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ARTICLE INFO ABSTRACT

Keywords: Due to the shortage and high price of river sand, the use of sea sand as a fine aggregate for
Sea sand concrete is gradually being considered. Seashells are fragile and have an undesirable effect on the
Seashell

compressive strength of concrete. However, the exact effect of seashells is still unclear and quality
control of concrete is not possible since there are no effective methods for seashell character-
ization. In this study, we investigated the feasibility of segmenting photos of sea sand and
analyzing seashells by using three typical machine learning methods, i.e., PointRend, DeepLab v3
+ , and Weka. A new imaging method was proposed to avoid overlapping sea sand particles and
preserve the smallest particles with sufficient resolution. A total of 960 photos were captured, and
2199 seashells were labeled, of which 80% and 20% were used for model training and validation,
respectively. As a result, PointRend could efficiently recognize seashells with different shapes,
sizes, and surface textures. It also had the highest Intersection over Union (IOU) and pixel ac-
curacy (PA) scores due to the well-defined boundaries of the seashells, followed by DeepLab v3 +
and Weka. From the segmentation results, the size of the seashells showed a left-skewed distri-
bution with a mean diameter of 0.747 mm, which was smaller than the size of the sea sand. There
was also considerable variation in the irregularity and roundness of the seashells. As the size of
the seashells increased, their shapes became more irregular. The automated analysis of the sea-
shells can provide further insights into the effect of shells on the properties of concrete.

Machine learning
Computer vision
Segmentation

1. Introduction

Concrete production consumes large amounts of fresh water and river sand [1]. However, over-extraction of riverbed sand causes
various problems such as loss of soil water retention capacity, sliding of river banks, lowering the water table, and destruction of river
and lake ecosystems [2]. On the other hand, resources of sea sand are abundant. Therefore, the use of sea sand as a fine aggregate in
concrete manufacturing is gradually being considered, especially in coastal regions [3,4].

Since sea sand is widely distributed, its physical and chemical properties vary significantly from place to place [5]. The incor-
poration of ions and impurities significantly changes the mechanical properties and durability of sea sand concrete [6-8]. X-ray
diffraction (XRD) results show that the mineral compositions of sea sand and river sand are similar [9]. However, the compressive
strength of sea sand concrete is lower than that of normal concrete due to the high content of fragile seashells and organic matter
[10-12]. Therefore, thorough quality control is required when using sea sand in concrete. The identification and characterization of
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seashells in sea sands is a critical task. However, techniques such as loss on ignition (LOI), hydrochloric acid washing, and XRD can
only roughly estimate total amount of seashells. A reliable and simple method for the quantitative identification of shells in sea sand
has not yet been established. There are methods of counting particles from photographs, but they are very tedious and time-consuming
to identify individual shell particles.

Conventional techniques such as edge detection, clustering, and thresholding are difficult to distinguish seashells from sea sand due
to their similar features. Recent developments in machine learning and computer vision have made significant achievements in visual
recognition [13]. Semantic segmentation algorithms based on deep learning have significantly improved the precision and processing
speed of image segmentation. Such techniques have been widely used in various fields such as autonomous driving [14,15], medical
imaging [16,17], face recognition [18,19] and geographic information systems [20]. Among them, convolutional neural networks
(CNNs) were emphasized due to their overwhelming superiority in accuracy and efficiency. Researchers in the field of civil engineering
have also noticed the advantages of deep learning. CNNs have been used to detect civil infrastructure defects such as cracks, spalling,
and exposure of steel reinforcements [21,22]. Cha et al. introduced the application of CNN in crack identification [23]. Jang et al.
proposed a deep learning-based autonomous concrete crack detection technique using hybrid images [24]. Park et al. applied YOLO in
the crack localization in their paper [25]. Moreover, CNNs were also be applied on the analysis of concrete materials. A CNN model was
proposed for predicting creep modulus of cement paste based on microstructure of concrete [26]. A new pathway was provided to
extract representative features from back-scattered electron (BSE) images of ordinary Portland cement (OPC) and graphene oxi-
de-silica reinforced OPC by using CNN [27]. Qian et al. classified concrete samples based on BSE images of concrete and CNN [28].
CNN was also used to conduct concrete segmentation analysis [29,30] and further to measure air voids in concrete without the use of
color treatment [31].

Given the fruitful results obtained by employing deep learning in many fields, the work proposed in this paper aims to facilitate
deep learning techniques to segment and quantify shells in sea sand. First, the sea sand was divided into three size ranges and pho-
tographed with a camera designed to be at an appropriate distance from the samples. Second, one machine learning algorithm (Weka
segmentation) and two deep learning algorithms (PointRend and DeepLab v3 +) were adopted to segment the shells. Then, the
performance of these segmentations was evaluated using Intersection over Union (IOU), pixel accuracy (PA), and average precision
(AP) based on both training and test sets. Furthermore, the percentage of shells calculated based on image analysis was compared to
the percentage of weight measured by the experimental LOI method. Finally, the size distribution and shape of the shells was
calculated based on the shell masks.

2. Methodology

As shown in Section 2.1, we photographed the sea sand, labeled the shells, and constructed a database for training and testing. In
Section 2.2, we describe the configuration of the three algorithms adopted and the process of training the models. Section 2.3 describes
the method of measuring the weight percentage of the shells using LOI, and Section 2.4 describes the method of calculating the particle
size distribution of the shells.

2.1. Image acquisition and dataset construction

Sea sands come in a wide range of particle sizes. To ensure that small sand and seashell particles have similar resolution and clarity
as larger sand particles, sand samples were divided into three groups by sieving (0.6-1.25 mm, 1.25-2.5 mm, and 2.5-5.0 mm). The
sands over 5 mm were excluded due to negligible weight percentages (less than 1.3% of the overall sample). The names SS (small
sand), MS (middle sand), and LS (large sand) were used to indicate these three sample categories.

The sand particles were evenly adhered with black plaster during the shooting to avoid overlaying (Fig. 1). Meanwhile, the black
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Fig. 1. Example for photo taking and cropping.
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plaster serves as a high contrast background against the bright sand and shells. The photos of the sand particles were captured with a
Canon@ 80D camera and an EF 100 mm f/2.8 L IS USM lens. This camera has a 6000 x 4000-pixel complementary metal-oxide-
semiconductor sensor (CMOS). During the shooting, the distance between the camera and the sand sample was adjusted so that the
width of the CMOS was 30 times the maximum sand size for each group. As a result, the pixel resolutions of the three sand groups were
6.25 um/pixel, 12.5 pm/pixel, and 25 um/pixel, respectively, confirming the similar distribution on the photographs even though the
sand sizes were different.

A total of 960 pictures were taken, of which 320 belonged to each group. They were mixed in a ratio of 4:1 and randomly selected to
form the training and test sets. After collection, each image was manually labeled by LableMe, as shown in Fig. 2. The regions of the
shells were annotated one after another from the background. Here regions of interest are also called instances, and the organization of
the dataset is shown in Table 1.

2.2. Configuration of network and algorithms

Distinguishing regions of seashells from sea sand particles and background can be considered a segmentation task in computer
vision. In this study, three algorithms (PointRend [32], DeepLab v3 + [33], and Trainable Weka Segmentation [34]) were used.

The PointRend method is a deep learning module for image segmentation tasks that treats segmentation as an image rendering
problem. This method achieves good segmentation performance on image test benchmarks. Furthermore, it is an end-to-end network
that can automatically extract features without relying on manual features. The PointRend network is composed of the following main
components:

Feature extractor: PointRend uses ResNet50 as the feature extraction part, extracting multi-scale feature maps from the input
image. Then, a feature pyramid network (FPN) is used to fuse the feature maps of different scales into a unified 14 x 14 feature map,
which serves as the input for subsequent processing.

ROI extraction: PointRend adopts the idea from Faster R-CNN, using an FPN network to generate ROIs (Region of Interest). For each
generated ROI, PointRend predicts four heads: a class classifier for predicting the object category of the ROI, a box predictor for
generating a bounding box around the object, a coarse mask classifier for generating an initial mask from the ROI’s features, and a
mask point classifier for generating points with the highest uncertainty in the mask, which will be recalculated to generate a more
refined mask.

Mask rendering: PointRend uses a rendering strategy that divides the mask predictor into a coarse mask predictor and a mask point
predictor. The coarse mask predictor generates an initial mask, and then the mask point classifier re-calculates the points with the
highest uncertainty in the mask to refine the mask. This process results in a more detailed and accurate mask.

These components work together to enable PointRend to perform efficient end-to-end feature extraction, ROI extraction, and mask
rendering in image segmentation tasks, leading to outstanding segmentation performance.(Fig. 3).

The DeepLab configuration is a variant of the FCN network [35] that performs well in semantic segmentation. One of the challenges
of FCNs is that image details are lost while traversing through the convolutional and pooling layers of the network, resulting in fuzzy
object boundaries. DeepLab v3 + uses an improved Atrous Spatial Pyramid Pooling (ASPP) module for image semantic segmentation
to identify more explicit object boundaries [36]. The ASPP module applies convolutional operations by employing parallel Atrous
convolutions at various rates to capture multi-scale contextual information. The results of DeepLab v3 are refined by the effective
decoder module of DeepLab v3 + [33], which gradually recovers spatial information to capture sharper object boundaries. Fig. 4
shows the model structure used in this paper.

Trainable Weka Segmentation (TWS) is a machine learning tool for feature-based segmentation (Fig. 5). TWS converts the seg-
mentation problem into a pixel level classification problem. First, input pixels were manually labeled into three classes (shell, sand,

Fig. 2. Example for labelling of seashells in the image.
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Table 1
Organization of dataset.
Training set Validation set Total
Number of images 768 192 960
Number of shells labeled 1773 426 2199
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Fig. 4. Configuration of the DeepLabV3 for seashell segmentation.
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Fig. 5. TWS pipeline for seashell segmentation.

Fig. 6. Comparison of the segmentation results generated by (b) PointRend, (c) DeepLab V3, and (d) TWS to (a) the original image. (The reader is
referred to the web version of this article for color in this figure.).
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and background) and applied as a training collection for the classifier. In this study, “Gaussian blur,” “Sobel,” “Gaussian Difference,”
“Hessian,” “variance,” “entropy,” and “membrane detectors” were selected as training features to reduce noise in the image, indicate
object boundaries and corners, recognize object texture, and localize membranous structures. Detailed descriptions of the filters can be
found in the literature [34,37]. Then, a fast random forest (RF) algorithm [38] was applied as a classifier based on the training set. The
RF method is a simple, flexible, and efficient machine learning method that uses a subset of randomly selected training variables to
generate multiple decision trees [39]. After training the RF classifier, the images of the test group were segmented into classified
images. The detailed network configuration of the three modules can be found in the relevant literature [32-34].

2.3. LOI test for seashell weight percentage measurements

The LOI test was conducted to estimate the weight percentage of the seashells. The sieved sea sand samples were placed in crucibles
and dried at 105 °C for 24 h. After recording the dry mass, the sea sand samples were placed in an electric furnace and ignited at
1000 °C for 4 h. The samples were then weighed on an analytical balance with a precision of 0.01 g. The mass difference between the
105 °C drying and 1000 °C ignition was used as the mass of the seashells.

2.4. Particle size calculation

To the best of the authors’ knowledge, no other methods have been implemented to separate the seashells and measure their size
distribution. Moreover, it is very time-consuming for a person to count seashells. Therefore, based on the segmentation results, we
proposed a method to solve this problem. After training, the best algorithm was chosen based on validation results. Then, the output
was a binary prediction result, with 0 being the background and 1 being the shell. Finally, a minimum circumscribed circle was applied
to each shell mask. The diameter of the minimum circumscribed circle was adopted as the size of the seashell.

3. Results and discussion
3.1. Network results

For the deep learning algorithms PointRend and DeepLab v3 + , the code was implemented in Pytorch, and training was performed
on a single GPU (RTX2080). Both the PointRend and DeepLab used the ResNet50 as the backbone. As a widely accepted method to
improve accuracy, the initial parameters of PointRend and DeepLab were loaded from a pre-trained model on the COCO dataset. To
ensure sufficient optimization, training was completed in up to 20,000 iterations. After 20,000 steps, decreasing rate of the loss was
negligible, thus it was believed the model converged. We employed a stochastic gradient descent optimizer with a batch size of 8 with a
momentum y; = 0.9. To ensure the stability of the training and to get a good model performance, the initial learning rate was set to
0.01, and then gradually reduced to 0.0001 as the training progressed. After convergence, the model was evaluated using images from
all datasets with a subdivision step of 5.

Fig. 6 shows an example of the three methods to segment seashells from the sea sand and background. As can be seen in Fig. 6a,
there are three seashells. The first shell at the top center is rod-like, while the second shell on the right side of the image is larger in size
and shows a rough surface texture. The third shell in the center has a visible inner side and lots of dust attached to it. From Fig. 6b, we
can see that PointRend has segmented the three shells quite accurately. The boundaries of the shells are also clearly and sharply
defined. Difficult samples, such as semi-transparent quartz sand and blurry phase transitions, are not misrecognized. From Fig. 6¢, we
can see that the three shells are well recognized by the DeepLab v3 + model. Also, there is no misrecognition of sea sand particles.
However, the object boundaries are fuzzy, and the masked areas are larger than the shells. In Fig. 6d, red represents the seashells, green
represents the sea sand, and purple represents the background. In the TWS method, the background is well segmented, but many areas
belonging to the sand particles are misrecognized as seashells. This is because the sea sand and shell regions share similar features at
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Fig. 7. Definition of IOU.
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the pixel level.

To evaluate the prediction performance of the applied methods, we first used PA and IOU as evaluation metrics, which is popular
used in the field of computer vision as the metric to evaluate the model performance. The PA is a straightforward concept representing
the ratio of the number of correctly classified pixels of a shell to the total number of pixels assigned to the shell in the baseline image.
The IOU is also a commonly used evaluation metric to measure the accuracy of an object detector for a particular dataset. Compared
with PA, IOU is stricter to indicate the difference of models. As defined in Eq. 1, when the predicted bounding box overlaps signifi-
cantly with the ground-truth bounding box, the IOU will have a higher score than less overlap.

TP

oU=— "+ 1
V=P +FP+EN) M

where the true positive (TP) denotes the number of pixels correctly classified as shells. False positive (FP) denotes the number of pixels
labeled as shells in the non-shell classes. False negative (FN) denotes the number of pixels where shells are incorrectly classified as
background or sand pixels. Fig. 7 shows the definition of an IOU.

Table 2 shows the results of PA and IOU. The IOUs for the entire images and SS (small sand), MS (medium sand), and LS (large sand)
groups are shown in Table 2. All IOU scores of the PointRend method are above 85. Moreover, the IOU score increased with increasing
the size of the shells. This is probably because that although the distance between the camera and the samples is reduced proportionally
during photographing small-sized sea sands, the quality of the images is reduced, and detailed information, such as the texture and
pattern of the sand and the shells is inevitably lost. DeepLab v3 + is one of the most popular and generic algorithms in the field of
segmentation. However, its overall IOU score is about 60.75, which is 27.13 lower than the IOU score of PointRend. In the SS group,
the difference between these two methods is 28.51. In addition, the PA of DeepLab v3 + is 1.7 points lower than that of PointRend.
However, as shown in Fig. 6, both the PointRend and DeepLab v3 + method detected the three shells well, indicating that the
boundary quality of the PointRend method is crucial for a superior IOU result. Finally, the pixel-based segmentation method of TWS
obtained the worst performance. As shown in Fig. 6d, segmentation using TWS could not sufficiently discriminate between sea sand
and seashells. This is because they are similar in brightness, texture, and color, resulting in misinterpretation. Moreover, since TWS is a
pixel-based method, it cannot segment grain boundaries clearly, but the other two models are able to do so.

To analyze the accuracy of the PointRend method, we applied a more detailed metric, the AP. The AP is calculated using the
precision and recall (P-R) curve. Here, the precision represents the accuracy of prediction (Eq. 2), which is the percentage of correct
predictions, and the recall represents how well the method can find all the positives (Eq. 3). The AP curve can be plotted in the
following steps. First, all the predicted masks whose IOUs are higher than the image threshold are listed in order of their confidence
level. Next, the precision and recall are calculated based on Egs. 2 and 3 while gradually increasing the number of masks from the top
of the list. Finally, a P-R curve can be plotted with precision against the recall. An example of a P-R curve is shown in Fig. 8, where the
AP is defined as the area under the P-R curve. Typically, the precision decreases as the recall value increases. If the network is able to
produce relatively high precision at a high recall value, the AP will be high. Thus, the AP is a criterion to evaluate the overall per-
formance of a network.(Table 3)

TP

Precision = TP+ FP 2)
TP
Recall = ———— 3)
TP + FN

In this study, AP means the average AP of over ten thresholds from 0.5 to 0.95, with an interval of 0.05. AP50 means a threshold of
0.5, which is a common level in the PASCAL VOC dataset. AP75 means a threshold of 0.75, which is a stricter criterion because more
prediction instances are removed. APs, APm, and API represent the AP values for small (<32 x 32), medium (>32 x 32, <96 x 96),
and large (>96 x 96) regions, respectively. The results are shown in Table 4.

The scores for AP, AP50, and AP75 were 83.96, 94.90, and 94.62, respectively, which can be considered quite good results for
segmentation tasks. The values of APm and API are also satisfactory. On the contrary, APs show a low value of less than 80. First, small
areas have little information, such as texture, color, and brightness. Thus, the network may recognize small sand particles as seashells
due to little information. Moreover, labeling based on visual judgment is difficult for small shells. Errors in labeling can mislead the
training process of the network. This increases the FP during prediction.

3.2. LOI and PointRend results

The weight percentage of the seashells was measured by LOI, and the area proportion calculated from the segmentation results is

Table 2

Segmentation accuracy of the three methods.
Metric 10U 10U on SS 10U on MS 10U on LS PA
PointRend 87.88 86.50 87.17 91.21 99.29
DeepLab V3 + 60.75 57.99 61.98 63.90 97.57
TWS 23.55 17.71 29.38 29.88 91.92
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Fig. 8. The example of the P-R curve.
Table 3
Example of data for the P-R curve.
Recall 0.14 0.28 0.52 0.57 0.71 0.90
Precision 1.00 1.00 0.80 0.60 0.42 0.38
Confidence 1.00 0.98 0.95 0.94 0.92 0.91
10U 0.87 0.76 0.78 0.91 0.74 0.88
Threshold 0.5 0.5 0.5 0.5 0.5 0.5
Table 4
AP result of PointRend on whole dataset.
Metric AP AP50 AP75 APs APm AP
PointRend 89.36 94.90 94.62 77.52 87.96 93.69

shown in Table 5. It can be seen that the content of shells increased with increasing the size of sand. It is worth noting that the two
indices present different information and are difficult to compare directly. First, impurities other than seashells will also be calculated
by the LOI method. Second, since the sea sand and seashells are irregularly shaped, images captured in 2D cannot be easily converted
into volumetric information. Finally, natural materials, such as sea sand and especially seashells, have large variations in density,
making accurate measurements difficult.

3.3. Particle analysis of seashells

The particle size distribution of the seashells is measured from the segmentation results. A well-trained model is used to generate a
mask corresponding to each seashell. The size of the shells is defined as the diameter of the minimum circumscribed circle of the mask.
Fig. 9 shows a plot of the distribution of seashells in 1 kg of the measured sea sand. A similar number of images were used to calculate
the size distribution of shells in each sea sand group. However, since the image area of the group with smaller sand particles is smaller,
and the sea sand layer on the adhesive plaster is thinner, the total weight of the sea sand measured in each group is not proportional to
the actual ratio in the bulk sea sand. Therefore, the cumulative distribution of shells in 1 kg of sea sand is calculated by the following
method.

Qe =3 a0l @
i=1

where Qilkgis the total amount of shells smaller than the size ofx;, and AQilkg =Q'k () — Qlke (x;-1)is the increased number of shells in
the size range of Ax;. The sea sand sample was divided into three groups: SS, MS, and LS.

A9/ = Y AQ ©)

r=SSMS,LS

where AQil_'r‘gis the number of shells in each group of samples in the size range of Ax;. AQifg can be calculated by the following equation:

1k,
Ang — AQ:e:rmr i

Lr b test
n,

(6)

where AQ}%"is the number of shells calculated directly from the images, mi8is the mass of sea sand in each group in 1 kg of sea sand,
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Table 5
Comparison between mass proportion and area proportion.
Group Initial mass (g) Dry mass (g) Mass loss (g) Mass of shell (g) Mass proportion of LOI (%) Area proportion (%)
LS 1000 985.96 30.44 69.18 6.92 5.66
MS 1000 991.42 18.62 42.32 4.23 2.02
SS 1000 993.7 13.88 31.55 3.15 1.82
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Fig. 9. Particle size distribution of the seashells.

and m!*'is the mass of sea sand used for image capturing. Finally, the frequency distribution g(x) is the differential of the accumulative
frequency dQ(x)/dx.

As shown in Fig. 9, most seashell particles are smaller than 1 mm. As a result, the size of the seashells was smaller than that of the
bulk sea sand, with a mean diameter of 0.747 mm and a modal diameter of 0.52 mm, showing a left-skewed distribution.

Two parameters, irregularity I = d; max/dc minand roundness C = \/4zA /P2 were calculated from the segmented results to analyze
the shape of the seashells, in whichd; jnx,dc min,A, and Pare the diameter of the maximum inscribed circle, the diameter of the minimum
circumscribed circle, the area, and perimeter of the shells, respectively. Irregularity and roundness vary between 0 and 1, where 1 is a
perfect circle. Fig. 10 shows that these two parameters present significant variations attributed to shellfish diversity and environmental
impacts. Linear regression results show that irregularity and roundness tended to decrease with increasing the size of the seashell
particles. This can be attributed to the fact that relatively intact shells have smaller dimensions in the thickness direction than the
direction parallel to the surface of the shell. When the shells are crushed into small fragments, the thickness remains unchanged, but
the surface area is reduced. Weathering also smoothens the sharp edges of the shells.

Given the above, artificially selected shells cannot usually represent them in nature due to their wider range of sizes, irregular
shapes, and different types. Therefore, in studies on the effects of sea sand and shells on the properties of concrete, the shells need to be
precisely characterized to avoid misleading results.

4. Conclusions

Without a comprehensive understanding of the characteristics of seashells, it is difficult to quantify their impact on concrete. To the
best of the authors’ knowledge, this is the first time to automatically recognize and analyze shells in sea sand using a machine learning
algorithm based on computer vision. We compared the performance of three deep learning algorithms, PointRend, DeepLab v3 + , and
Weka, in segmenting seashells from sea sand photos. The sea sand photos were taken with a digital camera to train the deep learning
models and analyze the seashells. In order to avoid overlapping sea sand particles, we proposed a new image capturing method. The
sea sand samples were divided into three sizes to guarantee sufficient resolution, even for small particles. The results demonstrated that
shells of different shapes, sizes, and surface textures could be recognized and that the boundaries could be clearly defined by the
PointRend algorithm. Therefore, the PointRend algorithm demonstrated the highest accuracy among the three algorithms in terms of
10U, PA, and AP. The particle size distribution of the seashells was calculated from the segmentation results. The size of the shells
showed a left-skewed distribution with a mean diameter of 0.747 mm, which was smaller than the size of bulk sea sand. The irreg-
ularity and roundness of the shells were also analyzed. These two parameters showed significant variations, with the larger shells
having more irregularity. This study demonstrates that deep learning is a powerful tool for analyzing sea sand with high accuracy and
efficiency and without human intervention. This novel shell characterization method will contribute to further understanding of the
impact of sea sand on the properties of concrete.

Declaration of Competing Interest

The authors declare that they have no known competing financial interests or personal relationships that could have appeared to
influence the work reported in this paper.



T. Liu et al. Case Studies in Construction Materials 18 (2023) 02121

()

Irregularity

(b)

Roundness

0.2 A1

Diameter (mm)

Fig. 10. (a) irregularity and (b) roundness of seashells against particle size.
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