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Abstract. This study proposes an AutoGluon-Tabular workflow for open-pit mine boundary delineation from multi-source 
remote-sensing mosaics. The method converts optical, SAR, terrain, texture and contextual mosaic descriptors into object-
level records, uses automated stacked tabular learning to estimate boundary probability, and reconstructs vector boundaries 
through calibrated probability gradients. The workflow is designed for mining scenes where active pits, waste dumps, haul 
roads, bare soil and shadowed highwalls have overlapping spectral responses, making boundary extraction different from 
ordinary mine-area classification. By combining object-level predictors with uncertainty-aware vector cleaning, the approach 
aims to reduce fragmented boundaries and focus manual review on ambiguous segments. Experiments on 18 mining districts 
and 42,600 labelled objects show an F1-score of 0.924, an IoU of 0.873, a boundary F1-score of 0.846 within a 20 m tolerance, 
and a mean boundary offset of 7.9 m. Compared with random forest, XGBoost, LightGBM-only and compact U-Net baselines, 
the proposed workflow improves geometric boundary quality while retaining interpretable feature groups and manageable 
computational cost. 
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Introduction 
Open-pit mining has expanded in many mineral-producing areas, creating rapidly changing excavation faces, 
waste dumps, haul-road networks and exposed benches that require regular spatial monitoring. Wang et al. [1] 
used optical remote-sensing observations and transfer learning to support automatic identification and dynamic 
monitoring of open-pit mines. However, the boundary of an open-pit mine is not merely a land-cover class; it is 
a geometric transition among active extraction, auxiliary mining land, natural bare ground, reclaimed surfaces 
and transportation facilities. Optical indices help distinguish vegetation loss and exposed rock [2], radar 
backscatter remains useful under cloud or illumination constraints [3], and DEM derivatives can reveal slope 
breaks and terrace-like structures close to pit walls [4]. Multi-source mosaics therefore offer a richer observation 
base than single-scene imagery, but they also introduce seasonality, sensor-specific noise and mixed spatial 
support [5]. 

Existing mine mapping studies have generally used open-pit areas as the pixel-wise classification target, object-
based image analysis target, or semantic segmentation mask. Yu et al. [6] showed that open-pit mine land-use 
classification can combine segmentation-derived units and random forest learning when labelled samples are 
limited. Object-based methods reduce salt-and-pepper noise by using segmented image regions as the basic 
mapping units [7]. Du et al. [8] developed an open-pit mine extraction model based on very high-resolution 
remote sensing images, indicating that deep convolutional models can strengthen spatial representation when 
dense masks are available; however, such models may still be sensitive to variations in mine lithology, bench 
geometry, atmospheric conditions and surrounding land use. Engineers in their work often need a method that 
can handle diverse predictors, tolerate missing features, provide calibrated probability scores, and be retrained 
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after new mosaic products are released [9]. Automated machine learning for tabular data is suitable in this 
context because it searches among various model families, ensemble complementary learners, etc., reduces 
manual tuning, and maintains interpretability of feature spaces [10]. 

The main problem that this paper addresses is how to convert remote-sensing mosaics into a stable table for 
boundary demarcation. A pit boundary is represented by candidate image objects located near the transition 
between the mined and non-mined areas here. All objects have attributes such as spectral, radar, terrain, texture 
and context contrast, and the learning objective is to determine whether the object is in the mine-boundary belt. 
This formulation is not the same as the general mine-area classification; it also needs to consider edge fidelity, 
uncertainty calibration and vector reconstruction. It can also use the following models for supervised learning: 
gradient boosting, tree ensembles, neural tabular models and stacked generalization. Determine if such 
automated tabular learning can compete with more specialized remote-sensing models and maintain 
engineering transparency and computational economy. 

The remainder of this paper is organized as follows. Section 2 reviews mine boundary mapping, multi-source 
remote-sensing fusion and automated tabular learning for geospatial applications. Section 3 describes the 
construction of object-level predictors from optical, SAR, terrain and contextual mosaic layers. Section 4 
presents the uncertainty-guided AutoGluon-Tabular modeling strategy and the conversion from probability 
estimates to vector boundaries. Section 5 reports the study data, comparative experiments, ablation analysis, 
uncertainty diagnostics and engineering implications. Section 6 concludes the study and outlines future research 
directions. 

Related Work 

Open-Pit Mine Mapping from Remote Sensing 

Remote-sensing studies of open-pit mines have progressed from manual interpretation to semi-automatic and 
automatic extraction of mining disturbance. Early operational workflows often used spectral thresholds and 
visual correction, but later methods incorporated vegetation indices, bare-soil indicators and shortwave-infrared 
responses to separate exposed minerals from surrounding land covers [11]. Object-based image analysis has 
good trade-off performance of pixel-level detail and polygon-level manageability; that is, the segmented region 
can store shape, compactness, texture and local context [12]. This object perspective is very suitable for mining 
landscapes, as the repeated spatial units of haul roads, benches, spoil heaps and pit floors are larger than single 
pixels but smaller than administrative mining blocks. 

Many of the workflow's principal deficiencies are related to the separability of spectra. Bright quarry floors, arid 
bare land, urban construction sites and river sediment bars can all have similar optical signatures with open-pit 
surfaces [13]. SAR data have more roughness and moisture information, but due to radar geometry and speckle, 
the response at steep pit walls is unclear. DEM-derived slope, relief and curvature features can be used to 
describe the excavated shape of open-pit mines, especially near the boundary of a steep slope [14]. However, 
these features are rarely sufficient on their own because the mine boundary often has a gradual transition, 
reclaimed slopes and service areas that are not always abrupt. Therefore, a multi-source strategy is needed, but 
fusion should be based on boundary behavior rather than general land-cover classification. 

Automated Tabular Learning for Geospatial Classification 

Tabular machine learning is still widely used in geospatial classification because remote sensing objects can be 
expressed as heterogeneous predictors with different scales, physical meanings and missing-data patterns. 
Random Forests and Gradient Boosting Machines are therefore popular choices that can achieve good accuracy 
and have relatively simple interpretations in land-cover mapping [15]. Automated machine learning extends the 
above idea by automatically selecting model types, tuning hyperparameters and combining models through 
ensembling without manual configuration [16]. For engineering applications, this will reduce the development 
time and maintain the familiar tabular structure for feature construction and error inspection. 

AutoGluon-Tabular is suitable for remote sensing mosaics as it supports stacked ensembles, bagging, model 
calibration and heterogeneous learners under a reproducible training pipeline [17]. These attributes are 
necessary when mining samples are imbalanced and boundary objects account for a small proportion of the 
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scene. However, automated tabular learning has been applied to open-pit boundary delineation very rarely. 
Many studies have reported the classification accuracy of mine or non-mine areas, but fewer have connected 
probability calibration with vector boundary quality and fragmentation reduction [18]. Therefore, in this paper, 
the boundary candidates are defined as object-level records, and the probability-to-vector stage is included in 
the overall engineering workflow. 

Multi-Source Mosaic Representation 

Mosaic Sources and Object Candidates 

The input data are cloud-screened optical mosaics, SAR backscatter mosaics and terrain derivatives registered 
to a common grid. Optical mosaics provide blue, green, red, near-infrared and shortwave-infrared reflectance, 
and SAR mosaics provide VV, VH and ratio layers. A DEM stack includes elevation, slope, local relief, plan 
curvature and profile curvature. Candidate objects are generated by multiresolution segmentation of a compact 
stack containing shortwave-infrared reflectance, normalized bare-ground response, SAR ratio and slope. The 
division scale is set to maintain the bench edge and road-width transition, and it is not too small. Figure 1 shows 
the full data-to-object construction path once in this article. 

 
Figure 1. Multi-source remote sensing mosaic preparation and object-candidate construction workflow. 

 
𝑥𝑥𝑖𝑖 = [𝑠𝑠𝑖𝑖, 𝑟𝑟𝑖𝑖, 𝑡𝑡𝑖𝑖, 𝑔𝑔𝑖𝑖, 𝑐𝑐𝑖𝑖] Eq.(1) 

In this expression, 𝑥𝑥𝑖𝑖  denotes the feature vector of object 𝑖𝑖, 𝑠𝑠𝑖𝑖  contains spectral statistics, 𝑟𝑟𝑖𝑖  contains SAR 
descriptors, 𝑡𝑡𝑖𝑖  contains terrain variables, 𝑔𝑔𝑖𝑖  contains texture descriptors, and 𝑐𝑐𝑖𝑖  contains contextual contrast 
variables. Mean, standard deviation, interquartile range and edge contrast are computed for each physically 
meaningful layer. Context variables are measured by comparing each object with a 60 m annular neighborhood, 
which helps detect abrupt transitions between excavated land and the surrounding matrix. 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =
𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1
𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1

 Eq.(2) 

Moisture-sensitive and bare-ground-sensitive indices are included because active pits often expose dry mineral 
surfaces, and reclaimed or inactive sections may have regrown vegetation and moisture. The set of features 
does not include normalized indices; it also includes raw bands and cross-source interactions, and automated 
tabular learners can use non-linear thresholds and feature combinations. 

Feature Normalization and Label Geometry 

Labels are generated from manually checked mine-boundary polygons. To train a boundary model rather than 
a general mine-mask model, polygons are converted into a belt representation around the reference boundary. 
Objects whose centroids fall within the belt are positive boundary samples, while objects outside the belt and 
away from uncertain transition zones are negative samples. This design avoids penalizing objects that are inside 
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active mine interiors but do not express boundary characteristics. Numeric features are winsorized at the 1st 
and 99th percentiles within each mosaic year, missing SAR observations are encoded with availability indicators, 
and all continuous predictors are standardized inside the training fold. 

𝑦𝑦𝑖𝑖 = 𝟏𝟏{𝑑𝑑(𝑜𝑜𝑖𝑖, 𝐵𝐵) ≤ 𝜏𝜏} Eq.(3) 
Here, 𝑦𝑦𝑖𝑖  is the boundary label, 𝑑𝑑(𝑜𝑜𝑖𝑖, 𝐵𝐵) is the shortest distance between object centroid 𝑜𝑜𝑖𝑖  and the reference 
boundary 𝐵𝐵, and 𝜏𝜏 is the boundary-belt tolerance. A value of 20 m is used in the main experiment because it is 
equal to two 10 m pixels and meets the positional uncertainty expected in mixed optical-SAR mosaics. 

Boundary-Oriented Predictors 

In total, the 86 variables in the final predictor table are divided into 28 optical statistics, 12 SAR statistics, 13 
terrain descriptors, 21 texture variables and 12 contextual contrast features. Texture variables are calculated 
from the grey-level co-occurrence matrix of shortwave-infrared and SAR-ratio layers, including contrast, entropy, 
homogeneity and angular second moment. Boundary-oriented contrast is calculated for slope, shortwave-
infrared reflectance, NDMI and VV/VH ratio because these attributes often change at the boundaries of pits, 
waste dumps and surrounding ground. Feature correlation is examined after object generation, but correlated 
predictors are not aggressively eliminated because stacked ensembles can distribute the weight of related 
variables and maintain the redundancy necessary for seasonal noise. 

Uncertainty-Guided AutoGluon Boundary Delineation 

AutoGluon-Tabular Ensemble Configuration 

The modeling stage uses AutoGluon-Tabular to train a binary classifier on object-level records. The candidate 
learner pool includes LightGBM, CatBoost, XGBoost, random forest, extremely randomized trees, k-nearest 
neighbors and neural tabular networks. Bagging is enabled to stabilize estimates under mine-wise heterogeneity, 
and stack levels are limited to avoid excessive training time. Class weights are applied because positive boundary 
objects form a narrow belt and are less frequent than background objects. The weight ratio is selected from 
validation behavior rather than fixed only by class frequency, because excessive weighting can improve recall 
while reducing boundary compactness. 

 
Figure 2. Uncertainty-guided AutoGluon-Tabular modeling and probability-to-vector boundary reconstruction framework. 

 
𝑝𝑝𝑖𝑖 = 𝑃𝑃(𝑦𝑦𝑖𝑖 = 1 ∣ 𝑥𝑥𝑖𝑖;𝑀𝑀) Eq.(4) 

The output 𝑝𝑝𝑖𝑖  is the estimated probability that object 𝑖𝑖 belongs to the mine-boundary belt under the ensemble 
model 𝑀𝑀. A calibrated probability is required for the following vector reconstruction to use probability gradients 
instead of hard class labels. A validation set is divided by mine district to reduce the impact of overconfident 
predictions in unseen lithological and geomorphic environments through calibration. 
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𝐿𝐿 = −�  
𝑖𝑖

𝑤𝑤𝑦𝑦𝑖𝑖[𝑦𝑦𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙(𝑝𝑝𝑖𝑖) + (1 − 𝑦𝑦𝑖𝑖)𝑙𝑙𝑙𝑙𝑙𝑙(1 − 𝑝𝑝𝑖𝑖)] Eq.(5) 

Weighted log-loss gives more weight to the positive boundary objects and still penalizes false expansions in non-
mining areas. Based on the validation results, instead of setting the weight ratio according to the class frequency, 
one is chosen; otherwise, a large weight would increase recall but reduce the geometric compactness of the 
reconstructed boundary. 

Probability Calibration and Vector Reconstruction 

Predict the object probability and then map it to the mosaic geometry. Candidate boundary chains are generated 
by selecting connected object edges with a probability exceeding an adaptive threshold and a local probability 
gradient that indicates a transition from mine interior to exterior. Remove small isolated chains, and if the end 
points are close and the direction is the same as in the surrounding terrain break, merge adjacent chains. 

𝑞𝑞𝑖𝑖 =
1

1 + 𝑒𝑒𝑒𝑒𝑒𝑒�−(𝑎𝑎𝑧𝑧𝑖𝑖 + 𝑏𝑏)�
 Eq.(6) 

The calibrated score 𝑞𝑞𝑖𝑖  is obtained from the raw ensemble logit 𝑧𝑧𝑖𝑖  using validation-fitted parameters 𝑎𝑎 and 𝑏𝑏. A 
simple calibration form is used to maintain the rank order after correcting for systematic overconfidence. Vector 
reconstruction then uses 𝑞𝑞𝑖𝑖  and the neighborhood difference of adjacent objects. 

𝐺𝐺𝑖𝑖𝑖𝑖 =
�𝑞𝑞𝑖𝑖 − 𝑞𝑞𝑗𝑗�

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑�𝑜𝑜𝑖𝑖, 𝑜𝑜𝑗𝑗� + 𝜖𝜖
 Eq.(7) 

A large value of 𝐺𝐺𝑖𝑖𝑖𝑖  indicates a sharp probability transition between neighboring objects. In regions with 
relatively high accuracy probabilities and strong local gradients, boundary chains are used to reduce false 
boundaries in homogeneous ore layers. 

Evaluation Metrics 

The evaluation uses both object-level and boundary-level metrics. Object-level precision, recall, F1-score and 
area-weighted IoU describe classification quality. Boundary quality is measured by tolerance-based boundary 
F1-score, mean boundary offset and fragment count. These metrics are necessary because a model can obtain 
high object accuracy while still producing fragmented or spatially shifted boundary vectors. 

𝐹𝐹1 =
2𝑃𝑃𝑃𝑃
𝑃𝑃 + 𝑅𝑅

 Eq.(8) 

Precision 𝑃𝑃 measures the share of predicted boundary objects that match the reference belt, while recall 𝑅𝑅 
measures the share of reference boundary objects recovered by the model. 

𝐼𝐼𝐼𝐼𝐼𝐼 =
𝐴𝐴pred ∩ 𝐴𝐴ref 

𝐴𝐴pred ∪ 𝐴𝐴ref 
 Eq.(9) 

IoU is reported for reconstructed boundary-support areas after rasterizing the vector output at 10 m resolution. 
Boundary offset is computed as the mean nearest-neighbor distance between predicted and reference boundary 
vertices after resampling both polylines to a 5 m interval. 

Experimental Data and Analysis 

Study Data and Experimental Protocol 

The 18 open-pit mining areas in the experiment cover coal, iron, copper, limestone and rare-metal production 
areas. Mosaics include dry-season and wet-season optical composites, ascending and descending SAR 
composites, and a 30-m DEM resampled to the analysis grid. Seasonal optical compositing is sensitive to changes 
in clouds, shadows and vegetation over mining areas [19]. Manually set boundary references and cross-
reference with high-resolution interpretation layers and historical mining permits. The final object table had 
42,600 labelled objects, consisting of 8,940 positive boundary objects and 33,660 background objects. A mine-
wise split was employed, with 11 districts for training, 3 for validation and 4 for testing, and adjacent objects 
belonging to the same mine were not present in different partitions. 
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Figure 3. Study data composition and mosaic quality diagnostics: (a) The number of objects counted by mineral type; (b) Positive boundary 

ratio classified by mineral type; (c) feature-group availability; (d) object-area distribution; (e) seasonal mosaic quality scores. 
 

Figure 3(a) reports the sample composition by mine type, where coal and limestone sites contribute 10,800 and 
8,900 objects respectively, while rare-metal sites contribute 5,700 objects. Figure 3(b) shows that positive 
boundary ratios range from 15.6% in limestone mines to 25.4% in copper mines, indicating a moderate 
imbalance rather than an extreme anomaly-detection setting. Figure 3(c) maps feature-group availability, with 
optical predictors complete for 98.6% of objects, SAR predictors complete for 94.2%, and terrain predictors 
complete for all objects. Figure 3(d) is the distribution of object areas; the median object area is 1,240 m² and 
the 90th percentile is 4,860 m². Figure 3(e) shows the seasonal mosaic quality scores, and the mean usable-pixel 
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score of the dry-season optical composite is 0.91; that of the wet-season composite is 0.78. Together, these 
diagnostics show how the dataset constrains model behavior before classification: the smaller rare-metal subset 
increases the risk of under-representation for narrow benches; the limestone class encourages background-
dominant learning if class weights are not employed; incomplete SAR availability justifies the missingness 
indicator; and the long-tailed object-size distribution warns that large homogeneous pit-floor segments can 
inflate area-based scores while degrading boundary geometry. 

Feature distributions confirm that no single source can define the boundary reliably. Shortwave-infrared 
reflectance separates fresh excavation from vegetated surroundings in many coal and limestone mines, but it 
overlaps with dry riverbeds and construction land. SAR ratio is more stable across seasons, yet high backscatter 
occurs on rough natural slopes as well as highwalls [20]. Terrain variables increase the detection of bench edges, 
but waste dumps and natural scarps can also show similar slope responses. The above interaction is shown in 
Figure 4(a); the median standardized slope contrast for true boundary objects is 1.38, but it is 0.64 for confusing 
non-boundary objects near roads. Figure 4(b) shows that NDMI contrast is relatively large for coal mines, and 
the interquartile range is 0.22-0.47. Figure 4(c) is the only heat-map diagnosis in the paper, and it shows that 
SWIR2 texture, VV/VH ratio and local relief form a correlated block associated with rough exposed surfaces. 

 
Figure 4. Feature separability and cross-source relationships: (a) slope-contrast distributions; (b) Comparison of NDMI by mineral type; (c) 

correlation heat map for selected predictors. 
 

A Sampling Protocol was designed to evaluate the Generalization of boundaries rather than memorizing local 
textures. Each mine district was regarded as a spatial group in the partitioning, and only the validation set was 
used for threshold selection, calibration and ensemble configuration. The two large coal mines, the limestone 
quarry and the copper mine with a steep terraced highwall were in the test set. The three realistic stress 
conditions in this composition are: repeated road-like linear objects around haul corridors, high-reflectance bare 
rock outside the permitted pit, and shadowed slopes with incomplete optical contrast. During the testing process, 
the width of the positive band did not increase, so even if the prediction visually followed the overall boundary 
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of the mining area, it would be considered an error as long as the deviation exceeded the tolerance range. This 
strict rule explains why the boundary F1-score is lower than the object-level F1-score for all methods and makes 
the reported geometric metrics more suitable for cartographic updates. 

Comparative Model Performance 

The proposed AutoGluon-Tabular ensemble was compared with random forest, XGBoost, LightGBM-only, 
support vector machine, and a compact U-Net trained on rasterized feature stacks. Dense segmentation models 
can be effective for remote sensing boundaries but usually require spatially exhaustive masks and careful 
transfer control [21]. Figure 5(a) shows that AutoGluon achieved the highest object-level F1-score at 0.924, 
compared with 0.866 for random forest, 0.891 for XGBoost, 0.902 for LightGBM-only, 0.831 for support vector 
machine, and 0.878 for U-Net. It is also a relatively small classification gain. Figure 5(b) shows the boundary F1-
score in a 20m tolerance, and AutoGluon achieved 0.846; it was also 5.8 percentage points higher than the best 
baseline. As shown in Figure 5(c), the mean boundary offset was 7.9 m, and random forest and U-Net produced 
offsets of 12.8 m and 11.6 m, respectively. Figure 5(d) is the processing time per 100km²; AutoGluon took 18.4 
minutes after feature extraction, and U-Net training and inference on the same hardware took 43.7 minutes. 
Based on the above results, the stacked tabular ensemble improves the quality of geometric boundaries without 
the need for dense segmentation annotations and computations. 

 
Figure 5. Comparative performance across baseline models: (a) object-level F1-score and IoU; (b) tolerance-based boundary F1-score; (c) 

mean boundary offset; (d) processing time per 100 km2. 
 

The confusion structure is spatially meaningful. Most false positives occur at waste-dump toes, quarry access 
roads and bright construction sites near the mining area. AutoGluon reduces these cases by using contextual 
contrast and terrain variables together, rather than treating bare surfaces as sufficient evidence. Calibration 
diagnostics are usually used to determine whether probabilistic classifiers can support downstream thresholding 
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and human inspection [22]. In the test districts, commission error declined from 13.9% with LightGBM-only to 
9.8% with the stacked ensemble, while omission error remained at 8.1%. 

Figure 6(a) shows precision-recall curves for five mine types, with copper and coal mines reaching average 
precision values of 0.953 and 0.941. Limestone sites are harder, with average precision of 0.902, because quarry 
benches and surrounding bare limestone share similar reflectance. Figure 6(b) reports calibration curves; the 
expected calibration error decreases from 0.071 before calibration to 0.028. Figure 6(c) plots the threshold-
response surface, where the best boundary F1-score appears between probability thresholds of 0.54 and 0.62. 
Figure 6(d) shows fragment counts after applying different minimum-chain filters, and the selected 35m filter 
reduces fragments from 412 to 287 while retaining 96.4% of the reference boundary length. The separated 
precision-recall curves show that a single global threshold cannot be taken as the equivalent evidence in all 
environments. The calibration panel shows that the raw ensemble scores are overconfident in the middle 
probability range, and the threshold panel indicates why lower thresholds accept weak road-side candidates and 
higher thresholds reject discontinuous but valid pit-wall segments. The fragment curve shows the vector 
improvement, and most of the reference boundary length has not been lost. 

 
Figure 6. Probability behavior and boundary reconstruction diagnostics: (a) Precision-Recall curve categorized by mineral type; (b) 
probability calibration before and after scaling; (c) threshold response for boundary F1-score and offset; (d) fragment count under 

minimum-chain filtering. 
 

The model rank did not change when the tolerance distance was set to 10m or 30m. At the strict 10m tolerance, 
AutoGluon achieved a boundary F1-score of 0.731; LightGBM-only and XGBoost were at 0.684 and 0.671, 
respectively. At 30m, the corresponding scores were 0.903, 0.861 and 0.849, and thus it can be seen that the 
proposed method improves both near-exact alignment and broader perimeter recovery. The greatest 
improvement was observed in mines with alternating benches and service roads, and single learners showed an 
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over-fitting of one visual cue. The stacked ensemble assigned high probability only when several cues agreed, 
for example high local relief, strong shortwave-infrared texture, and a contrast between object and annular 
neighborhood. This behavior reduced the boundary extension into road surfaces and had a spectral response 
similar to active pit floors, but with a weaker terrain gradient and neighborhood contrast. 

Ablation, Error Sources, and Engineering Implications 

Ablation experiments quantify the contribution of each feature group. Terrain discontinuities are frequently 
used to describe excavated landforms and slope breaks in open-pit mines [23]. After excluding SAR variables, 
the boundary F1-score was 0.812 and the reduction was most significant in shadowed highwall areas. Excluding 
terrain variables, it was reduced to 0.804; the mean boundary offset increased from 7.9m to 10.7m, and 
therefore, slopes and relief are required for geometric alignment. Removing the texture variables reduced this 
amount; the boundary F1-score dropped to 0.827 and the number of road-related false positives increased by 
3.4 percentage points. Contextual contrast variables reduced the commission error most significantly near spoil 
piles; without them, the commission error increased from 9.8% to 14.6%. Permutation-based feature 
importance is often used to examine the impact of variables in tree-dominated remote-sensing classifiers [24]. 
Figure 7(a) presents this ablation pattern across feature groups, and Figure 7(b) ranks permutation importance, 
where local relief contrast, SWIR2 entropy, VV/VH ratio, NDMI contrast, and slope standard deviation are the 
five most influential predictors. These two panels indicate that terrain primarily controls geometric placement, 
while radar and shortwave-infrared texture describe exposed roughness that separates pit walls from smoother 
bare ground. 

Error inspection shows the location of the workflow failure. Reclaimed Pits with some vegetation have a low 
boundary probability due to a gradual spectral transition between the mine and its surroundings. Water-filled 
pit lakes have high optical contrast but weak terrain texture in the area near the shore; therefore, the vector 
boundary is shifted inwards. SAR layover produces a strong backscatter outside the true pit wall in steep 
mountainous mines, especially for slopes facing the sensor [25]. Uncertainty-guided quality control has been 
used to focus manual inspection on samples where the model's confidence is low [26]. Figure 7(c) gives 
boundary-offset distributions for four difficult landscape settings: reclaimed pits have a median offset of 9.4 m, 
mountainous mines 10.2 m, arid quarries 7.5 m, and coal benches 6.8 m. Figure 7(d) links uncertainty to manual 
correction effort; objects with calibrated probability between 0.45 and 0.65 represent 18.7% of the test set but 
contain 53.2% of all errors. The offset distributions show that reclaimed pits and mountainous mines are not 
merely lower-accuracy cases; their errors are more dispersed, so a few severely shifted segments can dominate 
manual correction effort. The uncertainty-workload relationship shows why ambiguous objects deserve priority 
review, while high-confidence segments still require occasional inspection in complex waste-dump margins. 

Training the final ensemble took 31.6 minutes on a 16-core workstation, and inference over 100 km² required 
18.4 minutes after the object features were computed. Vector cleaning was faster than 4 minutes per district. 
Human-in-the-loop mapping workflows often perform better when automated models provide interpretable 
evidence instead of just final labels [27]. When the boundary probabilities contained uncertainty flags, the 
manual correction time for a simulated quality-control exercise in that district was reduced from 42.5 minutes 
to 29.1 minutes because analysts could concentrate on the uncertain areas rather than scanning the entire 
perimeter. The model is also sufficiently interpretable for operational acceptance, and feature importance, 
calibration plots and error maps can be added to the production report. Mosaic standardization for sensors and 
years is also not implemented. If a new sensor exhibits different radiometric characteristics, the tabular feature 
distribution should be re-evaluated before using the trained model in a new area [28]. 

A quality-control experiment has been conducted to determine whether calibrated probabilities are superior to 
binary masks. The three priority classes of the predicted vectors for inspection by analysts were high-confidence 
accepted segments, ambiguous segments, and low-confidence rejected segments near the candidate boundary. 
Ambiguous parts accounted for less than a fifth of the object table but accounted for over half of the observed 
errors. Therefore, the relatively small number of reviews can be used to focus on areas requiring human 
judgment. Uncertainty flags can also distinguish between the two kinds of edits. Low-probability gaps in the 
otherwise stable pit wall generally required line completion, and high-probability clusters outside the pit needed 
to be deleted or locally tightened. The above working divisions cannot be obtained from the general hard 
classification map. 
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Figure 7. Ablation and engineering diagnostics: (a) feature-group ablation effects; (b) permutation importance of top predictors; (c) 

boundary-offset distributions in difficult settings; (d) uncertainty class versus manual correction effort. 
 

Conclusion 
This paper presents an AutoGluon-Tabular framework for open-pit mine boundary delineation from multi-
source remote-sensing mosaics. The workflow converts optical, SAR, terrain, texture and contextual mosaic 
descriptors into object-level records, trains an automated stacked ensemble, calibrates boundary probabilities 
and reconstructs vector boundaries through probability-gradient filtering. The study demonstrates that tabular 
automated learning can address mine-boundary delineation as a measurable engineering task rather than only 
as a thematic land-cover classification problem. 

Several limitations remain. The method depends on the quality of object segmentation, and boundary details 
may be lost where initial segments cross narrow benches or irregular pit walls. Reference labels also contain 
positional uncertainty, especially in reclaimed areas and in sites where the transition from active mine surfaces 
to surrounding land is gradual. Although calibration improves probability reliability, it cannot fully remove 
ambiguity caused by SAR layover, seasonal shadows, water-filled pits or newly disturbed ground absent from 
the training mosaics. 

Future research should extend the framework toward temporal boundary tracking, active learning for uncertain 
segments and hybrid models that combine tabular ensembles with lightweight spatial encoders. More attention 
should also be given to cross-region transfer, automated feature-distribution monitoring and integration with 
mine rehabilitation records. These directions would make boundary delineation more robust for long-term 
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monitoring and for operational mapping systems that must be updated as new remote-sensing mosaics become 
available. 
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