer to flat (Bruland, 2000; Gong et al., 
2007; Heydari et al., 2019). Based on the excellent correlation between 
rock chips characteristics and rock breaking effectiveness, some re
searchers use the rock chip characteristics to evaluate the rock-breaking 
efficiency of the geometry of the cutting tools or the cutting geometric 
parameters, e.g., the type of disc cutter (Tuncdemir et al., 2008), the 
cutter’s spacing (Liu et al., 2016), and the cutting depth ratio (Yin et al., 
2014). Generally speaking, these studies are carried out under constant 
rock mass parameters. However, the rock mass conditions in the TBM 
construction are always changing. Therefore the influence of the rock 

mass parameters on the rock chip characteristics cannot be ignored. 
To the best of our knowledge, few pieces of research have been done 

to explore the relationship between the rock chip characteristics and 
rock mass parameters until now. The joint conditions are the main pa
rameters of the rock mass that affects the morphological characteristics 
of the rock chips. Although Rispoli et al. (2017) did not obtain a sig
nificant correlation between CI and rock mass rating (RMR) and 
geological strength index (GSI) through TBM field research, some results 
of numerical simulation show that the joint conditions, e.g., joint 
spacing and angle, affect the rock chip formation process (Gong et al., 
2006, 2005; Jiang et al., 2018; Liu et al., 2019; Zhai et al., 2016). Yin 
et al. (2016) conducted full-scale cutting experiments on granite and 
found that two different failure modes can be obtained for the joint 
spacing of 100 mm and 400 mm, respectively. These two failure modes 
will generate different sizes and shapes of rock chips. Gong et al. (2010) 
studied the rock chip characteristics excavated in marble with three 
different layer thicknesses (namely thin, medium-thick and thick), and 
found that the rock chips excavated in the thin layer marble were larger 
and the tunnel face was more likely to be unstable. 

From the results of in-site, laboratory, and numerical studies, we can 
conclude that the muck contains a wealth of information, which can be 
used to predict the rock mass conditions and evaluate rock-breaking 
efficiency. Some methods of muck analysis applied to TBM construc
tion focus on the reuse of excavated material. Oggeri (2017) has 
established a classification for the availability of muck under different 
formation conditions and construction methods. In order to sort the 
material of the TBM in real-time, Erben (2016) developed a muck 
analysis system installed on the TBM, involving the mass flow moni
toring, grain grading distribution analysis and chemical composition 
analysis. These works provide essential information for assisting intel
ligent tunnelling by muck analysis, such as techniques about mass flow 
monitoring and grain grading analysis. The grading distribution plays a 
vital role in muck analysis. However,.the size distribution of the rock 
chips is mainly obtained with the sieving method, and even the axial 

Fig. 1. The framework of the muck analysis system.  
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length of chips can only be measured manually. To collect statistically 
significant data, a high volume of mucks is required to be measured, 
which will be time-consuming and labour-intensive. Additionally, the 
data obtained by manual sieving is relatively lagging. Therefore, it is 
difficult to guide the real-time TBM construction. To improve the effi
ciency of muck analysis, Rispoli et al. (2017) evaluated the size distri
bution of muck by analyzing the images of muck in the muck yard and 
studied the relationships between the CI and the TBM performance pa
rameters, as well as the rock mass parameters. Farrokh and Rostami 
(2008) also analysed the muck on the truck by using the image pro
cessing method, and studied the relationship between the size of rock 
chips and the tunnel convergence. This method can quickly obtain the 
grain grading distribution through image analysis software. Still, it is 
limited in that it is an off-line analysis method and cannot feedback 
information in real-time to the TBM operators. During the transportation 
of the muck from TBM to the muck yard, the rock chips have been 
transferred many times. As a result, the distribution of rock chips on the 

surface is changed. Bruland (2000) thinks that the most representative 
muck should be obtained directly from the conveyor belt. However, 
since the rock chips sampling from the conveyor belt requires stopping 
the belt, this will affect the TBM tunnelling (Rispoli et al., 2017). The 
machine vision approach can obtain fast and accurate results without 
contacting the objects, and is very suitable for the on-line analysis of 
muck on the TBM belt. However, the related researches in the present 
are scant. 

Furthermore, the volume and mass of the muck are of great signifi
cance for monitoring the over-break of the TBM tunnels (Mooney et al., 
2012; Slinchenko, 2009). By comparing the monitored and theoretical 
values of muck mass and volume, believe that the ground settlement 
caused by over-break in the TBM tunnel can be reflected (Mooney et al., 
2012). In hard rock tunnels, over-break is mainly due to TBM encoun
tering fractured zones or unstable rock masses (Barton, 2000). There
fore, monitoring the mass and volume of the muck is helpful to prevent 
instability of the tunnel face and to avoid further risk of jamming. 

Fig. 2. The structure of the data acquisition system.  

Fig. 3. The structure of the data acquisition system.  
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To solve the abovementioned problems, this paper proposes a ma
chine vision based system for on-line muck analysis in TBM tunnelling. 
This system directly collects images, mass flow and volume flow of muck 
on TBM conveyor belt, and performs image processing algorithms to 
extract the rock chip characteristics. Since it is a non-contact monitoring 
method, it can be synchronized with the TBM tunnelling. The analysis 
results can be fed back to the operator in real-time, thereby assisting in 
optimizing TBM operating parameters and judging rock mass parame
ters, and providing early warning of the instability of the tunnel face. 
This paper will introduce the design and composition of the system, 
image analysis methods, and the preliminary application results. 

2. System composition 

The system consists of four parts: data acquisition subsystem, 
communication and control subsystem, data analysis subsystem, and 
software subsystem. The structure of the system is illustrated in Fig. 1. 
The data acquisition subsystem includes a belt scale, a tachometer 
wheel, a scanner, and a camera. The conveyor belt speed is measured by 
a tachometer. The conveyor belt scale and scanner measure the mass 
flow and volume flow of the muck on the conveyor belt, respectively. 
The camera fixed above the conveyor belt can continuously capture 
images of muck. The communication and control subsystems are used to 
transfer data and control the automatic starting and stopping of devices, 
including industrial network switches and power control modules. The 
data analysis subsystem is implemented on an industrial computer 
equipped with a graphics processing unit (GPU) for image analysis, data 
fusion, and data storage. The software subsystem integrates hardware, 
database, and data analysis into a web-based program, and realizes the 
visualization of information. 

2.1. The data acquisition subsystem 

The data acquisition subsystem is installed on the conveyer belt 
located in the TBM back-up system. Its structure is shown in Fig. 2, 
including a tachometer wheel, a belt scale, a scanner, and a camera. The 
transportation of muck uses an endless belt, including the upper and 
lower layer. The tachometer wheel and the belt scale are installed be
tween the upper and lower layer of the belt. To prevent the sensors from 
being eroded and damaged in the harsh tunnel environment, the scanner 
and camera are packed in a steel box, which is fixed about 0.8 m above 
the belt and covered with a protective cover. 

2.2. The communication and control subsystem 

2.2.1. Data communication 
The industrial computer located in the TBM control room is the core 

of the entire system. It is used for data processing, storage, and visual
ization. It is equipped with three independent network interface cards 
(NICs), which are connected to three different networks, as shown in 
Fig. 3. NIC 1 is connected with the data acquisition system for receiving 
data, including muck images, mass flow, volume flow data, and the 
parameters of the control module. In order to meet the needs of real-time 
image transmission, the data transmission rate of NIC 1 is 1Gbps. NIC 2 
is connected to the TBM system. The real-time TBM operating parame
ters are obtained from the programmable logic controller (P.L.C.) of 
TBM at a frequency of 1 Hz and saved in the database of the computer. 
NIC 3 is connected to the Internet so that people outside the tunnel can 
view the current working status of the system through remote access. 
The data collected from different projects can also be uploaded to the 
cloud server to establish a comprehensive data warehouse. 

Fig. 4. Flow chart of chip segmentation and feature extraction.  
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2.2.2. Automatic control 
To synchronize the muck data acquisition with the TBM tunnelling, 

an automatic control system is designed and developed. The core 
component of the control system is a power control module, which can 
toggle the power status (active and inactive) of the scanner and camera. 
The control logic can be briefly described as follows. To continuously 
monitor the conveyor belt speed and the muck mass flow, the tachom
eter wheel, and the belt scale are always powered on, even in the TBM 
downtimes period. The conveyor belt speed and the mass flow are sent to 
the power control module in real-time to determine the mucking status. 
When the conveyor belt speed is higher than the speed threshold (0.5 m/ 
s) and the mass flow is greater than the flow threshold (20 t/h), it means 
that there is muck transporting on the conveyor belt. Then, the power 
control module turn-on the power of the scanner and camera and make 
the system work normally. As the conveyor belt speed drops to 0 m/s, 
the power control module turns off the power and re-powers them again 
as the muck is detected. To continuously obtain TBM data and enable 
remote access, the industrial computer in the TBM control room is in a 
working state at all times. 

2.3. The data analysis system 

2.3.1. Database management 
To store, retrieve, and manage different types of data, MongDB, 

which is an open-source document-oriented database and supports 
multiple data types, is used as a relational database management system 
(RDBMS). For this system, the RDBMS consisted of three primary data 
sources: engineering geological investigation data, TBM operating data, 
and muck data. 

Engineering geological investigation data give a brief description of 
the geological condition along the tunnel alignment, e.g., lithologies, 
rock strength, faults, and groundwater conditions. This information can 
help the constructors to have a rough understanding of the rock mass 
conditions of the tunnel ahead. For the geological data of the excavated 
section, it can also be added to the database for further analysis. 

TBM operating data is obtained through the communication 

interface of the PLC provided by the TBM equipment manufacturer. 
These data provide us with information about tunnelling mileage, TBM 
tunnelling posture, control parameters and performance parameters, 
etc., and are necessary for the interaction analysis between rock masses 
and TBM. Of which, the main parameters include thrust, torque, pene
tration, and RPM, etc. 

The muck data includes the original data collected by the data 
acquisition system, as well as the rock chip characteristic data after 
image processing. Each group of images takes continuously 20–30 s. The 
particle size distribution of the muck is calculated for each group. Both 
mass and volume flow are recorded at 1 Hz and accumulated by time or 
mileage interval. 

Besides, some parameters related to the system control, such as 
image acquisition duration, flow, and speed thresholds, are also stored 
in the database. These parameters can be modified according to the 
requirements of the project. 

2.3.2. Image processing 
The purpose of image processing is to extract valuable information 

about the interaction between rock masses and TBM from the muck 
images. This information can be represented by the features of the rock 
chips, including size, distribution, and shape, etc. To obtain these pa
rameters, the most critical issue is to use image segmentation algorithms 
to detect the rock chips of images. However, the segmentation of muck 
images is extremely difficult for the following reasons. First, affected by 
the different rock mass conditions, the composition of the muck is very 
complicated. Usually, a muck image contains power, water, chips, and 
even mud in some particular cases. Thus, the algorithm has to be robust 
enough to handle various types of images. Secondly, rock chips vary 
widely in shape and size. The size distribution of rock chips generally 
ranges from 0.5 mm to 200 mm. This segmentation task with hugely 
different object sizes requires an algorithm that can extract both the 
local and global features of the image and make a reasonable pixel 
classification. Finally, the biggest challenge is to separate overlapping 
rock chips caused by stacking. The under-segmentation of overlapped 
rock chips contributes to the overestimate of the particle size. 

Fig. 5. The structure of the duple U-net model for image segmentation.  
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(1) Image segmentation 

Benefited from the success of Convolutional Neural Networks(CNNs) 
in image segmentation and classification tasks, CNNs have become a 
powerful tool for solving the muck image segmentation. Among them, 
U-Net is one of the most promising deep learning frameworks for se
mantic image segmentation tasks. It is an end-to-end symmetric struc
ture for pixel-wise segmentation, and includes two paths of down- 
sampling and up-sampling. It is proposed to solve the segmentation of 
neuron membrane images and achieves state-of-the-art performance. 
Since the aim of classic U-Net is to predict the class of pixel, it generally 
performs well in non-overlapping images. For images with severe 
overlap, the overlapped chips will be recognized as one. To separate 
overlapping rock chips, in the system, a duple U-Net network is pro
posed to predict the boundaries and regions of muck simultaneously, 
and combine morphological operations to achieve the final 
segmentation. 

The overall process of image processing is presented in Fig. 4, 
including off-line stages and on-line stages. In the off-line stage, by using 

the collected muck images, the goal is to train a robust model for pre
dicting regions and boundaries of chips. In the on-line stage, the trained 
model is used to deduce the regions and boundaries of the muck images 
captured in real-time, and the morphological operation is used to fuse 
the two parts to obtain the final segmentation result. Besides, after 
segmenting all the rock chips, the size features are extracted, and their 
size distribution is calculated. 

In the off-line stage, some works were done to train the model, 

Fig. 6. Segmentation results of different types of muck images by duple U-net neural networks.  

Table 1 
The extraction features of rock chips.  

Feature Description 

long axis length of minimum bounding rectangle 
short axis width of minimum bounding rectangle 
major axis major axis of equivalent ellipse 
minor axis minor axis of equivalent ellipse 
area area of chips 
perimeter perimeter of chips 
ratio the ratio of short axis to long axis  

Q. Gong et al.                                                                                                                                                                                                                                    
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including image acquisition, chip labeling, and cropping, etc. Firstly, the 
system was installed in an in-situ TBM to track the tunnel excavation, 
and collected rich muck images under different rock mass conditions 
and boring parameters. After image acquisition, the representative im
ages are selected to generate a dataset. To make sure that the trained 
model has better generalization ability, the chosen images should cover 
as many different geological conditions and boring parameters as 
possible, and allow at least 10 rock chips clearly-identifiable. Then, the 
clearly-identifiable rock chips in the chosen images, are manually 
labeled to create the ground truth data for evaluating predictions. The 
labeled images will be used to generate two kinds of binary mask, cor
responding to the boundaries and regions of the rock chips, respectively. 
Before training, as the size of ram images is 2048 × 2048 pixels with a 

pixel size of 0.387 mm, all the full-size images and masks are cropped to 
512 × 512 sub-images to meet the need of GPU memory. Then, the sub- 
images and their corresponding masks are fed to the duple U-net to 
conduct model training with the back-propagation algorithm. To refine 
the segmentation, both the boundaries and regions will be fused by 
morphological operations to get the final segmentation. 

In the on-line stage, the real-time images are fed to the trained model 
to deduce the regions and boundaries of chips. Compared to the training 
process that requires a lot of time and resources, the real-time deduction 
can be much more efficient, during which a full-size image can be 
finished in 1–2 s using a single GPU. Owing to the full convolutional 
network (FCN) structure, the real-time full-size images can be directly 
fed to networks to obtain full-size regions and boundaries without 
cropping and merging under conditions of sufficient GPU memory. After 
that, the traditional morphology operators are applied to fuse the two 
masks. More specifically, the opening and closing operations are used to 
smooth the regions and eliminate noises, and the flood-fill algorithm is 
used to fill the holes in the regions. Last, to distinguish overlapped chips, 
the binary region mask is used to subtract the binary boundary mask. By 
detecting all the isolated regions, the main rock chips in the images can 
be are recognized. 

The detailed structure of the dual U-Net network is shown in Fig. 5, 
which illustrates each operation from input to output. To take advantage 
of the similarity of the boundary and region in feature extraction, and 
improve the segmentation efficiency, the prediction of boundary and 
region are integrated into a unified network. It is an FCN that contains 
two branches of the encoder (down-sampling) and decoder (up-sam
pling). The role of the encoder is to extract the high-level features of the 
input image by multiple down-sampling blocks, whereas the decoder is 
to transform the high-level features into the full-resolution feature map 
for pixel-wise prediction. The encoder path includes four down- 
sampling blocks, with the ability to automatically extract the impor
tant features from images and integrate them into lower-resolution 
feature maps with multiple channels. Each block is embedded with 

Fig. 7. Different size features of rock chips.  

Fig. 8. The software architecture of the system.  
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two convolutional layers activated by the Relu function (where f(x) =
max(0,x)) and a max-pooling layer with a size of 2 × 2. After each down- 
sampling block operation, the resolution of feature maps will be halved, 
and the number of channels will be doubled. Eventually, for an input 
image with 512 × 512 pixels, the encoder path will generate a feature 
map at a size of 32 × 32 with 1024 channels. For the decoder path, the 
predictions of boundary and region are two independent decoding 
processes with the same structure (it inherits the U-Net decoding part). 
For each decoder, it is symmetric to the encoder and also includes four 
up-sampling blocks. Compared with the down-sampling blocks, in the 
up-sampling blocks, the pooling layer is replaced by the deconvolution 
layer to restore the image resolution. In addition, the convolution 
operation also gradually reduces the number of channels of the feature 
maps to obtain the representation of the segmentation task. Corre
spondingly, after each up-sampling block operation, the resolution of 
feature maps will be doubled, while the number of channels will be 
halved. In the encoding process, the resolution of the feature maps is 
gradually reduced under the pooling operation, resulting in the loss of 
the spatial information, which is essential for finely pixels-wise predic
tion. To introduce the lost spatial information into the decoding process, 
for each up-sampling block, the feature map of the last layer of the 
previous up-sampling block is concatenated with the same-size inter
mediate map in the down-sampling block to form a combined map. 
Thus, the output feature map of each up-sampling block uses both the 
low-level features from the down-sampling and the high-level features 
from the up-sampling. This feature fusion runs through the entire 
decoding process, so that the U-Net structure obtains a more accurate 
segmentation compared with the basic FCN network. At the end of both 
decoders, the feature map is converted into a single-channel classifica
tion result through a convolution operation activated by the sigmoid 
function (where f(x) = 1/(1 + e-x)). The value represents the probability 
(between 0 and 1) that the pixel belongs to the foreground (region or 
boundary). By comparing with the probability threshold (set to 0.5), two 
masks representing the category of each pixel can be obtained. 

During the training process, 100 images of 2048 × 2048 pixels are 
labeled and cropped into 1100 valid training images of 512 × 512 pixels. 
Each image has a corresponding ground truth annotation, describing the 
inner region and boundary of the rock chips. Some of them are used for 
training, and others are used as the test set to examine the performance 
of the model. In practice, network training is a process of optimizing 
parameters to minimize the difference between the outputs and the 
desired values. Based on the training data, the parameters of the 
network are iteratively adjusted with the back-propagation algorithm, 
and the network can automatically learn the mapping relationship be
tween the image and the output masks. For an unseen image, the 
network can automatically deduce its region and boundary. It is worth 
noting that the network can only obtain the chip boundaries and regions 
of an input image, and the final segmentation results need to fuse these 
two parts. 

Fig. 6(a)–(d) show the segmentation results of four typical muck 
images based on the proposed model. In the figure, (a) represents the 
muck containing a lot of muddy and water. Under the contrast of water, 
the rock chips can be easy to identify, and the segmentation result is 
satisfactory. As shown in Fig. 6(b), the muck mainly composed of large 
pieces of rock chips, which generally produced in the fractured rock 
mass. It is a big challenge to detect large and small objects at the same 
time, but the segmentation results show that the model has an excellent 
performance in handling this problem. Fig. 6(c)–(d) are the common 
types of muck under general rock mass conditions, corresponding to 
different boring parameters. For image (c), a large amount of rock 
powder produced during the rock breaking process covers many rock 
chips, so only the surface chips can be detected by the image analysis 
method. For particularly small chips, because its pixel volume is too few 
to provide enough information, the model recognizes it as a background. 
The image (d) contains a small amount of water and rock powder, and 
the rock chips are uniform in size. For this type of muck, accurate seg
mentation results can be achieved by our model. Because the model has 
different detection accuracy for small-sized chips in different kinds of 

Fig. 9. The main interface of the system.  
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muck, 10 mm is set as the minimum size threshold to ensure that the 
segmentation results are valid within the size range.  

(2) Extraction of the rock chips feature and size distribution 

Many studies have focused on the size and shape of the rock chips, 
which are most significantly affected by rock mass conditions and TBM 
operating parameters. The OpenCV, which is a computer vision library 
for image processing, is used to extract the contours and calculate the 
size features of the rock chips. The main features are shown in Table 1. 
The length and width of the minimum bounding rectangle, called as the 
short axis and long axis respectively, are used to represent the size of the 
rock chip, and the ratio of the short axis to the long axis is to describe the 
shape of the rock chip, as shown in Fig. 7(a). To obtain the volume-based 
size distribution, each particle is assumed to be an ellipsoid and mapped 
from 2D to 3D, as shown in Fig. 7(b). The volume can be calculated as 4π 
(ab2)/3, where a and b are the major and minor axis of the equivalent 
ellipse, respectively. Moreover, the area and the perimeter are also 
calculated. In the system, the particle size distribution is characterized 
by the short axis. For the intact rock mass, the short axis of most rock 
chips will not exceed the disc cutter spacing, but it has a more widely 
distributed for jointed rock masses. Thus, using the short axis as the 
characteristic size can support to distinguish the rock mass conditions. 

2.4. The software system 

To manage the real-time analysis of high volume streaming data, an 
efficient software needs to be developed. Moreover, the software also 
has to provide users with functions like information visualization, data 
query, user management, etc. Considering these requirements, software 
architecture is shown in Fig. 8. The front-end and back-end of the soft
ware are developed using JavaScript and Java, respectively. Image 

analysis is the most time-consuming part of the software system. To 
improve efficiency, the image analysis algorithm is written in C++

programming language that has better efficiency than Java, based on the 
deep learning frameworks Tensorflow 1.13, and built as a Dynamic Link 
Library (DLL) for back-end programs to call. The system interface is web- 
based so that users can use a browser to access the system from any 
connected devices without installing any software or tools. To provide 
real-time visual information, the user interface should be convenient 
and easy-to-use for the operators. 

Fig. 9 shows the screenshot of the main interface of the system. It 
mainly displays real-time monitoring information from three aspects: 
TBM operating parameters, mass and volume flow and muck images. 
The real-time values and time curve of the vital TBM parameters, e.g., 
thrust, torque and penetration, are shown in the left of the figure, and 
are used to help the operator observe the changing trend of these pa
rameters. In the upper right corner of the figure, the mass and volume 
flow curves within one minute (the user can reset it according to the 
situation) are shown in blue and red, respectively, to monitor the 
mucking status of TBM tunnelling. When the tunnel face collapses, the 
mass and volume curve will be much higher than the normal level. 
However, due to tunnelling, the flow curves are not stable but have 
significant vibration, so the stability of the tunnel face cannot be 

Fig. 10. Indoor commissioning of the system.  

Table 2 
Verification of measurement errors of the accumulated mass and volume.  

No Actual 
weight 
(kg) 

Actual 
volume 
(m3) 

Measured 
weight 
(kg) 

Measured 
volume 
(m3) 

Weight 
error 
(%) 

Volume 
error (%) 

1 296.4  0.1766  294.1  0.1834 − 0.78%  3.83% 
2 288.1  0.1716  284.3  0.1655 − 1.32%  − 3.55% 
3 294.4  0.1755  297.6  0.1776 1.09%  1.20% 
4 283  0.1685  288.2  0.1737 1.84%  3.09% 
5 310.2  0.1849  309.05  0.1825 − 0.37%  − 1.28%  Fig. 11. The open-type TBM used in tunnel construction.  
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determined based on short-term data. To further visualize the change in 
muck amount, for each stroke, the curves of the accumulated mass and 
accumulated volume verse the displacement of the propulsion cylinder 
are shown in the lower right corner of the figure. For an intact rock mass, 
assuming a small change in the rock mass density, the stepwise cumu
lative curve should be an inclined straight line. If the monitored curve 
has a “hump”, it may indicate that the tunnel face has collapsed. In the 
middle right of the figure, the real-time muck images are played in turn. 
Although these images will be processed into quantitative size distri
bution information, some morphological features, e.g., water and mud, 
can help operators to judge rock mass conditions more accurately. 

Fig. 12. The cutter arrangement of the cutterhead and geological profile of the research tunnel section.  

Table 3 
Technical characteristics of TBM.  

Technical parameter Design value 

Cutterhead diameter (mm) 7030 
Maximum cutterhead power (kW) 8 × 350 = 2800 
Minimum horizontal turning radius (m) 500 
Thrust (kN) 19635@250 bar 

27488kN@350 bar 
Cutterhead torque (kN.m) 5664 (@4.72 rpm) 

2970 (@9.0 rpm) 
Numbers of disc cutters 49 
Total TBM weight (tons) Approx.1400  

Fig. 13. The system installed in site.  
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3. System commissioning 

In purpose to verify the system design and the accuracy of mea
surements, an indoor experimental platform was established to simulate 
the mucking process of TBM tunnelling, as shown in Fig. 10. The rock 
chips were replaced by rock debris with an average diameter of 1 cm. 
This material has a relatively uniform size and shape, so the loose vol
ume can be accurately estimated by dividing its mass by loose density. 
With multiple measurements, the loose density of the debris is 1678 kg/ 
m3. After that, the belt scale was calibrated following the manufacturer 
recommendations before testing. In the simulated environment, the 
measurement errors of the mass flow and volume flow of the system 
were verified, and the imaging effect of the camera was also tested. The 
total mass of the debris used in each test was about 300 kg, and the five 
test results are given in Table 2. The test results show that the mass and 
volume measurement errors of the system are within ±2% and ±4%, 
respectively. 

4. Engineering application of the system 

4.1. Project overview 

This system is installed and applied to a TBM tunnelling project in 
China. The total length of the tunnel section is about 29.027 km, and the 
designed longitudinal slope is less 1/2000. Among them, the length of 
the TBM excavation section is 23.624 km, and is constructed by a full- 
face hard rock TBM manufactured by China Railway Engineering 
Equipment Group Co., Ltd, as shown in Fig. 11. The cutterhead has a 
diameter of 7.03 m, and is equipped with 49 disc cutters, including 8 17- 
in. central cutters, 29 19-in. normal cutters, and 12 19-in. side cutters. 
The cutter arrangement of the cutterhead is as shown in Fig. 12(a). The 
design specifications of the TBM are shown in Table 3. 

The geological profile of the research section is shown in Fig. 12(b). 
It is worth explaining that the information presented was obtained from 
the geological investigation stage. Still, the actual rock mass conditions 
revealed after the excavation may differ from those in the geological 
investigation stage. 

4.2. In site installation 

The mucking system of the TBM consists of three section conveyor 
belts, namely the host conveyor belt, the back-up conveyor belt, and the 
continuous conveyor belt. The host conveyor belt comes out from the 

cutterhead, and extends to the end of the main beam, and transports the 
muck to the back-up conveyor belt. Then, the back-up conveyor belt 
carries the muck to the end of TBM and drops it to the continuous 
conveyor belt, which is long and extends to the outside the tunnel. 
Because the length of the host conveyor belt is short, the impact force of 
the muck falling from the mucking hole may cause a significant change 
in the tension of the belt, which will affect the accuracy of weighing. 
Besides, the host conveyor belt is located under the working platform, so 
there is not enough space to install the acquisition system. Although the 
continuous conveyor belt avoids the above mentioned disadvantages of 
the host belt, the installed system cannot follow the movement of the 
TBM, resulting in longer and longer monitoring information delays. The 
back-up conveyor belt has enough installation space and a relatively 
stable belt tension force, so it is the most suitable one for installing the 
acquisition devices. Fig. 13 presents photos of the subsystem installed in- 
site. The installation position is about 150 m from the tunnel face. As the 
muck is transferred from tunnel face to the acquisition system, there is 
an information delay of about 40 s. During this period, the geological 
conditions can be considered no change so that the delay can be ignored. 
The industrial computer is located in the TBM control room, allowing 
the operator to obtain the feedback from the system directly. 

4.3. Monitoring of muck mass flow and volume flow 

Fig. 14(a) shows the curves of the muck mass and volume flow 
monitored by the system in the stable tunnelling state. It can be seen 
from the figure that both the mass and volume flow curves have 
apparent oscillations, indicating that the muck amount on the belt is 
continuously changing. Compared with the mass flow, the amplitudes of 
change in volume flow are larger. The possible reason is that the volume 
flow is affected by the random accumulation of rock chips on the belt. 
Fig. 14(b) shows the cumulative mass and volume changed with the 
displacement of the propulsion cylinder. Although the flow curve is 
oscillating, the changes in cumulative mass and volume are linear with 
the displacement of the propulsion cylinder. It means that no collapse of 
the tunnel face occurs during this stroke, which is consistent with the 
actual surrounding rock mass conditions observed after the excavation. 

The displacement increment of the propulsion cylinder during the 
excavation is 1800 mm, and it can also be considered as the excavation 
length. The cumulative mass and volume monitored by the system are 
200.93 t and 104.85 m3, respectively. As the rock mass is stable, ac
cording to the tunnel diameter and excavation length, the theoretical 
excavation volume is calculated to be 69.85 m3. Further, the density of 

Fig. 14. The monitoring results of mass and volume.  
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the rock mass can be estimated to be about 2870 kg/m3, and the loose 
coefficient of the muck is about 1.50. Compared with the actual rock 
mass density (2700 kg/m3), the measured rock mass density of the 
system is slightly larger, which may be attributed to two reasons. On the 
one hand, due to the long-term operation and daily maintenance, e.g., 
belt vulcanizing and belt correction, the belt tension has changed. 
Hence, the belt scale and scanner should be recalibrated frequently in 
daily use. On the other hand, during the tunnelling process, the cutter 
head continuously jets water to lower the temperature of the cutter and 
remove dust. The weight of this water is also accumulated into the mass 
of the muck. Combining these two factors, the measured value of the 
muck mass will deviate from the actual value. 

Apart from these above mentioned factors during construction, there 
are still many uncertain parameters in calculating the theoretical mass 
and volume (without overbreak), e.g., the rock mass density and the 
loose coefficient(Mooney et al., 2012). Due to the lack of reference, the 
monitored mass and volume values cannot be directly used to judge the 
overbreak of the tunnel. However, this does not mean that mass and 
volume monitoring is meaningless. Actually, in a small section of the 
rock mass, these uncertain parameters change so little that they can be 

Fig. 15. Tunnel wall photographs and muck images for two rock mass conditions.  

Fig 16. The distribution of chips obtained by image analysis.  
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considered as a constant. To estimate them, the back-analysis method 
can be used for the excavated data. Specifically, after excavation, the 
overbreak state of the surrounding rock mass can be determined by 
observation in the support area. Thus, according to the monitored mass 
and volume of the muck and the actual excavation volume of the rock 
mass, their rock mass density and loosening coefficient can be calcu
lated. For the unexcavated rock mass, the theoretical mass and theo
retical volume can be estimated from the parameters of the adjacent 
excavated section. Because it needs to tolerate a narrow range of pa
rameters changes, this method may not be used to monitor small over
break. However, for TBM construction, the large collapses in the tunnel 
face and surrounding rock masses are the primary concern of TBM 
tunnel construction. Apart from this, the changes in mass flow and 
volume flow can also help to estimate the rock mass stability. During the 
tunnelling process, as the tunnel face collapses, the instantaneous flow 
of muck and volume will increase significantly. These specific re
lationships need to be explored further from more engineering data. 

4.4. Image analysis of muck 

Image analysis of muck is carried out in a section of granite forma
tion about 45 m in length, with the chainage ranged from 114 + 600 to 
114 + 555. After excavation, the tunnel wall reveals that there are two 
classes of rock mass in this section. In the section of 114 + 600 ~ 575, 
the rock mass is composed of slightly weathered granite. A main joint set 
is found in the rock mass. The joint spacing is about 200–400 mm. The 
surrounding rock mass has good stability, as shown in Fig. 15 a (i). In the 
section of 114 + 575 ~ 555, the rock mass is pervasively jointed and 
weathered. Three sets of joints are observed, and the joint spacings are 
50–100 mm, 100–200 mm, 200–400 mm respectively. Some joints are 
filled with clay minerals or marked with iron staining. Some collapse 
cavities can be found at the top and left of the tunnel wall, as shown in 
Fig. 15 a (ii). 

The particle size distribution obtained by image analysis is shown in 
Fig. 16. At chainage 114 + 575, the size distribution has changed 

significantly, which is consistent with the change of the rock mass class. 
For the relatively intact rock mass, the cumulative percent passing at the 
same sieve size is much higher than that of the fractured rock mass, 
indicating that the overall size is smaller, as shown in Fig. 15 b (ii) . 
Because there are fewer joints in the rock mass, the rock chips are mainly 
formed by the lateral cracks produced by the adjacent disc cutters. 
Hence, the size of the chip is small, and a lot of rock powder is generated 
with the rock breaking. However, as it is tough to segment small chips, 
the proportion of debris (<10 mm) is not reflected in the image pro
cessing results. For the fractured rock mass, the overall particle size is 
larger. One of the significant differences is that the proportion of >125 
mm is about 16%, but it is 0 for the relatively intact rock mass. It in
dicates that the muck contains many large block chips, which can be 
seen from the image in Fig. 15 b (ii). For the jointed rock masses, the 
joint planes divide the rock mass into blocks. The crack caused by the 
cutter penetration propagates to the joint planes and forms the chips. 
Therefore, these chips are mainly block-shaped with large size. 

On the base of the above analysis, it is concluded that the image 
analysis results obtained by the system can directly reflect the changes in 
the rock mass conditions. Hence, it can provide valuable information for 
assisting TBM tunnelling. However, this paper only qualitatively 
analyzed the correlation between the particle size distribution of the 
muck and the rock mass to verify the application value of the system. To 
realize the rock mass prediction ahead of the tunnel face and assist TBM 
optimum tunnelling, more engineering rock mass data and the corre
sponding muck data are needed. Besides, since the TBM operating pa
rameters also affect the shape and size of the muck, the correlation also 
needs to be considered in future studies. 

4.5. Limitations 

Despite the developed system demonstrating satisfactory perfor
mance in muck analysis, it still has some limitations in some situations, 
especially for the muck with mud or a large amount of powder. For these 
types of muck, due to the surface covered with fines, water or mud, most 
chips are not available to be captured completely by the image acqui
sition system as shown in Fig. 17. As a result, the image segmentation 
performs poorly for evaluating the size distribution of rock chips as it 
can only detect part of a chip. Hence, the current image segmentation 
strategy cannot handle these problems well. However, these types of 
muck should be paid more attention due to their relations with faults or 
highly weathered rock masses. Fortunately, these types of muck have 
distinctive image characteristics, such as high brightness, gloss, or 
powdery texture. Some new methods can be introduced to distinguish 
them from others, such as pattern recognition or image classification. 
These technologies focus on the overall analysis of images rather than 
the pixel-level features and show better robustness in processing the 
overall analysis of images. This work requires a dataset of various types 
of images, and will be carried out in future. 

5. Conclusion 

The muck provides rich information for the rock mass prediction 
ahead of the tunnel face and evaluation of the rock-breaking efficiency. 
A muck analysis system for assistant intelligence TBM tunnelling has 
been proposed and developed. The system consists of a data acquisition 
system, communication and control system, data analysis system and 
software system. It can simultaneously collect the real-time image, mass 
flow and volume flow of the muck. The system applied the image pro
cessing algorithm with a dual U-net network structure based on deep 
learning to efficiently process image segmentation and feature extrac
tion. The measurement accuracy is verified by a series of experiments in 
the simulation test platform. Then, it is applied to a practical TBM 
tunnelling project. The application results indicate that the size distri
bution of the muck, obtained by the image analysis in the system, can 
well reflect the changes of the rock mass conditions. The monitored mass 

Fig. 17. Examples of muck images with mud or a lot of fines.  
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and volume of the muck also are in accord with the theoretical calcu
lations. The system achieved its design requirements and functions, and 
can provide muck analysis data for further assistant intelligent TBM 
tunnelling. 
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