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Abstract 
The nature of rock fragmentation affects the downstream mining processes 
like loading, hauling, and crushing the blasted rock. Therefore, it is important 
to evaluate rock fragmentation after blasting for choosing or designing opti-
mal strategies for these processes. However, current techniques of rock frag-
mentation analysis such as sieving, image-based analysis, empirical methods 
or artificial intelligence-based methods entail different practical challenges, 
for example, excessive processing time, higher costs, applicability issues in un-
derground environments, user-biasness, accuracy issues, etc. A classification 
model has been developed by utilizing image analysis techniques to overcome 
these challenges. The model was tested on about 7500 videos of load-haul-
dump (LHD) buckets with blasted material from Malmberget iron ore mine 
in Sweden. A Kernel-based support vector machine (SVM) method was uti-
lized to extract frames comprising loaded LHD buckets. Then, the blasted rock 
in the buckets was classified into five distinct categories using the bagging k-
nearest neighbor (KNN) technique. The results showed 99.8% and 89.8% ac-
curacy for kernel-based SVM and bagging KNN classifiers, respectively. The 
developed framework is efficient in terms of the operation time, cost and prac-
ticability for different mines and variate amounts of rock masses. 
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1. Introduction 

Fragmenting in-situ rock mass into smaller pieces is a fundamental process in 
mining, facilitating faster loading and transportation of smaller fragments to 
downstream operations compared to larger boulders [1]. Drilling and blasting are 
often preferred for rock excavation due to their efficiency in handling large vol-
umes of hard rock [2]. This process involves using explosives to fragment rock 
masses, and its success depends on factors like explosive type, drilling parameters, 
and rock mass characteristics [3]. Effective blasting reduces downstream costs re-
lated to loading, hauling, and crushing, making it essential to evaluate blast out-
comes systematically [4]. Rock fragmentation, which measures the size distribu-
tion of blasted rock, plays a crucial role in optimizing the mining process and 
minimizing overall costs [5] [6]. 

Fragmentation impacts production rates and equipment performance, influ-
encing loading, transport, and crushing costs [7] [8]. Studies have explored frag-
mentation’s role in maximizing mineral extraction, improving drilling tool selec-
tion, optimizing blasting strategies, and refining mill operations [9]-[11]. Thus, 
reliable fragmentation prediction is critical for blast optimization [12] [13]. 

Fragmentation assessment methods include direct approaches like sieving anal-
ysis and indirect methods such as empirical, observational, and image-based tech-
niques [2] [12]-[17]. While sieving analysis is accurate, it is time-intensive and 
impractical for routine use [7]. Observational methods, reliant on manual classi-
fication, are prone to bias and limited accuracy [13]. Empirical models, such as 
Swebrec and Rosin-Rammler, predict size distributions from experimental data 
[18]. Image-based techniques, favored for their efficiency, analyze fragmentation 
using software like SPLIT and WipFrag [8]. However, 2D imaging systems domi-
nate most prior research, despite their limitations compared to emerging 3D im-
aging and laser scanning methods [19]-[21]. 

Recent advancements in machine learning (ML) have enhanced image-based 
fragmentation analysis. ML algorithms, used for pattern recognition, enable tasks 
like mineral grain classification and rock texture analysis [22]. For instance, Maitre 
et al. (2019) achieved 90% accuracy in sand grain recognition using ML [23]. Sim-
ilarly, Tessier (2007) and Perez (2011) developed models to predict rock proper-
ties and ore grades, respectively, leveraging machine vision [24] [25]. Yaghoobi et 
al. (2019) introduced a neural network-based classification algorithm for frag-
mentation assessment, though its accuracy was limited to 67% due to a focus on 
textural features [26]. 

Despite the potential of empirical, observational, and image-based techniques, 
they are potential to face challenges. Sieving is laborious and unsuitable for large-
scale muck piles [8]. Observational methods suffer from subjectivity, and image-
based techniques encounter errors like particle delineation and sampling bias [1] 
[7]. Most ML models emphasize textural features, neglecting morphological char-
acteristics essential for fragmentation assessment [3] [6]. 

In this study, a new ML-based classification method was developed to evaluate 
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rock fragmentation in a sublevel caving (SLC) mine. Using images of loaded LHD 
buckets, fragments were categorized into five classes, from fine material to boul-
ders. Data were collected over a year to minimize sampling bias and improve re-
liability. This method focuses on extracting morphological features, addressing 
limitations in previous studies. By analyzing surface fragments visible in images 
and identifying boulders distinctly, the model offers an efficient and accurate so-
lution for fragmentation assessment in SLC mining operations. 

2. Methodology 

This research involves a comprehensive literature review, data collection and model 
development. Figure 1 shows a schematic diagram of the research methodology. 

 

 
Figure 1. Research methodology. 

2.1. Data Collection 

Malmberget iron ore mine owned and operated by LKAB is in Gällivare munici-
pality, 120 km to the South from Kiirunavaara in northern Sweden [27]. It consists 
of 20 ore bodies, which spread over a large underground area of 2.5 by 5 km [28]. 
Input data for this research were collected from one of the orebodies in the mine 
at a production level of 1052 m. To record the whole loading operation from two 
productions drifts o4930 and o4960; two cameras with a frame rate of 30 fps were 
installed at the entrance of each drift. The cameras were configured to record a 
short video whenever there was a movement in the recording area to get the re-
quired images for the fragmentation assessment. To record high quality videos for 
further processing, the cameras were assisted with proper lighting conditions. 
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However, dust in an underground environment always tends to reduce the quality 
of the recording; it did not affect the analysis by applying noise removing filters 
on the images as a pre-processing step. The headlights of the LHD machines 
sometimes caused problems and distortion of the frame pixels. Hence the cameras 
and mounted lights were aligned to reduce the undesired light effects. This re-
cording procedure lasted for more than a year, which resulted in videos of more 
than 10,000 LHD buckets filled with blasted ore. 

2.2. Frame Extraction 

In the frame extraction step, the maximum possible number of frames were ex-
tracted from the videos. Each video produced around 600 - 1200 frames depend-
ing on the length of the video. Since motion detector cameras were utilized to 
record videos, the extracted frames showed distinct images. Empty frames (e.g., 
Figure 2(a)), indicate that the LHD vehicle had not passed yet, or in some cases, 
it was the LHD front lights that triggered the sensor. In addition, some frames 
include vehicles other than LHDs (e.g., staff vehicles, service vehicles, etc. Figure 
2(b) and Figure 2(c)). Empty LHD buckets could also be seen in some frames 
(e.g., Figure 2(d)). Some frames are extracted while the other parts of LHD except 
the loaded bucket is in front of the camera which is not required for analysis (e.g., 
Figure 2(e) and Figure 2(f)). Among all the frames in Figure 2, the only ones on 
which the analytics methods could be applied are Figure 2(g) and Figure 2(h). 
Therefore, refining the extracted frames and keeping those with the fully loaded 
LHD buckets was necessary. In this case, the first classifier has been developed, 
which categorizes the full bucket LHD from other frames. One of the major 
differences in this research compared to the study conducted by S. Manzoor (et 
al.) is that all the steps in this research is done automatically using the codes 
implemented using Python and Matlab [29]. While in the study done by S. Man-
zoor (et al.) the required frames are separated from the others manually which is 
a bottleneck. Manually classification of the frames to be required and not required  

 

 
Figure 2. Different Types of Image Frames Extracted from Recorded videos. [(a) Empty, (b) and (c) Vehicles other than LHDs, (d) 
Empty LHD buckets, (e) and (f) other parts of LHD except the loaded bucket, (g) and (h) loaded bucket of LHD] (Images are 
published on [29]). 
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groups is more expensive and time consuming since a human need to be paid to 
classify the frames, and it takes longer time to be finalized than classifying them 
automatically on the computer. In the following, the first high classifier to extract 
the required frames is explained in more details. 

2.3. Training Data Preparation for First Classification 

The training data for the first classifier was prepared with visual observations. The 
extracted frames from different videos were manually evaluated and separated 
into “Class A” and “Class B”. Class A consists of the frames with images of loaded 
buckets, while Class B covers the rest of the frames. It was important to include 
all sorts of frames with distinct types of information in the training data to accom-
modate the variation in data and achieve higher accuracy. 

2.4. Training Data Preparation for Second Classification 

To prepare the training data for the second step of model development, Split-
Desktop was used to evaluate fragmentation from the extracted images of the LHD 
buckets. The system uses digital images to measure the rock fragment size distri-
bution. It was used to analyze the extracted frames with LHD buckets containing 
rock pieces and follow the procedure described by Bobo [30]. The first step in-
volves setting up the scale for each image to reference the fragment size calcula-
tions. Fragments in the image are automatically delineated in the second step. In 
the third step, this automatic delineation of the fragments is later manually edited 
to improve the accuracy of the results. The fourth step calculates the fragment size 
distribution from the image. The results can be displayed with different graphing 
and display options in the last step. In this study, the fragment size distribution 
was based on median size (50×) i.e., the mesh size at which at least 50% of the 
material would pass through it. 

2.5. Feature Extraction 

Feature extraction is the key step in image analysis using computer vision. It 
highly affects the accuracy of image classification. In this stage, the main goal is to 
extract a set of informative features concerning the desired properties of input 
data. Therefore, a feature extractor reduces the number of variables required to 
describe a large set of data. Bag-of-visual-features (BoVF) is a current feature ex-
traction method that uses the same path as the bag-of-words method in text pro-
cessing by considering image features as words [31]-[34]. In this method, a histo-
gram of a visual vocabulary was formed from local visual features. In the first step, 
feature descriptors were identified by feature sampling from input images and 
later created a visual vocabulary. In the next step, the extracted feature descriptors 
were grouped into some mutually exclusive clusters using the k-means clustering 
algorithm. Using k-means, each descriptor was assigned to the cluster with the 
nearest mean as a cluster prototype [35]. 

In this case, each cluster means a visual codeword. The frequency of the 
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assigned code words for each image shows the feature vector. Figure 3 represents 
the mentioned steps of the feature extraction method. This research used the 
Speeded Up Robust Features (SURF) detector to select the informative scale-
invariant features [36]. This method is inspired by the scale-invariant feature 
transform (SIFT) descriptor, but it is several times faster and more robust against 
image transformations than SIFT. SURF is a feature extraction algorithm com-
monly used in computer vision and image processing tasks. The SURF algorithm 
is based on the concept of interest points, which are distinctive locations in an 
image that can be robustly detected and described. These interest points are usually 
located at corners, blobs, or regions with significant texture variations. The main 
steps involved in the SURF algorithm are scale-space extrema detection, key point 
localization, orientation assignment, descriptor computation, and feature matching.  

 

 
Figure 3. Bag of words feature extraction method. 
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SURF uses the determinant of Hessian blob to detect interest points. In addition, 
the region of interest is identified based on the sum of the Haar wavelet response. 
Overall, SURF is a popular feature extraction algorithm that offers a good balance 
between speed and accuracy, making it suitable for various computer vision ap-
plications. 

2.6. First Image Classification 

As mentioned earlier, Class A consisted of the frames that had images of loaded 
buckets, i.e., buckets containing rock material. All the other frames, which had 
images with another information rather than loaded buckets, were classified as 
“Class B”. Frames extracted from the videos recorded while an LHD with an 
empty bucket passed through the camera or the videos recorded because of other 
moving objects/vehicles are examples from Class B. Existing noisy videos might 
affect the classification accuracy. Noise effects were eliminated by extracting up to 
three frames from each video in this classification step. The reason of choosing up 
to three frames is that in the next step, the class of each video is specified by ap-
plying majority vote technique. Since it is not desired that the voting leads to an 
equal result, the number of selected frames must be odd. In addition, as the num-
ber of selected frame’s increases, the number of size classification of frame’s in-
creases too. Hence, for a large number of frames, the size classification step would 
be time consuming. In order to avoid the complexity, the smallest, odd number 
greater than 1 is selected, and that number is three. If there was any frame belong-
ing to Class “A” for each video, only up to three with the highest quality were 
saved for further analysis. This increased the probability of selecting the least noisy 
frames if the noise occurred while the loaded bucket of LHD was passing in front 
of the camera. Furthermore, since noises increase the complexity of the fragment 
size analysis, the achieved results from these three frames have been combined to 
provide a higher classification accuracy. Combining results from three frames to 
accomplish the last fragmentation class was also fruitful for noise-free videos. In 
this case, if there was more than one class for a certain video, the most relevant 
class could be assigned using the voting method. For example, in Figure 2, Figure 
2(c) and Figure 2(d) belong to “Class A” while the rest belongs to “Class B”. If all 
the extracted frames were used for fragmentation classification, it would result in 
a complicated scenario, producing inefficient results. This stage was performed to 
discard those extracted frames that do not possess any relevant information on 
the fragmentation classification. In this study, the first stage classification pro-
duces the data required for fragmentation classification, and the irrelevant data is 
discarded. 

2.7. Second Image Classification 

In the second stage of classification data from class, “A” was subdivided into five 
classes entitled “Class 1”, “Class 2”, “Class 3”, “Class 4” and “Class 5” depending 
on 50× of the loaded material in the bucket. 
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Class 1 contains the images with median particle size (50×) of rock material less 
than 50 mm. It means that the material shown in the image has at least 50% ma-
terial with size less than 50 mm. Class 2 contains images with 50×, which ranges 
in 50 - 150 mm. Class 3 contains images with 50×, which ranges in 150 - 400 mm. 
Class 4 contains images with 50×, which ranges in 400 - 1000 mm, and Class 5 
contains images with 50× > 1000 mm. Based on the mentioned sizes, this classifi-
cation has been utilized by Danielsson et al. [22]. 

In this step, each of the extracted frames from a video is classified separately 
into one of the five classes. Then, the last class based on the median particle size 
was assigned to the related video using the result of the majority vote on the classes 
assigned to the three frames. Figure 4 shows how the majority vote method is 
applied in this study. For Video 1, all three frames are classified as Class 1; Con-
sequently, Class 1 should be assigned to the related video. For Video 2, two of the 
frames are identified as Class 5, while one of them is from Class 4. In this case, the 
video is considered Class 5 based on the majority vote. 

 

 
Figure 4. The fragmentation class is assigned to each video by combining the results of 
related (Rock images are published on [29]).  

2.8. Classification Modeling 

In machine learning and statistics, classification is a supervised learning approach. 
The computer program learns from the input data and then uses this learning to 
classify new observations [37]. This data set may be bi-class or multi-class. Dis-
tinct data types (e.g., signals, texts, images, etc.) could be considered the input in 
a classification problem. In this research, there were two steps of image classifica-
tion. The extracted frames from recorded videos and the histogram of their visual 
features achieved by a SURF-based bag of visual words were used for training the 
models. The classification methods which were tested during this study are briefly 
described as follows: 

2.8.1. Support Vector Machines (SVMs) 
Support-vector machines are considered as a “supervised” machine-learning model, 
meaning that the input data should be assigned by “labels” [38]. The classification 
in the method is formed by mapping y (x, w), which illustrates a map from input 
x to output. Moreover, all the control of mapping is handled by weights. SVM, 
like other methods, has two significant steps: the training step and the inferencing 
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one. Training data are used to estimate the parameters and hyperparameters vec-
tors in the training step. Then, in the inference step, the training data are discarded 
and predicted for a new dataset (i.e., unseen dataset by the trained model) is car-
ried out based on the learned parameters and hyperparameters. However, some 
machine learning methods are widely used for training datasets since the aim is 
pattern recognition. In pattern recognition, prediction is based upon the similar-
ity of the test data set for the training set. For instance, nearest neighbors, which 
are explained in the following section, are an excellent example of such methods 
that utilize the training dataset in the inference step. Since the nearest neighbor 
methods require comparing training and test data sets, they are called memory-
based methods. Therefore, the major disadvantage of memory-based methods is 
time inefficiency when working with high-volume datasets. 

For the first classification in this study, these labels are class “A” and class “B”. 
For a given set of training data, and each frame was marked with the proper label. 
Then the labeled data were used as the input kernel based SVM model. The 
method was supposed to separate the two mentioned categories to maximize the 
discriminative model and support vector’s gap. Corinna and Vladimir (1995) pre-
sented a detailed explanation of the SVM method. To improve the model’s accu-
racy in identifying complex dependencies between features of the samples, the 
kernel trick is often used in the SVM method [39]. Kernel trick means operating 
in a high-dimensional and implicit feature space without computing the coordi-
nates of the data in that space, but by simply computing the inner products be-
tween all pairs of images in the feature space. Gaussian kernel was used for this 
research to consider the samples in infinite dimension space. In the first classifi-
cation phase, kernel based SVM for binary classification led to the most accurate 
result to classify the extracted frames into two classes “A” and “B”. SVM method 
can also be applied to datasets with more than two classes using one vs. rest tech-
nique [40]. Using this technique, one class is separated from the others in each 
stage, and the problem is solved as a binary classification problem. In the end, the 
results from different steps are combined to obtain the last result. 

2.8.2. Ensemble Learning 
To obtain better predictive performance than the constituent learning algorithms 
alone, “ensemble method” employ multiple learning algorithms instead [41]. Com-
bination of diverse weak learners improves the accuracy and stability of the anal-
ysis [42]. Bagging, boosting, and stacking are the most common ensemble learn-
ing techniques. In the bagging technique, similar learners are developed based on 
a random subset of the samples and named weak learners. Next, the predictions 
of these classifiers are combined. The main data are first partitioned into different 
subsets to apply this technique. Then each weak learner is trained based on the 
input data subset. Finally, the predictions from weak learners are combined to 
obtain a predicted value on a considered parameter. In this research, bagging 
based on k-nearest neighbors led to the highest accuracy to classify the frames in 
class “A” to five different classes based on median particle size. In addition, the 
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results from bagging trees were compared with the others which led to the least 
accuracy among the other applied techniques. 

2.8.3. K-Nearest Neighbours (KNN) 
K-nearest neighbor is a non-parametric method used for classification and regres-
sion in pattern recognition [43]. As a classification method, the output is a class 
membership. An object is classified considering the majority vote of its neighbors, 
with the object being assigned to the class most common among its k nearest 
neighbors. In the second classification step of this study, the bag of KNNs led to 
the highest accuracy of 89.9%. 

2.8.4. Decision Trees 
A decision tree is a pattern recognition tool that uses a tree-like model of different 
states and their consequences for classification [44]. Each internal node of this 
structure represents a test on a feature while each leaf node implies a class. In each 
classification step of this research, bagging based on decision trees as weak learner 
was tested [45]. As shown in the last column of Table 1 and Table 2, decision trees 
did not provide the highest accuracy in the above-mentioned classifications in this 
study. 

2.9. K-Fold Cross-Validation 

Cross-validation or out-of-sample testing is a model validation technique to test 
the model’s ability to predict new data that was not used in the model develop-
ment [46]. Moreover, it gives an insight into how the model will generalize to an 
independent dataset. The procedure has a single parameter called k that implies 
the number of groups in which a given data sample should be split. As such, the 
process is often called k-fold cross-validation. Both classification models were de-
veloped using a 5-fold cross validation method in this research, which is a popular 
variant of k-fold cross-validation. In each classification stage, five models were 
obtained, and each one was tested based on one-fifth of the sample population. 
The final accuracy was achieved by combining the results from five models. 

3. Result and Discussion 

As mentioned above, image classification was carried out in two steps. Kernel 
based SVM and ensemble-learning methods based on KNN, and decision tree 
were employed in both classification steps, and the obtained results were com-
pared to find the best classification method. Since computer memory can process 
a specific data size, 7500 videos were used in this study to train the models con-
sidering the utilized memory. After that, the frames were extracted and classified 
into the earlier described two classes “A” and “B”. The accuracies for the first im-
age classification phase are shown in Table 1. It shows that the Kernel based SVM 
had a bit higher accuracy in average compared with the Ensemble learning, 99.8% 
and 98.9% respectively. 

Since many frames with no loaded LHD buckets were placed in class B, this  
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Table 1. Results for the first image classification phase. 

1st Classification Kernel based SVM 
Ensemble Learning 

(Bagging KNN) 
Ensemble Learning 

(Bagging Trees) 

Accuracy, % 
(5-fold cross validation) 

99.8 ± 0.1 98.9 ± 0.8 90.1 ± 2.1 

 
class included an enormous number of data, which produces high variance. At the 
same time, class A included only the frames showing loaded LHD buckets and had 
much less variance. Using SVM, a discriminative model was developed to max-
imize the gap between the two classes. This gap causes generalizability in the 
model regarding a wide variety of data in Class B.; Accordingly, it can avoid mis-
classification for the high variance input data. In addition, using the kernel trick 
could clarify the complex dependencies. This would therefore lead to more accu-
rate classification. Here, the Gaussian kernel has considered the samples in infin-
ity dimension space and the complex relations between the samples were evalu-
ated. Hence, as shown in Table 1, the kernel based SVM has led to the highest 
average accuracy in this binary classification step. The achieved result based on 
bagging KNN was close to that of SVM and even overlapped the standard devia-
tions. This shows that combining the results from different tuned non-parametric 
KNN models also led to acceptable accuracy. In this study, there were a lot of input 
data covering the diversity of the problem space. Since KNN classifies the input 
data regarding the properties of samples in the neighborhood, there were enough 
input samples. Therefore, the bagging KNN led to this step’s second highest aver-
age accuracy. In addition, bagging KNN improved accuracy due to the ensemble 
learning technique’s properties. Bagging trees method has the third place among 
the measured accuracies. However, this technique is limited to the dimensions in 
the original space, and it cannot consider the complexity of dependencies among 
the samples. Therefore, there is a considerable difference between the accuracies 
from the other two techniques. 

In the second step of classification, frames selected as Class A in the previous 
step were processed by exploiting the three mentioned classification techniques. 
Table 2 represents the accuracy of the second image classification phase. 

 
Table 2. Result of second image classification phase. 

1st Classification 
Kernel based SVM 

(One vs. Rest) 
Ensemble Learning 

(Bagging KNN) 
Ensemble Learning 

(Bagging Trees) 

Accuracy, % 
(5-fold cross validation) 

87.8 ± 0.6 89.8 ± 0.5 83.7 ± 1.3 

 
Bagging KNN led to an average accuracy of 89.8% in the second phase of the 

image classification. This step extracts up to three frames from each video with 
loaded LHD used as the input data. Each frame is classified into one of the five 
classes based on the median fragment size. As mentioned previously, the best 

https://doi.org/10.4236/eng.2025.171001


S. Liaghat, N. Al Ansari 
 

 

DOI: 10.4236/eng.2025.171001 12 Engineering 
 

three frames were extracted from each video containing a loaded bucket. Here, 
the class of each video was recognized by considering the majority vote. One of 
the fragmentation classes was selected based on the majority of votes to classify 
the video. The mentioned accuracy shows that 89.8% of these videos were classi-
fied correctly based on median fragment size. Since different KNN models are 
trained based on other random parts of the samples, each model covers a portion 
of data, and the result is the combination of those obtained from different models. 
As presented earlier, enough input samples are appropriately expanded in the 
problem space. Hence, the non-parametric KNN model is strong enough to cover 
the complexities of different sample parts. This explains why bagging KNN ob-
tained the highest accuracy in this step. However, the kernel based SVM method 
is designed for binary classification; it was applied to five classes in this study by 
applying “one vs. rest” technique. The result achieved using kernel based SVM 
was close to the bagging KNN, which showed that considering dependencies in 
high dimension space and applying SVM to develop a discriminative model could 
obtain an acceptable result. It should be noted that the bagging trees’ method was 
limited to the dimensions in the original space, which could explain the consider-
able difference concerning accuracy compared with the other tested techniques. 

The proposed method achieves a fragmentation classification accuracy of 89.8%, 
significantly outperforming the 67% accuracy reported in other research utilizing 
a neural network-based classification algorithm [26]. In addition, the proposed 
method achieves a fragmentation classification accuracy of 89.8% without requir-
ing GPU resources or complex training processes. In comparison, other research 
utilizing a high-complexity CNN deep learning network reported a slightly higher 
accuracy of 93.78% [47]. However, this increased accuracy comes at the cost of 
significantly higher resource requirements for model training, as well as a more 
time-intensive and computationally expensive training process. The lower accu-
racy in the previous approach is attributed to its reliance on textural features, 
whereas the proposed method leverages more effective extracted features, result-
ing in improved performance. In this research, the classification is done automat-
ically, and the processing speed has been increased compared to software-based 
fragmentation classification such as Split-Desktop. The quality of images taken in 
an underground environment as well as during the movement of LHDs also limits 
the use of any such software [48]. Even if the image quality is enhanced by apply-
ing filters like “Unsharp Mask” in Split-Desktop, the particle delineation is always 
user-biased and needs 10 - 15 minutes per image [48]. A complete manual particle 
delineation can take up to 2 hours per image using Split-Desktop. In addition, it 
has been figured out that processing and manual classification by looking at every 
video and classifying it into any of the fragmentation classes took 89 seconds on 
average per video while the average required time for the proposed method is 75 
seconds. Although the time difference between the proposed and the manual clas-
sification looks small, i.e., 14 seconds, there are still at least three benefits of the 
proposed technique. 
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Table 3. Comparison of the proposed method, split-desktop, and manual classification for 
fragmentation analysis. 

Aspect Proposed Method Split-Desktop Manual 
Classification 

Automation Fully automatic 
classification; does not 
require user 
intervention. 

Requires user input and 
manual particle 
delineation, making it 
time-consuming. 

Requires manual 
observation and user 
effort to classify each 
video, leading to 
potential fatigue and 
inconsistency. 

Processing 
Time 

Faster processing (75 
seconds per video on 
average). 

Manual particle 
delineation takes 10 - 15 
minutes per image with 
filters like “Unsharp 
Mask” and up to 2 hours 
per image manually. 

Average processing 
time is 89 seconds per 
video, which is slower 
than the proposed 
method. 

Scalability Capable of handling 
thousands of videos 
efficiently; saves 
significant time in bulk 
processing. 

Not scalable due to 
extensive manual effort 
required for each image 
or video. 

Limited scalability; 
analyzing 10,000 
videos would take 
41.67 more hours 
compared to the 
proposed method. 

Accuracy High accuracy; free 
from user bias and 
experience dependence. 

Accuracy depends heavily 
on user experience and 
manual particle 
delineation. 

Observational 
method prone to high 
inaccuracies due to 
user experience and 
bias. 

Cost Cost-free once 
deployed; no 
subscription fees. 

Subscription-based 
online processing 
packages for continuous 
monitoring are costly and 
create financial barriers. 

Involves indirect 
costs like human 
resource allocation 
for manual analysis. 

Suitability for 
Poor Image 
Quality 

Affected by poor image 
quality but still effective 
for images taken in 
challenging 
environments such as 
underground or during 
LHD movement. 

Limited by image quality, 
requiring additional 
preprocessing like 
applying filters, which 
may not fully resolve the 
challenges. 

Affected by poor 
image quality; 
manual observations 
are harder and more 
error-prone in such 
conditions. 

 
Based on the comparison in the Table 3, the proposed method is both time-

efficient and cost-effective for fragmentation classification, especially in scenarios 
requiring continuous monitoring. The probability of correctly classifying a video 
using the developed two-step framework is the joint probability of success in the 
binary classification step and the subsequent assignment of an appropriate frag-
mentation class. As shown in Table 1 and Table 2, the probabilities for these two 
steps are 0.998 and 0.898, respectively, resulting in an overall classification accuracy 
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of 89.62% for videos based on median fragment size. While software such as Split-
Desktop is reputed for higher accuracy, its performance heavily relies on user ex-
perience in particle delineation. Moreover, subscription-based online processing 
packages for continuous monitoring are costly and present a significant financial 
barrier. In contrast, the proposed fully automatic method, once deployed, is cost-
free and readily scalable for online processing of fragmentation. Additionally, this 
method demonstrates superior classification accuracy compared to prior artificial 
intelligence-based techniques by leveraging the shape-expressive features of image 
elements. These advantages, combined with the reduced computational costs and 
enhanced time efficiency, underscore the practicality and superiority of the pro-
posed approach for real-world applications. 

A potential challenge in applying the proposed method across different mining 
environments lies in the variability of environmental conditions such as lighting, 
dust, and movement. However, the method is designed to overcome these chal-
lenges by operating on recorded videos rather than single images, automatically 
extracting the most suitable frame for analysis. As long as one recognizable frame 
can be extracted—where “recognizable” means that a human can discern frag-
ment boundaries despite environmental conditions—the method remains effec-
tive. This adaptability highlights the generalizability of the proposed approach, 
ensuring consistent performance across different environments. Although the re-
search was conducted using data extracted from a single mine, the method is 
equally applicable to rock fragment images from other mines, as its performance 
is not mine-specific. From an implementation perspective, the method requires 
no costly hardware, software, or computational resources; once deployed, it is en-
tirely free to use. While the method performs robustly with the existing setup, 
there is room for improvement in accuracy through the use of deep learning tech-
niques. These methods, while more accurate, would necessitate investing in GPU 
hardware or cloud-based GPU resources, presenting a trade-off between accuracy 
and cost. Overall, the proposed method strikes a balance between reliability, cost-
efficiency, and adaptability to diverse mining conditions, making it practical for 
widespread application. 

4. Conclusion 

Increasing the amount of image data can reduce the sampling errors in fragmen-
tation assessment but requires a significant amount of time to analyze those im-
ages. In some cases, it becomes impractical to analyze data manually because of 
the extensive amounts of data. Hence, in this study, an image analysis technique 
based on machine learning algorithms is developed to classify rock fragmentation 
in different classes to remove the time constraints. The proposed method shows 
higher accuracy compared to the previous automatic techniques. Moreover, as the 
future work, this developed framework could analyze the effect of different blast 
hole sizes on rock fragmentation and identify any relationship between measure-
ment while drilling and rock fragmentation in sublevel caving mines in the future. 

https://doi.org/10.4236/eng.2025.171001


S. Liaghat, N. Al Ansari 
 

 

DOI: 10.4236/eng.2025.171001 15 Engineering 
 

However, more features could be considered in the feature selection method in 
future works to increase the classification accuracy. For example, camera inspec-
tions will be helpful to reduce noisy footage. Lighting in the video recording area 
is also an important parameter that affects the results. Appropriate lighting in-
creases the visibility of the rock fragments in the LHD bucket and, therefore, in-
creases its classification accuracy. 
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