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ABSTRACT
Rapid urbanization has dramatically increased the demand for river sand, leading to soaring sand 
extraction rates that often exceed natural replenishment in many rivers globally. However, our 
understanding of the geomorphic and social-ecological impacts arising from Sand Mining (SM) 
remains limited, primarily due to insufficient data on sand extraction rates. Conventionally, bathy
metry surveys and compilation of declared amounts have been used to quantify SM budgets, but 
they are often costly and laborious, or result in inaccurate quantification. Here, for the first time, we 
developed a Remote Sensing (RS)-based Deep Learning (DL) framework to map SM activities and 
budgets in the Vietnamese Mekong Delta (VMD), a global SM hotspot. We trained a near real-time 
object detection system to identify three boat classes in Sentinel-1 imagery: Barge with Crane (BC), 
Sand Transport Boat (STB), and other boats. Our DL model achieved a 96.1% Mean Average Precision 
(mAP) across all classes and 98.4% for the BC class, used in creating an SM boat density map at an 
Intersection over Union (IoU) threshold of 0.50. Applying this model to Sentinel-1, 256,647 boats 
were detected in the VMD between 2014–2022, of which 17.4% were BC. Subsequently, the annual 
SM budget was estimated by correlating it with a recent riverbed incision map. Our results showed 
that, between 2015–2022, about 366 Mm3 of sand has been extracted across the VMD. The annual 
budget has progressively increased from 34.92 Mm3 in 2015 to 53.25 Mm3 in 2022 (by 52%), with an 
annual increment of around 2.79 Mm3. At the provincial-scale, Dong Thap, An Giang, Vinh Long, Tien 
Giang, and Can Tho were the locations of intensive mining, accounting for 89.20% of the total 
extracted volume in the VMD. Finally, our estimated budgets were validated with previous research 
that yielded a correlation coefficient of 0.99% (with bias of 2.65%). The automatic DL framework 
developed in this study to quantify SM budgets has a high potential to be applied to other deltas 
worldwide also facing intensive SM.
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1. Introduction

Sand is essential for modern society as it forms the 
foundation for most of the structures. Apart from con
struction, which comprises approximately 50% of total 
sand consumption (Taylor 2019), high-tech industries 
such as glass, electronics, and aeronautics heavily rely 
on sand (Rashid and Nazir 2018). Consequently, the 
demand for sand is immense, making it the most 
extracted material group, surpassing fossil fuel extrac
tion (Bendixen et al. 2019; Monteiro, Miller, and Horvath  

2017). Roughly 32–50 billion tonnes of sand are used 
globally each year (equivalent to around 18 kg per indi
vidual daily), according to the United Nations 
Environment Programme (UNEP 2019). Sand is extracted 
from various sources, such as lakes, riverbeds, and deltas, 
to meet the growing demand. River sand is highly 
sought after in construction and high-tech industries 
for its superior quality, cost-effectiveness, and angular 
texture (Peduzzi 2014). The current global demand for 
sand, driven by rapid urbanization, population growth, 
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and economic development (Miatto et al. 2017; 
Sverdrup, Koca, and Schlyter 2017), has caused extrac
tion rates to exceed natural renewal rates by twofold 
(Asabonga et al. 2017; Ludacer 2018). This imbalance has 
led to substantial changes in the morphology, hydrol
ogy, and ecology of rivers worldwide (Rentier and 
Cammeraat 2022), especially in Southeast Asian rivers 
such as Irrawaddy, Salween, and Mekong (Best 2019). 
These situations are expected to worsen as projected 
sand demand is estimated to rise to 82 billion tons by 
2060 (Fritts 2019; Torres et al. 2021).

In Southeast Asia, the Mekong Delta in Vietnam (or 
Vietnamese Mekong Delta, VMD) is a SM hotspot 
where intensive SM has been occurring since the 
1980s (Bravard, Goichot, and Gaillot 2013). Known as 
the “rice bowl” of the country, the VMD has 
a population of approximately 18 million people and 
contributes over 50% of the nation’s food production 
GSO 2022. However, excessive SM in this region has 
resulted in various environmental consequences 
(Anthony et al. 2015) that have led to accelerated 
river channel erosion and riverbank instability that 
poses risks to the safety of bridges and embankments 
(Bendixen et al. 2019; Best 2019). Furthermore, the 
unsustainable extraction of sand has caused 
a lowering of the riverbed and a decrease in the fre
quency of seasonal floods (Park et al. 2020). These 
activities have far-reaching consequences on the eco
system, compromising essential services such as pro
viding nutrient-rich sediments, removing pollutants, 
replenishing groundwater, and preventing saltwater 
intrusion (Loc et al. 2017; Park et al. 2022). 
Consequently, coastal regions experienced heightened 
levels of salinity intrusion, particularly during the sum
mer when the water level goes down, rendering the 
cultivation of salt-sensitive crops impractical for farm
ers (Eslami et al. 2019; Loc et al. 2021). Moreover, the 
sand removal from riverbeds disrupts the habitats of 
benthic fauna and flora, which are crucial ecosystem 
components (Torres et al. 2017; Zou et al. 2019). This 
disruption has a cascading effect on fishery catch, ulti
mately impacting the food security of riverine and 
coastal communities (Dugan et al. 2010; Padmalal 
et al. 2008).

Despite the studies mentioned above on SM in the 
Mekong, understanding the socio-environmental 
impacts remains limited due to a lack of accurate 
quantification of the SM budget. Without a budget 
to serve as baseline data on the level of SM activities, 

it is impossible to assess the impact of SM quantita
tively. Admittedly, estimating the SM budget is meth
odologically challenging. The main difficulty in 
assessing the level of SM activities is that mining pits 
are underwater and not directly visible. Extensive 
bathymetric surveys are needed to measure the SM 
budget (Brunier et al. 2014; Jordan et al. 2019). 
However, conducting such field surveys is expensive, 
logistically challenging, and time-consuming, particu
larly for large or complex multi-channel rivers. 
Although several studies have estimated the SM bud
get using official statistics for smaller regions, official 
statistics in Southeast Asia, especially in Cambodia 
and Vietnam, are believed to significantly underesti
mate the accurate figures due to illegal SM (Tuyen  
2023; Witness 2010). Few studies (Gruel et al. 2022; 
Hackney et al. 2021; Smigaj et al. 2023) have 
attempted to use satellite images to map SM activities 
and estimate budgets without solely relying on tradi
tional field/official statistics-based approaches. 
Hackney et al. (2021) estimated the extraction rate in 
Cambodia by manually counting Sand Transport 
Boats (STB) from a monthly composite of 
PlanetScope imagery and the boat’s carrying capacity. 
Although this research has a solid potential to be 
applied in other regions, the estimated budget may 
be uncertain due to the assumption that all STBs carry 
the same sand volume. Mapping rapidly moving STBs 
with monthly satellite imagery may further increase 
uncertainty. Gruel et al. (2022) estimated the SM bud
get more systematically by counting the Barge with 
Crane (BC) to create a boat density map, which they 
subsequently calibrated with an incision map derived 
from a bathymetry survey. Both studies, however, 
depended on the manual identification and mapping 
of boats involved in SM, which is limited in scaling up 
to larger areas.

The recent advancements in artificial intelligence 
and computational processing capabilities have 
unlocked a transformative potential for automatically 
mapping SM activities across extensive geographical 
areas. DL models have made substantial strides across 
various domains (Ma et al. 2023; Yu et al. 2017) evident 
by their successful application in detecting lake ice and 
ships (Chang et al. 2019; Geng et al. 2021; Hass and 
Jokar Arsanjani 2020) and accurately estimating ship 
sizes (Geng et al. 2021). However, the specific challenge 
of mapping SM operations and budgets presents 
unique complexities, necessitating the precise 
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classification of SM vessels. Smigaj et al. (2023) auto
matically applied a DL model to map SM boats using 
PlanetScope imagery. Despite the innovative attempt, 
they have not quantified the SM budget. The use of the 
Faster R-CNN model, which has relatively lower accu
racy in mapping small objects, may also contribute to 
the uncertainty of SM boat mapping (Chang et al. 2019; 
Paul et al. 2022). Thus, there is a need for a framework 
to map SM activities with relevant accuracy at minimal 
cost systematically.

In this paper, for the first time, we address metho
dological challenges in SM budget estimation and 
monitoring by developing a novel and cost-effective 
RS-based DL framework. We chose the VMD as an ideal 
testbed to implement our framework due to its high 
mining activities over a long history, which is similar to 
the other Southeast Asian rivers. Our framework utilizes 
publicly available radar-based imagery and DL algo
rithms to detect SM activities automatically, allowing 
for monitoring during cloudy weather conditions. 
Additionally, the framework benefits from the public 
availability of the You Only Look Once version 5 
(YOLOv5) DL algorithm, known for its lightweight archi
tecture that ensures swift real-time processing, high 
speed, and relatively high accuracy in mapping minus
cule objects in satellite imagery (Chang et al. 2019; 
Jocher et al. 2021; Paul et al. 2022; Van Etten 2019). 
Finally, we evaluated the reliability of our framework by 
comparing our budget with that from prior research, 
which relied on manual mapping, comprehensive field 
data, or official declarations.

2. Data and methods

2.1. The Vietnamese Mekong Delta (VMD)

The Mekong River is the longest in Southeast Asia, 
originating from the Tibetan Plateau and spanning 
over six countries before reaching the South China 
Sea. The climate in the upper Mekong River is tempe
rate, and the river channel is dominated by bedrock. 
The climate changes to tropical monsoons along the 
lower Mekong River, and riverbeds are dominated by 
fine sand and silt (Piman and Shrestha 2017). This 
unique sedimentation regime and bedload texture 
in the lower Mekong River make this section suitable 
for SM (Walling 2011). The VMD, an area of 40,000 km2 

within the Mekong basin, is globally the third-largest 
delta, with a 710 km2 channel area. The delta is split 

between the Hau and Tien rivers, linked by the Vam 
Nao channel (Figure 1(a)) in the middle of the An 
Giang and Dong Thap provinces. The annual VMD 
discharge at Neak Luong and Koh Kehl stations in 
Cambodia, located before the delta splits into two 
rivers, is approximately 13,000 m3/s (Gruel et al.  
2022). Brunier et al. (2014) found that around 75% of 
the total Mekong discharge comes from the Tien 
upstream, which is nearly equally divided between 
the Tien and Hau distributaries by the Vam Nao chan
nel. The hydrological regime of the VMD features 
a dry season from November to May and a wet season 
from June to October (Figure 1(b)), accounting for 
80% of the total annual discharge (MRC 2023).

2.2. Field surveys in the Mekong

We conducted field surveys in the years 2014, 2017, and 
2022 in the VMD, shown as gray rectangles in 
Figure 1(a). In July 2014, September 2017, and June 
2022, river water depths at 491, 380, and 65 cross- 
sections across the Tien and Hau sections, respectively, 
were collected with intervals of 1–5 km. We employed 
a Teledyne Marine RD Instrument Acoustic Doppler 
Current Profiler (ADCP) and a dual-beam echosounder 
(Hummingbird Helix 10 Chirp SI GPS G2N) to measure 
water depth, with an accuracy of ± 0.1–1%. We initially 
extracted and processed the water depth data with 
WinRiver II, exporting it to text files, and then deter
mined riverbed elevations by subtracting the water 
level from the water depth data. Water level were 
sourced from MRC hydrological stations during surveys 
(https://portal.mrcmekong.org/time-series/water-level). 
Elevation points were then interpolated at 120 m spatial 
resolution using isotropic universal Kriging with the 
exponential method and kernel function (Cressie 2015; 
Matheron 1963). We then generated a bathymetry dif
ference map for the Tien section, which revealed con
tinuous accumulation and incision of the riverbed from 
2014 to 2017. This was used to develop a regression 
model to estimate the boat-driven incision map. In 2022, 
the Hau bathymetry provided insights into the current 
scale of SM activities. For further details on the proces
sing steps and bathymetry data used in this study, refer 
to previous studies (Binh et al. 2021; Gruel et al. 2022; 
Lau et al. 2023). In addition, we captured photographs of 
bank collapses (Figure 1(c)) and various individual boats, 
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especially BC (Figure 1(d)), with their geographical loca
tions. These photographs helped us identify boats in 
satellite images to create a DL training dataset.

2.3. Sentinel-1 data collection, pre-processing, and 
boat identifications

Sentinel-1, launched as the first radar imagery mission, 
is publicly available in the Sentinel-Standard Archive 
Format for Europe (SAFE) at 10 to 30 m spatial resolu
tion, depending on the location (Supplementary Text 1 
for details). In this study, we utilized Level-1 Ground 
Range Detected (GRD) data acquired in Interferometric 
Wide (IW) mode and with dual polarization operating 
at a C-band frequency of ~ 5.5. These images provide 
only amplitude information, which is typically 

recommended and considered sufficient for the given 
objective (Jafarzadeh et al. 2021 Moskolaï et al. 2022; 
Wang et al. 2019). Using the SNAP graph builder, we 
first pre-processed all available Sentinel-1 images from 
1 July 2014, to 30 September 2022 (N = 665). This pre- 
processing workflow incorporated several operators, 
including “read,” “Apply Orbit File (AOF),” “Thermal 
Noise Removal,” “Calibration,” “Speckle-Filter,” “Terrain- 
Correction,” “LinearToFromdB,” and “Write” 
(Supplementary Text 2 and Table S1 for details).

Identifying various individual boats in Sentinel-1 is 
challenging due to its low spatial resolution and grays
cale imagery. To mitigate this, we obtained cloud-free, 
high-resolution (3-4 m) PlanetScope optical imagery 
(Supplementary Text 3). Even with PlanetScope, differ
entiating boats remains challenging without individual 
reference images. Thus, we conducted field surveys 

Figure 1. (a) Map of the VMD illustrating the distribution and density of BC, district names, and an inset map displaying the location of 
operational, under construction, and planned dams. The Tien and Hau sections, corresponding to the bathymetry survey, are outlined 
by a gray dotted rectangle. The green square dot signifies Can Tho’s discharge station (Q), while the blue background indicates the 
water body. (b) Seasonal discharge and water level (2014–2022) at the Can Tho. (c) Photograph showing a significant bank collapse in 
an SM zone. (d) Photograph of a BC used for sand extraction from the riverbed. S. Kumar took both pictures during a field survey near 
Long Xuyen City on the Hau River on 27th June 2022.
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around 9:30 AM on designated days, synchronizing with 
the PlanetScope satellite’s overpass, and captured 
photos of each boat. This allowed us to categorize 
boats in PlanetScope as BC, STB, and the “Others” cate
gory, which includes all non-SM boats such as cargo, 
fishing, pusher-puller, ferry, and passenger boats 
(Table 1). Besides field surveys, we used Google Earth 
images to understand boat metrics better. Recognizing 
individual boat shapes, colors, and patterns from field 
surveys and Google Earth images enabled the identifica
tion of individual boats in PlanetScope. After categoriz
ing the boats in PlanetScope, we overlaid them onto 
corresponding Sentinel-1 images from the same date. 
This enabled us to discern the shapes and structures of 
individual boats in the Sentinel-1 images (Table 1), aid
ing in creating training datasets (Supplementary Text 4).

2.4. Developing deep learning model for boat 
detection

2.4.1. Preparing training dataset
Our dataset preparation involves the following 
steps. First, we converted pre-processed Sentinel- 
1, originally in 32-bit float format, to 16-bit inte
gers using the Linear (Slope-intercept) method. 

We experimented with other methods, such as 
Linear (95% clips) and Linear (Peak clips), and 
found that the Slope-intercept method provided 
the best results during the conversion process. 
Secondly, we divided large images into small 
patches with 640 pixels because this pixel-size 
patch is widely recommended for accurate and 
fast small object detection (Hass and Jokar 
Arsanjani 2020). Then, we used the Geospatial 
Data Abstraction Library (GDAL) Python package 
to transfer the image patches (tiff) into PNG for
mat, which is compatible with our DL model. 
Lastly, we manually labeled each boat in these 
patches based on their shape and structure iden
tified in section 2.2 using the LabelImg tool 
(Tzutalin 2015). We have annotated 1,111 image 
patches containing boat types ranging from 1 to 
70, classified into three main categories: BC, STB, 
and Other (Table 1 & Supplementary Figure S1).

2.4.2. Deep learning model development
We employed a large version of YOLOv5l model, 
due to its unique blend of compact size and expe
dited processing speed, which surpassed other 
models in the YOLOv5 series (Jocher et al. 2021; 

Table 1. Examples of the different boat types – BC, STB, and other – were identified from different sources: ground 
observations, Google Earth images, PlanetScope, and Sentinel-1. Ground observations and Google Earth images were 
pivotal in identifying boats within PlanetScope, facilitating the classification of boats in Sentinel-1. After identification 
in Sentinel-1, 1,364 boats were labeled as BC, 1,901 as STB, and 8,073 as other for developing training datasets.

Boat type Ground observation Google Earth 
image

PlanetScope Sentinel-1 Number 
of boats

Barge with 
Crane (BC)

1,364

Sand 
Transport 
Boat (STB)

1,901

Other
(e.g., Cargo, 
fishing)

8,073

Total count of boats utilized for DL model training 11,338
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Ren, Li, and Xu 2021). The YOLOv5l also demon
strated impressive performance on the COCO 
val2017 (Common Objects in Context) dataset, 
achieving an average precision of 72%, with 
a threshold of 0.5 (Lin et al. 2014). This model 
algorithm utilizes a Convolutional Neural Network 
(CNN) to identify objects within an image and 
comprises three components: Backbone, Neck, 
and Head (Jocher et al. 2021). The Backbone pri
marily extracts crucial features from the given 
input image, while the Neck utilizes PANet to cre
ate a feature pyramid network, aggregating the 
features and passing them to the Head for predic
tion. The Head generates predictions based on the 
anchor boxes for object detection.

In this paper, during model development, we fine- 
tuned the pre-trained weights of YOLOv5l (Ultralytics  
2022). This pre-trained weight was initially trained on 
the COCO dataset, a large-scale object detection, seg
mentation, and captioning dataset. The main advan
tage of using pre-trained weights is establishing 
a solid benchmark for further fine-tuning, thus dimin
ishing the requirement for massive datasets and 
extensive computational capacity (Hass and Jokar 
Arsanjani 2020). We randomly split the dataset into 
training (80%) and validation (20%) sets to optimize 
our DL model. The model was trained using batch 
sizes ranging from 16 to 32 over 100 to 1000 epochs, 
with all hyperparameter settings kept at their 
defaults. The final number of epochs and batch size 
were chosen based on fine-tuning, calibration, and 
validation results (Supplementary Text 5). To quanti
tatively evaluate model performance, we used five 
recognized metrics suitable for multi-class DL model 
assessment: Precision (P), Recall (R), F1 Score (F1), 
Mean Average Precision at 0.5 IoU (mAP@0.50), and 

mAP at IoU from 0.50 to 0.95 (mAP@0.50:0.95) 
(Table 2 & Supplementary Text 6 for details).

2.5. River sand mining boats mapping and budget 
estimation

For our study, we exclusively focused on boats involved 
in SM, precisely the BC type, and excluded Boats with 
Pumps (BP), which pump sand from the riverbed, for 
several reasons. BPs have a significantly lower capacity, 
20-30 m3/hr, compared to BCs; a BP takes about a day 
to collect 300 m3 of sand, while a BC can achieve this in 
approximately 3 hours (Huy 2017). BPs are primarily 
used for illegal mining (Truong 2022; Youth 2022); 
hence, they are smaller than BCs, enabling quick eva
sion and concealment from local authorities, usually 
operating at night and seldom staying long in one 
location. BPs are ineffective in rivers where the depth 
surpasses 8-9 m (Mecaflux 2023), and around 90% of 
the studied area has a river depth of over 9 m (Lau et al.  
2023) (Supplementary Text 7 for details). STBs primarily 
function as sand transporters, moving sand from one 
location to another without contributing significantly 
to bathymetric change. Also, the STBs are widely used 
to transport other goods and materials between the 
VMD provinces, such as rice, fruits, etc., along the rivers. 
The mapping process for BC was conducted in the 
following steps (Figure 2): Firstly, we automatically 
identified BC using the DL model and calculated their 
geographical coordinates (Supplementary Text 8). The 
geolocation points were then imported into ArcGIS to 
generate a boat density map, which helps identify SM 
hotspots within the VMD. To create the BC density 
map, a circular buffer with a radius of 200 m was uti
lized, as boat density calculated using a 200 m radius is 
well correlated with bathymetry changes (Gruel et al.  

Table 2. Summary of metrics used in this research for evaluating the DL model performance.

Evaluation Metrics Formula
Best 

Value Description

Precision (P) P ¼ TP
TPþFP

1 Measures the proportion of positive identifications that were correct
Recall(R) R ¼ TP

TPþFN
1 Measures the proportion of actual positives that were identified correctly

F1 Score (F1) F1 ¼ P�R
PþR

1 Harmonic mean of Precision and Recall and is a measure of a model’s accuracy
Intersection over Union (IoU) IoU ¼ Areaofoverlap

Areaofunion
1 Helps differentiate between True Positive and True Negative predictions by 

considering both areas
Mean Average Precision at 0.5 

IoU (mAP@0.50) mAP@0:50 ¼ 1
n

Pk¼n

k¼1
APk

1 mAP@0.50 is the average of the area under the Precision-Recall curve (i.e. AP) for 
a single IoU threshold of 0.5

mAP at IoU from 0.50 to 0.95 
(mAP@0.50_0.95) mAP@0:50 0:95 ¼

Pj¼0:95

j¼0:5
mAPj

N

1 mAP@0.50_0.95 is the average of the mAP for various IoU thresholds ranging 
from 0.50 to 0.95 with a step size of 0.05

Note: - TP: True Positives, FP: False Positives, FN: False Negatives, AP: Area under the Precision-Recall curve, IoU: Intersection over Union, mAP: Mean Average 
Precision, n: Total number of classes, k: Individual class, j: IoU thresholds, and N: Number of IoU IoU thresholds.
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2022). Subsequently, the BC density map was interpo
lated to a spatial resolution of 120 m using the bilinear 
interpolation method.

We plotted the corresponding values between 
bathymetry differences and BC density. We calcu
lated the median bathymetry difference at each 
0.1 BC density beam, from which a regression equa
tion was derived. Although the VMD is influenced 
by various fluvial activities (Bendixen et al. 2019), 
including upstream dams that reduce sediment 
supply (Binh, Kantoush, and Sumi 2020; Lu, 
Kummu, and Oeurng 2014), we assumed that the 
bathymetry difference in our study primarily repre
sents the incision depth due to excessive SM 
(Hackney et al. 2020) as other activities would result 

in the formation of gentle slopes and maintaining 
low erosion and lateral mobility. Our developed 
regression model enables us to estimate the riv
erbed incision rate based on daily BC density (1 
image every six days), normalized every three 
years for each pixel. This regression model was 
applied between 2015 and 2022 in three-year inter
vals (2015–2017, 2016–2018 . . . 2020–2022, etc.) to 
estimate the BC density-driven incision rate. Using 
the equation below, we used these incision rates to 
estimate the total extraction volume for each three 
years. We then averaged overlapping values to 
attain an annual average (Figure 2, Supplementary 
Table S3). Lastly, we validated our findings with 
previous research by applying well-established 

Figure 2. The comprehensive methodological framework developed and utilized in this study.
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performance metrics such as Correlation Coefficient 
(CC), Percentage Bias (PBIAS), and Root Mean 
Square Error (RMSE). We also calculated the volume 
of sand extracted in different provinces using 
administrative borders for data scattering.  

Total sand mining volume Mm3� �

¼

PT
i incision ratei � pixcel areai

c 

where, i denotes the pixel number in an incision map, 
T symbolizes the total number of pixels, incision ratei 

refers to the incision rate of pixel i in meters per three- 
year period, pixel areai represents the area of pixel i, 

(120 × 120 m2). c is a unit conversion factor 
(1,000,000).

3. Results and discussion

3.1. Deep learning model performance

Initially, the learning curve showed a steep drop, 
indicating rapid assimilation of the salient features 
within the dataset (Figure 3(a)). As training pro
gressed, the rate of decrease slowed, and by 900 
epochs, losses stabilized and reached a minimum of 
around 0.02 box, 0.01 objectness, and 0.002 classifica
tion, signifying successful model generalization and 

Figure 3. Deep Learning model performance evaluation. (a) Evolution of box, objectness, and classification loss functions of DL during 
the training and validation. The metrics presented in the graph enable a comparative analysis of the differences in learning curves 
during the training and validation. (b) A comparative analysis of model efficacy based on four evaluation metrics during training for 
three different batch sizes (16, 25, and 32). (c) Confusion matrix: illustrates the model’s performance trained with a batch of 16 on the 
validation dataset. (d) Precision-Recall curve: depicts the precision and recall trade-off for the DL model under the same training 
conditions (batch size 16).
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pattern learning beyond mere memorization of data
sets. Learning curves across batch sizes of 16, 25, and 
32 were consistent; however, the model with a batch 
of 16 exhibited the lowest loss, making it optimal for 
boat detection (Figure 3(a)), while larger batch sizes 
increased computational load without significant 
improvement. The model performance for each 
batch improved after 500 epochs and stabilized at 
1,000 epochs (Figure 3(b)), implying the optimal 
epoch selection for small boat detection in Sentinel- 
1 imagery. The model with a batch of 16 consistently 
outperformed the others and achieved 96.0% 
mAP@0.5 and 60% mAP@0.50:0.95 during training 
(Figure 3(b)). Hence, this model was chosen for further 
performance evaluation and boat mapping.

Our model demonstrated remarkable perfor
mance, accurately predicting the BC category in 
97% of instances (Figure 3(c)). This attests to the 
proficiency of the model in reliably identifying BC 
instances. The model was correct 86% of the time 
for STB, although it mistakenly classified BC 
instances as STB in 11% of instances, signifying 
a minor overlap between these two classes. In the 
“Other” category, the model predicted accurately 
88% of the time but misclassified as BC and STB in 
3% and 5% of cases, respectively. However, it is 
essential to emphasize that this study primarily 
focuses on estimating large-scale SM budgets by 
mapping BC density. Therefore, the minor misclassi
fications amongst classes should not significantly 
impact our results. Our model achieved an overall 
mAP of 96.1% and 60.4% at IoU of 0.50 and 
0.50_0.95 across all classes (Figure 3(d) & 
Supplementary Table S2). For the BC, our primary 
focus, the PR curve indicated a high degree of pre
cision and recall with a mAP of 98.4% and 69.6% at 
IoU of 0.5 and 0.50_0.95, respectively. This research’s 
outcomes significantly surpass previous studies’ 
findings (Kim et al. 2022; Zhang et al. 2022) in ship 
detection. According to Ultralytics (2022), an 
mAP@0.50:0.95 above 50% is acceptable. Although 
the mAP precision reported in this study is superior 
to previous ones, there is still an opportunity for 
refinement and enhancement in model detection 
accuracy, achievable by expanding the number of 
datasets and optimizing the DL algorithms utilized. 
When examining P, R, and F1 scores at different 
confidence levels (Supplementary Figure S2-S4), 
our model excelled particularly in detecting the BC 

category, with Precision, Recall, and F1 values reach
ing 0.85, 0.88, and 0.91 for the BC category at 75% 
of IoU respectively.

3.2. Seasonal and inter-annual variability of sand 
mining activities

From 2014 to 2022, our model successfully identified 
a total of 256,647 boats (Supplementary Figure S5). Out 
of these, boats classified as BC made up 17.4% of the total 
detections. Approximately three-fourths of these BC were 
detected at a confidence level surpassing 0.85. STB com
prised roughly 20.1% of the total detections, with 75% of 
them identified at a confidence level exceeding 0.72. The 
remaining 62.5% of boats were categorized as “Other,” 
detected with an average confidence of 0.76. 
Interestingly, the number of STB detections was slightly 
higher than BC, which corresponds with the expectation 
that STB should be more than BC since, on average, 
one BC can extract and load sand into 1–3 STBs. Field 
surveys and satellite imagery confirmed BC typically clus
ters with 1 to 3 STBs. Our model only identified solitary 
STB in the river, while those in clusters with BC were 
counted as a single BC due to the inherent difficulty in 
separating BC and STB at extraction sites. Counting STBs 
clustered with BC might raise their total, but this will not 
impact our budget estimation as it is independent of STB 
count (Hackney et al. 2021).

Our results indicate a statistically significant increase 
in the number of BC and STB (p < 0.05) over the last 
nine years (2014–2022) across the VMD, with an 
approximate growth rate of 0.04 boats per day (15 
boats/yr) (Figure 4(a)). We also observed a significant 
increase in non-SM activities, averaging 44 boats/yr (p  
< 0.05). Furthermore, we found a significant decrease in 
SM operations from July to October, coinciding with 
the flood season that begins in July (Figure 4(b)). The 
dotted green line represents the water level at the Can 
Tho discharge station, located approximately 30 km 
from the mouth of the river (Figures 1(a) and 4(b)). 
Sand mining activities reach their lowest point in 
September when water levels surge above 80 cm 
from the mean sea level, despite water levels peaking 
in October. This discrepancy could have occurred 
because we recorded the water level at the down
stream location of Can Tho, while SM took place across 
the entire VMD. Conversely, peak SM activities were 
recorded when the water level was at its lowest, 
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around 25 cm, with the monthly BC count reaching 
200. These findings highlight the significant influence 
of the water level on SM activities, particularly during 
the flood season when high water levels increase the 
energy requirements of SM and result in instability 
for BC and STB. Another notable observation from our 
study is a significant reduction in SM during December 
and February over the past nine years, potentially 
linked to the Christmas and Lunar New Year (LNY) 
holidays, which are major holidays in Vietnam 
(Figure 4(b)). During these holidays, work often ceases 
as people celebrate with their families. Our field survey 
along the entire VMD’s main rivers from January to 
February 2022 confirmed this.

BC density map across the VMD exhibits significant 
spatial variability ranging from 0 to 8.62 boats/km2-day 

(Figure 4(c–e)). We have identified several major SM 
hotspots along the Cambodian border on the Tien 
River (Figure 4(c)). Intensive extraction sites were 
observed mainly in five provinces: An Giang, Dong 
Thap, Can Tho, Vinh Long, and Tien Giang, where 
the BC density exceeds 4 boats/km2-day. In provinces 
such as Soc Trang, Tra Vinh, and Ben Tre, the BC density 
was approximately 2 boats/km2-day or less, with most 
areas having a BC density of less than one boat/km2-day. 
These provinces are located near the river mouth, where 
the sand size is generally too fine for construction, 
mostly comprising silt and clay, possibly contributing 
to a decline in SM activities. By analyzing the trend of 
spatiotemporal dynamic BC density across the VMD 
(Figure 4(f)), we observed a significant decreasing 
trend in the area where BC density is less than 2 boats/ 

Figure 4. Spatiotemporal dynamics and density of BC boats in the VMD (2014–2022): (a) Trends of BC, STB, and other boats over nine 
years. (b) Seasonal fluctuations in SM activities. (c) Average BC density map in the VMD from 2014 to 2022, created with a 200 m buffer 
at a 120 m resolution. (d,e) High BC density areas. (f-i). Tracing the evolution of zones exhibiting different boat densities over the nine 
years (2014–2022).
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km2-day with a slope of 2.17 km2/yr (R = −0.91, p < 0.05) 
over the last 9 years. This indicates that low SM areas are 
expanding into higher SM zones where the BC density 
exceeds 2 boats/km2-day. This finding is further sup
ported by our analysis, which revealed a significant 
increasing trend in areas with BC density ranging from 
2 to 5 boats/km2-day (Figure 4(g)), with a similar 
decreasing slope area where BC density is less than 2 
boats/km2-day (R = 0.93, p < 0.05). It is worth noting that 
mining activities generally occur in groups, with typically 
2 to 5 BC operating together, as evidenced by field 
surveys and remote sensing images. This trend suggests 
that areas with BC density lower than 2 boats/km2-day 
(710 km2 to 693 km2) are transitioning to BC density 
between 2 and 5 boats/km2-day (13 km2 to 27 km2). 
The areas with BC density ranging from 5 to 9 vary 
from 0.3% to 0.8% of the total area and display an 
increasing trend, although with a significantly lower 
slope (Figure 4(h)). This indicates that there is not 
much change in BC density in these areas. Similarly, 
areas with BC density exceeding 9 boats/km2-day 
show no significant changes and represent only 0.02% 
to 0.1% of the total area (Figure 4(i)). This implies that 
a BC density above 9 boats/km2-day is not economically 
or physically efficient for SM due to overcrowding, lead
ing to congestion and decreased efficiency in the SM 
process.

3.3. Riverbed sand mining budget and validation 
across the Vietnamese Mekong Delta

Upon mapping the incision rate against BC density for 
each pixel, we derived an R2 value of 0.84 for the median 
bathymetric difference (y = −0.74× − 0.29). This out
come corresponds to a median bathymetric difference 
of approximately −1.1 m for areas with boat densities 
fluctuating between 0 and 2 boats/km2-day (Figure 5). 
The slope of the regression model, representing the 
relationship between bed incision and BC density, was 
statistically significant at a 95% confidence level (p <  
0.05). Interestingly, for every additional boat/km2-day 
beyond the 2 boats/km2-day threshold, the median 
difference in bathymetry decreased by 1 m, indicating 
an increased incision of 1 m. Nevertheless, regions with 
boat densities exceeding 6 boat/km2-day displayed 
a comparable median incision of around −6 m. Upon 
contrasting the 2014–2017 period from 2020–2022 
within the TS, BC density increased by approximately 
65.4% on average, growing from 0.85 to 1.13 boats/km2- 

day. The variance within the lower range of BC density 
(<2 boats/km2-day) was notably higher than other 
ranges. This indicates that sand extraction is not signifi
cantly greater than sediment supply in these areas. In 
other words, the natural sediment supply balances out 
the sand extraction in these areas. Interestingly, these 
areas also exhibit significant deposition and riverbed 
incision. We hypothesize that various natural processes, 
such as tides, waves, storms, and floods, can induce 
changes in these areas, even with minimal SM.

Our study suggests that the VMD underwent a total 
mean incision of approximately 0.48 m in 8 years (2015– 
2022), with a rate of 0.053 m/yr (Figure 6(c)). This rate 
aligns with earlier studies (Gruel et al. 2022) (RMSE =  
0.02 m, CC = 0.99, PBIAS = 6.73%). During this period, 
a significant volume of 365.86 Mm3 of sand was 
extracted, with an annual average of 45.73 Mm3 

(Figure 6(a–b), Supplementary Table S3–5). Extraction 
was predominantly concentrated in five provinces: 
Dong Thap, An Giang, Vinh Long, Tien Giang, and Can 
Tho (Figure 6(a,b), Supplementary Table S5). These pro
vinces collectively account for 326.97 Mm3, or 89.22%, of 
the total extraction volume in the VMD. Interestingly, 
provinces situated in the lower part of the VMD show 
lower extraction rates, totaling 39.41 Mm3. Dong Thap 
stands out for the most extensive SM, extracting 144.49  
Mm3 of sand, or accounting for 39.5% of the total extrac
tion. In contrast, Hau Giang reports the lowest rate, 
contributing to only 0.42% of the total extraction. The 
extraction rate has progressively increased from 2015 to 
2022, with an average annual rise of 2.8 Mm3. Our SM 
budget was estimated at 34.92 Mm3 in 2015 and 53.26  
Mm3 in 2022. When comparing our results with Gruel 
et al. (2022), we found a correlation coefficient of 0.99, 
2.65% PBIAS, and 2.75 RMSE values, demonstrating that 
our estimation aligns with prior research.

Examining the spatial-temporal dynamics of SM 
across the VMD over the past 8 years reveals distinctive 
patterns (Figure 6(e), Supplementary Figure S6 &Table 
S5). Dong Thap, the province with the highest SM inten
sity, demonstrated a notable surge in sand extraction, 
peaking at 21.20 Mm3 in 2020—approximately 41% of 
that year’s extraction. This trend persisted until 2021, 
when a minor decline was noted, potentially due to 
the diversion of SM activities to the neighboring pro
vince, An Giang. While Dong Thap saw a steady increase 
in mining activities until 2017, An Giang experienced 
a decrease. However, by 2022, An Giang’s SM activities 
spiked to about 23% of total extraction, marking 
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a significant increase of 16% in 2018. Other provinces, 
such as Tien Giang, Ben Tre, and Tra Vinh, situated on 
the Tien Riverside, reported a consistent decline in SM 
activities. This geographical shift in SM extraction is likely 
due to multiple factors. First, the availability of high- 
quality sand may have depleted due to dam construc
tion and excessive SM (Räsänen et al. 2017), prompting 
a relocation of SM activities. Second, the sand particle 
size at the river mouth may have become too fine for 
construction purposes (Binh, Kantoush, and Sumi 2020; 
Collins and Dunne 1990), decreasing mining activities. 
Since the crux of SM is finding the balance between 
grain size and composition, mining too far upstream 
would waste time and money sorting the sediments, 
while downstream grains may be unsuitable (too 
rounded) (Rentier and Cammeraat 2022). Last, changes 
in regulatory rules and the number of licenses issued 

might have led to shifts in SM activities due to enhanced 
enforcement in different provinces in recent years 
(SIWRR 2013; AGPPC 2017; CTPPC 2018; DTPPC 2015).

3.4. Implications beyond the Mekong Delta: 
environmental impact, policy, and methodology

Our framework, which proficiently maps out current SM 
budgets accurately, is crucial for quantitatively under
standing its environmental and societal impacts. 
Excessive SM can lead to an array of environmental 
issues such as riverbank instability, tidal dominance, 
saltwater intrusion, changes in flow regimes, disrupted 
flood frequency, ecosystem destabilization, decreased 
groundwater table, reduced aquifer recharge, 
degraded river water quality, ineffective irrigation sys
tems, and loss of agricultural land and productivity  

Figure 5. Spatial regression model between bathymetry differences and BC density along the Tien Section from 2014–2017. (a,d,f) BC 
density (boats/km2-day). (b,c,e) Change in bathymetry throughout the same period. (g) A spatial correlation plot of BC density versus 
bathymetry difference at a 120 m resolution. Blue points correspond to the first Q1 and third Q3 quartiles, while the red point signifies 
the median of the bathymetry difference computed at each 0.1 increment of BC density.
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(Anthony et al. 2015; Eslami et al. 2019; Loc et al. 2021; 
Park et al. 2020, 2022). Social issues, such as community 
displacement, livelihood disruption, health problems, 
infrastructure damage, and increased social inequality, 

could also arise (Loc et al. 2021; Tran et al. 2023). These 
environmental and social impacts have not been qua
litatively understood due to the lack of accurate sand 
extraction rates. By quantifying sand extraction and 

Figure 6. Sand volume extraction and riverbed incision rates. (a,b) Average incision rate across the VMD, with the provincial scatter 
and the average SM budget per district represented in varying shades of gray. (c) Comparison of the cumulative incision over the same 
period, paired with a statistical analysis in relation to prior research. (d) Comparison of the annual total extracted sand volume for the 
VMD with previous research, inclusive of statistical metrics and trend analysis. (e) Annual distribution of SM extraction across various 
districts within the VMD.
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comparing it to natural sediment replacement, we can 
more accurately measure the impact of SM. For exam
ple, Hackney et al. (2020) estimated the annual average 
sand influx into the VMD at 6.18 ± 2.01 Mt/yr. Our esti
mates reveal a much higher annual average sand 
extraction rate of 69.28 Mt/yr (43.4 Mm3/yr, assuming 
a sand density of 1600 kg/m3, following Bravard et al. 
(2013)). This suggests that current SM rates are about 11 
times higher than the natural sediment replacement 
rate, which can create significant bed incisions and 
induce bank instability. Our budget estimate aids in 
mapping river depth and water level reduction due to 
mining. This data can be utilized as an input for various 
hydrodynamic and sediment transport models to quan
tify rates of bank and riverbed erosion, and information 
on decreased water levels can further assists in studies 
of salinity intrusion and groundwater fluctuations.

Additionally, our framework can automatically 
map near real-time SM activities and budgets at 
a low cost. By employing recent Sentinel-1 images, 
we can generate a BC density map (6–12 days) to 
understand the distribution of SM activities, irre
spective of cloudy weather conditions. This informa
tion is a critical foundation for informed decision- 
making and effective resource management. As SM 
licenses are issued per province (AGPPC 2017; 
CTPPC 2018; DTPPC 2015; SIWRR 2013), we can 
directly compare the intensity of SM activities to 
the number of issued licenses within each province. 
For example, the Vietnamese government issued 13 
licenses in Can Tho province for 2018–2020 (CTPPC  
2018). If an outlier surge in activities is detected 
compared to the boat density map, the government 
can promptly dispatch teams to investigate, 
enabling consistent and proactive regulation enfor
cement. This curtails manpower requirements, trans
portation expenses, and related monitoring costs, 
resulting in an efficient and economical solution to 
manage SM activities. Our budget map also offers 
the opportunity to quantitatively assess the extent 
of illegal SM in the VMD at the provincial level by 
comparing the mapped extraction rates with gov
ernment-issued licenses or permissible extraction 
rates set by the provincial government. For instance, 
in Dong Thap, a hotspot in the VMD, the govern
ment issued 22 licenses and set a total allowable 

rate of 18 Mm3/yr for 2015–2020 (DTPPC 2015). By 
comparing our calculated mining rate for Dong 
Thap in recent years (2020, 2021, and 2022) with 
the total allowable rate, we could quantify that the 
total extent of illegal SM in this province was 18%, 
20%, and 19%, respectively. While illegal SM is 
a global issue increasingly recognized (Duan et al.  
2019), current insufficient monitoring has led to 
substantial unreported annual sand losses, including 
US$4.1 billion in India (Mahadevan 2019), US 
$750 million in Cambodia (Sun 2016), and US 
$450 million in Indonesia (Yue-Choong 2006). Our 
framework is essential for identifying SM hotspots, 
enabling authorities to initiate monitoring efforts 
and potentially control illegal activities.

Lastly, our framework offers cost-effective benefits by 
utilizing publicly available remote sensing data and DL 
for SM monitoring. Notably, our framework’s geographi
cal applicability can be extended to other rivers in 
Southeast Asia and even further, courtesy of publicly 
available Sentinel-1 imagery (Supplementary Figure S7) 
and satellite-driven bathymetry data. Many rivers in 
Southeast Asia, including Red in Vietnam (Phuong  
2019) (Phuong, 2021), Irrawaddy in Myanmar (Gruel 
and Latrubesse 2021), and Progo and Jeneberang in 
Indonesia (Ikhsan, Rezanaldy, and Rozainy 2021; 
Kusumaningrum, Hafsari, and Syam 2021), face chal
lenges with unregulated SM, highlighting the potential 
value of our framework. The utility of our framework 
extends beyond Southeast Asia as SM is also an issue in 
many rivers, including the Amazon and Paraíba do Sul in 
Brazil (Ferrer et al. 2021), Pearl, Yangtze, and Yellow in 
China (Lu et al. 2007), Son, Yamuna, Narmada, Hooghly, 
and Chambal in India (Roy, Agarwal, and Kumar 2023), 
and Congo, Masaani, and Kiungwani in Africa (Fröhlich  
2017; Garzanti et al. 2019). These regions have extensive, 
unregulated SM, necessitating an assessment of its 
environmental and socioeconomic impacts. The adapt
ability of our framework makes it suitable for these 
diverse ecosystems, fostering a comprehensive, cost- 
effective approach to monitoring and managing SM 
operations. Overall, our framework stands as a robust, 
cost-effective instrument with significant global applic
ability potential in mapping SM activities.
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4. Conclusions and final remarks

We developed a cost-effective RS-based DL frame
work for mapping SM activities and budgets in the 
VMD. Our DL model achieved 96.0% and 96.1% 
mAP@0.5 during training and validation. Specifically, 
our main focus on the BC category had a mAP of 
98.4% at IoU 0.5, showing the proficiency of the 
model in identifying BC. The results revealed 
a significant increase in BC and STB over time (p <  
0.05), with a growth rate of 15 boats per year. BC 
density varied across the VMD, ranging from 0 to 
8.62 boats/km2-day. Areas with BC density of less 
than 2 boats/km2-day showed a decreasing trend of 
2.17 km2/yr (R = 0.91, p < 0.05) over 9 years. Areas 

with BC density of 2 to 5 boats/km2-day exhibited 

an increasing trend. From 2015 to 2022, a significant 

volume of 366 Mm3 of sand has been extracted in the 

VMD, averaging 45.73 Mm3 per year, resulting in 

a river incision rate of 0.053 m/yr.
Our framework demonstrates robustness and reliabil

ity in mapping SM budgets in large deltas, as evidenced 
by its successful application in the VMD. The VMD is 
among Southeast Asia’s largest and most heavily mined 
regions, sharing similarities with other Southeast Asian 
river deltas. The applicability of our framework extends 
beyond the VMD to other deltas globally facing exces
sive SM, as it overcomes challenges associated with 
traditional field-based surveys and provides a new and 
accurate baseline reference for monitoring SM budgets. 
This baseline will facilitate investigations into SM’s envir
onmental and social impacts (e.g. riverbank collapse, 
infrastructure damage, saltwater intrusion, ecosystem 
destabilization, loss of agricultural land, and community 
displacement). Our research findings have significant 
policy implications for local and international govern
ments, informing them about the extent and impacts of 
SM in southern Vietnam. This knowledge can help iden
tify the scope of illegal mining, enabling authorities to 
enforce actions and establish regulatory frameworks for 
sustainable SM in the VMD.
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