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Abstract. Coal, as a versatile natural resource fueling various indus-
tries, necessitates accurate identification of its maceral components for
mining and geological applications. However, automated segmentation
of coal macerals remains challenging due to the grayscale similarity be-
tween maceral components like liptinite and the background in coal pho-
tomicrographs. This study proposes SCAR-UNet, a novel improved net-
work architecture designed specifically for maceral image segmentation.
Our approach integrates channel attention, spatial attention, and a novel
loss function with the Residual UNet (Res-UNet) architecture, enabling
enhanced feature extraction and model performance. Evaluated on a
labeled Coal Maceral image dataset comprising 908 annotated images
containing vitrinite, inertinite, and liptinite macerals. The widely used
Intersection over Union (IoU) and Pixel Accuracy (PA) metrics were uti-
lized for assessing segmentation performance. The proposed SCAR-UNet
outperformed state-of-the-art segmentation algorithms.

Keywords: Coal Maceral Segmentation - Residual UNet - Attention
Mechanism- Loss Function - Deep Learning.

1 Introduction

As one of the most plentiful fossil fuels on the planet, coal occupies a prominent
place in the worldwide energy landscape [I]. Per the guidelines established by
the International Committee for Coal and Organic Petrology (ICCP) [2] and the
ASTM D2797-13 standard [3] stipulated by the American Society for Testing and
Materials (ASTM), three principal categories can be identified within the mineral
components of coal: these are (1) Vitrinite, (2) Inertinite, and (3) Liptinite.

Despite advancements, the conventional methodology for coal rock compo-
nent analysis continues to depend heavily on labor-intensive manual visual in-
spection techniques [4]. This method is not only devoid of automation but also
prone to individual biases [5].
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Channel attention enhances network performance by emphasizing important
features within channels. By assigning different weights to different channels, it
significantly improves the representational power of features [12].

Fig. 1. Channel Attention for Enhanced Feature Representation.

Fig. [[] illustrates the utilization of average pooling and max pooling opera-
tions to extract spatial information from feature maps Fg, 4 and Fg,,,. These two
descriptors are then fed into a shared multi-layer perceptron network, generating
a channel attention map M¢ 2 R€*1*1, The network consists of a hidden layer
with a size of RC=™*1X1 aiming to reduce the number of parameters, where r
represents the dimension reduction ratio [13].
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Fig. 2. Spatial Attention for Enhanced Image Segmentation.

Spatial attention enhances the spatial resolution capability of the model by
highlighting key regions in the image. It identifies and weights important lo-
cations in the image to focus the model’s feature processing on specific areas,
especially in complex backgrounds or noisy contexts, where this mechanism sig-
nificantly impacts image segmentation [14]. To obtain spatial attention, average
pooling and max pooling operations are first performed along the channel di-
mension to integrate feature descriptors. Based on the fused descriptors, a con-
volutional layer is applied to generate the spatial attention map, Mg 2 RC*1x1,
allowing the network to adjust the intensity of specific spatial regions. We employ
two pooling operations to integrate the channel information of the feature maps,
resulting in two two-dimensional maps: F3,q 2 RXHXW and FS . 2 RXHXW,
Further details and the effectiveness of this model in image segmentation appli-
cations in complex environments will be explained in Fig. 2}

3 Methodology

This study is dedicated to addressing the challenges of segmenting coal rock
microscopic images, which often exhibit high complexity and heterogeneous dis-
tribution. To this end, an advanced deep learning model, SCAR-UNet, has been
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developed, and a novel loss function has been introduced to tackle these chal-
lenges. By conducting a comprehensive analysis of microscopic image features,
this model aims to significantly enhance the accuracy and stability of the image
segmentation process.

3.1 Architecture of SCAR-UNet

Selecting and designing an effective network architecture capable of addressing
the complexities of image segmentation and data imbalance is crucial for achiev-
ing precise image analysis. Addressing the detailed classification and segmenta-
tion issues of coal rock microscopic images, this paper introduces the innovative
network model, SCAR-UNet. This model integrates spatial attention mecha-
nisms, channel attention, and the powerful features of residual networks, aiming
to enhance the precision and efficiency of microscopic image analysis.

To provide a detailed description of the working mechanism of SCAR-UNet
and its application in microscopic image segmentation, we will now present its
schematic diagram, as shown in Fig. [3|

Input Output

Optimized Backpropagation
BDL Loss Function Lgp,

Lgop = @ = (Upiee) " + (1= @) * Lgcg

SCA Module

ResNet Max_pooling Upsamping Comv(IX1) _ _ _ Skip ® Matrix
Block (by 2) (by2) Sigmoid Concatenation Multiplication

Fig. 3. The architecture of SCAR-UNet with novel loss LgpL-

As can be seen from Fig. [3] the SCAR units employ skip connections, which
facilitate selective filtration and transmission of features at various network lev-
els. The SCAR module amalgamates residual units with spatial and channel
attention mechanisms, thereby intensifying the model’s concentration on promi-
nent features. The incorporation of residual units guarantees that signal propaga-
tion remains unimpaired even with the escalation in network depth, safeguarding
information throughout multiple network layers. Concurrently, the spatial and
channel attention mechanisms adjust the spatial weights of feature maps and ac-
centuate critical channel features respectively. By integrating residual units with
channel and spatial attention units, the SCAR-UNet network demonstrates su-
perior efficiency and precision when handling images embedded with complex
textures and abundant detail information.

3.2 Innovative Hybrid Loss Function BDL

In the field of image segmentation, the loss function is a critical metric for eval-
uating model performance. To achieve precise segmentation of coal and rock
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micrographs, we propose a novel loss function, BDL, which integrates an im-
proved version of the Dice loss and the binary cross-entropy loss. BDL enhances
the model’s ability to recognize details, balances segmentation performance, and
comprehensively improves image segmentation outcomes. The formula is as fol-

fows: LepL = Lpje +(1 ) Lece (1)
In this formula, is a weight parameter. Higher values of enhance the model’s
ability to capture edge details [19], while lower values improve the accuracy of
pixel classification [18]. Notably, through cross-validation on the training dataset,
we ultimately set  to 0.5 to ensure the model’s optimal performance in segment-
ing complex and imbalanced coal rock microscopic images.

The original Dice loss function (Lpice) is based on the Dice coefficient. Its
purpose is to maximize the overlap between the predicted segmentation area and
the actual segmentation area, making it particularly suitable for handling class
imbalances [I6]. The Dice loss function ingeﬁned as follows:

2 U pigi +

LDice:1
Npi+ Mo+

(2)
Where p; is the predicted probability for each pixel i , @i is its true label (0 or
1), N refers to the total number of pixels in the image, and is a small constant
used to prevent the denominator from becoming zero.

Although the original Dice loss function performs well in image segmenta-
tion tasks, it may not be sufficiently sensitive for some specific scenarios, such as
detecting small objects or achieving precise segmentation of edges [17]. There-
fore, we introduced a power factor . The expression for the improved Dice loss
function is as follows:

bice = (LDice )l_ (3)

By finely tuning the hyperparameter to % through ten-fold cross-validation

on the training set, we optimized the sensitivity of the improved Dice loss func-
tion. This adjustment enhances the model’s ability to detect and segment com-
plex regions in image data. The increased penalty weights for challenging areas
guide the model in recognizing difficult regions, providing a flexible error penalty
mechanism. This design mitigates the impact of class imbalances in coal rock
microscopic images, improving the model’s robustness and segmentation accu-
racy.

In Equation (3), Lgce denotes the Binary Cross Entropy (BCE) loss func-
tion. It measures the discrepancy between predicted probabilities and target
labels, compelling the model to make accurate classification decisions for each
pixel [I5]. Its mathematical formula is defined as follows:

1 X
Legce = N i log(y1)+ (1 i) log(1 )] (4)
i=1
Where N is the total number of samples, y;j is the true label of the ith sample.
In binary classification problems, y; takes the value of 0 or 1. ¥ represents the
predicted probability of the ith sample. When the true label yj is 1, the term
Vi log (Y1) is active. When y;j is 0, the term (1 y;j) log(1 ) is active.
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Table 1. Ablation Experiment: Comparison of the Prediction Results for Three Cat-

egories of Coal Maceral Images.

Metrics / Models RES- RES- SAR- CAR- SCAR- SCAR-
UNet  UNet+BDL UNet UNet UNet  UNet+BDL
Vitrinite ~ 0.972 0.975 0.978 0.982 0.989 0.986
PA Inertinite  0.969 0.980 0.978 0.982 0.981 0.985
Liptinite  0.980 0.982 0.981 0.983 0.991 0.992
Vitrinite ~ 0.918 0.945 0.940 0.967 0.976 0.970
IoU Inertinite  0.791 0.803 0.823 0.829 0.830 0.836
Liptinite  0.882 0.909 0.910 0.921 0.922 0.928
Vitrinite ~ 0.920 0.945 0.940 0.960 0.965 0.970
Recall Inertinite  0.790 0.810 0.830 0.840 0.840 0.845
Liptinite ~ 0.880 0.905 0.910 0.920 0.920 0.925
Vitrinite ~ 0.957 0.972 0.969 0.983 0.988 0.985
Dice Inertinite  0.883 0.890 0.902 0.908 0.909 0.910
Liptinite ~ 0.937 0.952 0.953 0.959 0.960 0.962

models for this purpose: U-Net, AG-UNet with attention gates, Res-UNet with
residual connections, and DeepLab-V3+ (DL-V3+).

Fig. 7. Comparison of Segmentation Results Among Four Models: U-Net, AG-UNet,
Res-UNet, DL-V3+ and SCAR-UNet.

These models were used to perform semantic segmentation predictions on the
test set. To thoroughly evaluate the segmentation performance of the models,
we continued to use PA, IoU, Recall, and Dice as the core evaluation metrics.
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The comparative results are presented in Table [2] where the best results are
highlighted in bold. The segmentation outcomes of the four models on coal rock
micro-images can be visualized in Fig. [7]

From Fig.[7] it can be seen that the segmentation results obtained by SCAR-
UNet are closest to the ground truth images. Compared to the SCAR-UNet
model, the DeepLab-V3+ and AG-UNet model’s segmentation results lack some
fine details and occasionally fail to fully recognize certain features. In contrast,
the U-Net model’s predictions often contain more errors, such as predicting extra
coal rock components or missing some areas.

Table 2. SCAR-UNet Model Compared with Four Classic Models.

Metrics / Models U-Net AG-UNet Res-UNet  DL-V3+ SCAR-
UNet(ours)
Vitrinite 0.964 0.974 0.972 0.967 0.989
PA Inertinite 0.953 0.970 0.969 0.961 0.981
Liptinite 0.987 0.988 0.990 0.989 0.991
Vitrinite 0.917 0.928 0.918 0.920 0.976
IoU Inertinite ~ 0.796 0.786 0.791 0.798 0.830
Liptinite 0.872 0.901 0.882 0.890 0.922
Vitrinite 0.921 0.932 0.920 0.923 0.965
Recall  Inertinite  0.792 0.788 0.790 0.801 0.840
Liptinite 0.879 0.905 0.880 0.891 0.920
Vitrinite 0.925 0.938 0.957 0.927 0.988
Dice Inertinite  0.798 0.790 0.883 0.805 0.909
Liptinite 0.881 0.906 0.937 0.895 0.960

From Table[2] we can observe that among the five models, SCAR-UNet model
exhibited the highest PA, IoU, Recall, and Dice scores across all three coal rock
categories. Specifically, for Vitrinite/Inertinite/Liptinite, SCAR-UNet showed
improvements over Res-UNet by 1.7%/1.2%/0.1% in PA, 5.8%/3.9%/4% in ToU,
4.5%/5%/4% in Recall, and 3.1%/2.6%/1.3% in Dice respectively. Compared to
DeepLab-V3+, SCAR-UNet demonstrated enhancements of 2.2%/2%/0.2% in
PA, 5.6%/3.2%/3.2% in 10U, 3.2%/3.9%/2.9% in Recall, and 6.1%,/10.4%/6.5%
in Dice. These results indicate that the SCAR-UNet model possesses outstanding
performance in handling complex coal rock micro-image segmentation tasks.
This exceptional performance can be attributed to the integration of spatial
and channel attention mechanisms within the model structure. Additionally, the
results obtained from our calibrated dataset with DeepLab-V3+ were superior
to those reported in the referenced paper [22], with PA /ToU scores for Vitrinite
of 0.94/0.87, Inertinite of 0.79/0.71, and Liptinite of 0.95/0.83. This also proves
the reliability and accuracy of the dataset calibrated in this study.
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5 Conclusion

Segmenting and analyzing coal rock components in microscopic images play a
crucial role in characterizing coal properties and optimizing the coal utilization
process. However, existing methods often face difficulties in accurately depicting
complex structural details and handling the variability of coal rock images. To
address these challenges, this paper proposes a novel deep learning approach for
coal rock image segmentation based on an improved attention residual U-Net
(SCAR-UNet) architecture. Specifically, we have incorporated channel attention
and spatial attention into the Res-UNet, mechanisms that help the model more
accurately focus on key features within the images, thereby improving segmen-
tation accuracy. Additionally, we designed a new loss function, BDL, which is a
weighted combination of binary cross-entropy loss and mean intersection-over-
union loss. Compared to other state-of-the-art semantic segmentation models,
our approach achieves higher pixel accuracy (PA) reaching 98.8%, and mean
intersection-over-union (IoU) reaching 91.6%, significantly outperforming exist-
ing technologies.

Although the proposed method has already shown promising results, further
research could focus on integrating advanced attention mechanisms or exploring
multi-task learning frameworks to achieve simultaneous segmentation of multi-
ple categories and classification of coal rock components. Moreover, integrating
domain-specific knowledge or leveraging weak supervision techniques could en-
hance model performance and reduce dependence on large amounts of labeled
data.
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