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Highlights
What are the main findings?

e A physics-constrained 1 x 1 CNN reconstructs NPP on a standardized baseline grid
while avoiding cross-pixel spatial smoothing.

e  The point-wise architecture improves local boundary fidelity relative to RF and
standard 3 x 3 CNN baselines in fragmented open-pit mining landscapes.

What are the implications of the main findings?

e  Channel-wise fusion of VMSI, AVEI, SAVEI, AAI-VHI, and WET provides an inter-
pretable GeoAl pathway for long-term ecological monitoring.

e  Boundary-preserving NPP reconstruction can support ecological restoration assess-
ment in highly heterogeneous mining regions without treating the task as spatial
downscaling.

Abstract

Continuous spatial reconstruction in highly fragmented landscapes remains a persistent
challenge in remote sensing and geographic information systems. Standardized products
such as MODIS Net Primary Productivity (NPP) provide temporally consistent ecological
baselines, but their moderate spatial resolution can obscure abrupt transitions in dis-
turbed environments. This study develops a biophysical index-guided 1 x 1 Convolutional
Neural Network (CNN) framework for NPP reconstruction over a mega-scale open-pit
mining landscape. The framework uses five Landsat-derived biophysical tensors—Vege-
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interpretable option for standardized ecological reconstruction at the MODIS baseline
grid scale.

Keywords: Convolutional Neural Network (CNN); Landsat; MODIS NPP; Net Primary
Productivity (NPP); open-pit coal mine

1. Introduction

Continuous spatiotemporal monitoring of the Earth’s surface is a fundamental re-
quirement in geographic information systems (GISs), remote sensing, and environmental
modeling [1]. Landsat Collection 2 surface reflectance archives provide radiometrically
corrected multispectral inputs for constructing annual biophysical predictors [2,3]. Global
standardized products such as the MODIS Net Primary Productivity (NPP) dataset pro-
vide temporally calibrated ecological baselines, but their moderate spatial resolution can
smooth local transitions in fragmented landscapes [4-7]. Rather than reconstructing a pre-
MODIS record, this study focuses on reconstructing standardized annual NPP patterns
during the MODIS-era observation period while using Landsat-derived biophysical infor-
mation to improve spatial representation within a common baseline grid.

Previous NPP estimation and monitoring studies provide useful guidance for inter-
preting this problem. Comparisons between MODIS-derived NPP and inventory- or re-
gion-based estimates show that standardized products are valuable for temporal con-
sistency, but their spatial support and land-cover mixture can introduce discrepancies that
should be made explicit during model interpretation [4]. Regional NPP studies further
indicate that water availability, anthropogenic activity, and disturbance intensity can
dominate vegetation productivity change in dryland or strongly managed landscapes
[5,6]. In mining areas, recent NPP and ecological quality assessments show that excavation,
overburden dumping, reclamation, and vegetation recovery produce heterogeneous
productivity responses rather than a single smooth regional trend [7-27]. These studies
suggest three methodological requirements for NPP estimation in open-pit mining land-
scapes: the target grid scale must be stated clearly, predictors should represent vegetation
condition, moisture, exposed-surface disturbance, and restoration status, and model eval-
uation should include spatial fidelity diagnostics in addition to global accuracy metrics.

In extremely fragmented environments, transitions among active mining pits, bare
overburden dumps, restored vegetation patches, and undisturbed reference areas are ab-
rupt and nonlinear. Global and regional remote sensing studies have shown that surface
coal-mining disturbance and reclamation can be mapped from Landsat and other satellite
records at annual to multi-decadal scales [8-12]. Ecological cumulative effect, reclamation,
and remote sensing ecological index studies further indicate that vegetation recovery and
environmental quality vary strongly across mining mosaics [13-16]. Traditional empirical
models and machine learning algorithms, such as Random Forest (RF), are widely used
for spatial regression, but they may produce patchy predictions when the input features
do not adequately represent underlying biophysical gradients. This limitation is espe-
cially important in boundary zones, where spectrally similar surfaces may have con-
trasting ecological functions.

Deep learning approaches, particularly Convolutional Neural Networks (CNNs),
have gained traction in remote sensing and geospatial data fusion [28-37]. Standard
CNNs employ multi-pixel receptive fields (e.g., 3 x 3 kernels) to leverage spatial context
and often improve global statistical metrics; this interpretation draws on spatial autocor-
relation theory and boundary-aware segmentation [38—40]. This neighborhood aggrega-
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tion is valuable for spatially continuous processes, but in highly fragmented open-pit min-
ing landscapes it can also mix adjacent grid cells that represent active pits, overburden
dumps, restored vegetation, and undisturbed reference areas. In this manuscript, 'spuri-
ous spatial autocorrelation' refers to this model-induced neighborhood smoothing when
it increases local similarity across abrupt functional boundaries without corresponding
evidence in the target grid. Multi-source spatiotemporal fusion studies have also demon-
strated the value of survey-based synthesis and hybrid deep learning frameworks [41-44],
with subsequent multitask, attention, transformer, geological remote sensing, and decade-
level review studies extending this literature [45-50].

To address this issue, this study proposes a biophysical index-guided 1 x 1 CNN
framework for standardized NPP reconstruction in a highly disturbed open-pit mining
landscape. Recent automated disturbance-mapping and exposed-coal index studies fur-
ther demonstrate that coal mine surface units can be identified from Landsat-based spec-
tra and autonomous sample generation workflows, but these advances do not directly
solve standardized NPP reconstruction [17-19]. The model restricts the convolutional re-
ceptive field to 1 x 1 and therefore performs point-wise nonlinear mapping across engi-
neered biophysical tensor channels. The objectives are: (1) to evaluate the predictive per-
formance of the 1 x 1 CNN against Random Forest and a standard 3 x 3 CNN at a unified
MODIS baseline grid resolution; (2) to quantify whether point-wise convolution reduces
boundary zone error and preserves gradient structure in fragmented mining landscapes;
and (3) to examine residual patterns and tensor contributions using spatial fidelity metrics
and permutation-based attribution [38—40].

2. Study Area and Data
2.1. The Mega-Scale Open-Pit Mine as a Spatial Testbed

The empirical testbed comprises the Heidaigou and Haerwusu open-pit mining com-
plexes in Ordos, Inner Mongolia, China. The area lies in a temperate continental semi-arid
climate zone where water limitation, bare overburden, excavation pits, and staged vege-
tation restoration generate sharp ecological gradients. The site was selected because these
abrupt transitions provide a demanding testbed for evaluating spatial fidelity at a stand-
ardized NPP baseline grid scale. Comparable mining area studies have emphasized re-
mote sensing indicators for reclamation and vegetation recovery [20-24], while ecological
quality and landscape-risk studies highlight the need to represent spatially heterogeneous
disturbance effects [25-27].

The modeling domain covers approximately 869 km? of valid MODIS grid cells
within the broader analysis extent of about 1201 km?. The landscape includes active min-
ing pits, overburden dumps, restored vegetation patches, and surrounding reference ar-
eas. The ROI boundary defines the complete standardized analysis domain used for
model training and evaluation, whereas the mining complex ROI identifies the focused
disturbance window used for later local spatial fidelity visualization. The local window
was selected algorithmically from high-gradient 2020 reference NPP cells to reduce sub-
jective window selection.

Figure 1 presents the geographic setting of the study area using an administrative
boundary base map. The ROI boundary delineates the standardized analysis domain sur-
rounding the Heidaigou-Haerwusu open-pit mining complex, while the mining complex
ROI marks the focused disturbance window used for local spatial fidelity visualization.
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Figure 1. Study area overview. (a) Location of the study area within China; (b) regional context
within Ordos, Inner Mongolia; and (c¢) administrative boundary overview of the Heidaigou—
Haerwusu open-pit mining complex. The red rectangle indicates the ROI boundary, and the orange

rectangle indicates the mining complex ROL

2.2. Multi-Source Geospatial Data Acquisition and Radiometric Rigor

The empirical implementation assembled annual Landsat-derived biophysical ten-
sors and MODIS NPP targets for 21 available years from 2000 to 2021, excluding 2012. The
omission of 2012 was applied consistently because the Landsat 5-to-Landsat 8 transition
created a temporal discontinuity in the annual Landsat composite sequence used by this
study; Landsat 7 ETM+ was not used as a primary data stream for model training. Across
the 21 years, the final modeling stack contained 94,878 valid point-wise samples for the 1
x 1 CNN and 86,856 valid 3 x 3 patch samples for the neighborhood baseline after edge
exclusion.

(1) Fine-Scale Spectral Primaries and Atmospheric Correction

Cloud-reduced multispectral surface reflectance matrices were ingested from Land-
sat 5 Thematic Mapper (TM) for 2000-2011 and Landsat 8 Operational Land Imager (OLI)
for 2013-2021. All scenes were sourced from the Landsat Collection 2, Tier 1, Level-2 ar-
chive, which provides systematically corrected surface reflectance products. We
acknowledge that Collection 2 processing improves radiometric consistency but does not
remove all cross-sensor spectral response differences between TM and OLI this uncer-
tainty is explicitly discussed as a limitation.

Atmospheric artifacts were suppressed using the specialized Land Surface Reflec-
tance Code (LaSRC) algorithm for Landsat OLI, and the Landsat Ecosystem Disturbance
Adaptive Processing System (LEDAPS) model for Landsat TM. These algorithms execute
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rigorous gaseous absorption and aerosol scattering corrections based on auxiliary atmos-
pheric characterization datasets [2,3].

Pixels flagged as cloud, cloud shadow, or high-confidence cirrus by the QA_PIXEL
bitmask were excluded, and annual median compositing during the peak growing season
was used to generate cloud-reduced spectral baselines. The year 2012 was omitted from
all model training, validation, and temporal display sequences to maintain consistency
during the Landsat 5-to-Landsat 8 sensor transition interval.

(2) Coarse Temporal Baseline Target

The MODIS annual Net Primary Productivity product (MOD17A3HGEF, Version 6.1)
served as the standardized baseline target. MOD17A3HGF provides annual NPP at a
nominal 500 m sinusoidal grid scale; after reprojection and clipping in this workflow, the
common modeling grid used EPSG:4326 with a pixel size of 0.004491576 degrees, corre-
sponding to approximately 500 m at the latitude of the study area. The target should there-
fore be interpreted as a MODIS-scale standardized NPP baseline rather than a fine-reso-
lution ground NPP.

2.3. Coordinate Homogenization and Grid Alignment Protocol

All multispectral bands, engineered biophysical tensors, and MODIS NPP targets
were co-registered to the common MODIS baseline grid used in the released raster stack.
The final grid is stored in EPSG:4326 with 88 columns and 71 rows for the 2020 clipped
study extent, a pixel size of 0.004491576 degrees, and bounds of 111.0812-111.4764E and
39.5708-39.8897N.

Fine-scale Landsat-derived tensor layers were resampled or aggregated to the target
NPP grid using bilinear resampling when dimensions differed from the MODIS grid. This
procedure ensures that every predictor vector and NPP target share the same spatial sup-
port. Consequently, all boundary fidelity results in this paper refer to local gradients and
boundary zones within the MODIS baseline grid; the framework is not presented as sub-
MODIS downscaling or super-resolution.

3. Materials and Methods

The geospatial data fusion framework consists of two components: (1) engineering
and grid alignment of biophysical index tensor predictors that describe localized vegeta-
tion, moisture, disturbance, and wetness conditions, and (2) a point-wise 1 x 1 CNN de-
signed to map these predictors to the standardized NPP target while limiting cross-
boundary information mixing.

3.1. Physical Tensor Engineering for Spatial Constraints

Five tensors were engineered from multispectral and thermal/atmospheric inputs be-
fore grid alignment. Prior Landsat-based exposed-coal and opencast-coal indices show
that spectral and thermal combinations can help separate coal-bearing or mining-dis-
turbed surfaces from surrounding vegetation and bare soils [18,19]. The tensor design also
follows the broader use of Tasseled Cap Wetness [51], soil-adjusted vegetation response
[52], and vegetation—temperature or drought-health indices as interpretable remote sens-
ing predictors [53-57]. In this study, the engineered tensors are physically interpretable
predictors rather than hard physical constraints in the loss function. Thus, the framework
is described as biophysical index-guided or physics-aware, not as a physics-constrained
neural network in the strict sense used for conservation-law or physics-consistency-loss
models [28-32].

(1) Vegetation Moisture Stress Index (VMSI) Tensor

In semi-arid disturbed landscapes, water availability is the primary limiting factor
causing sharp spatial gradients. We formulated the VMSI tensor to capture these acute
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moisture stress transitions mathematically. The VMSI is computed using a multi-band
spectral transformation (Equation (1)):

VMSI = 4 X (pgreen — Pnir) — (0.25 X ppeq + 2.75 X pswir1), M

DPereenPNIRPRedPswiri, Where Green, Red, NIR, and SWIR1 denote surface reflectance
in the green, red, near-infrared, and first short-wave infrared channels of the custom GEE
Landsat stack. The coefficients are not adopted directly from a published index; they were
retained from exploratory AWEI-sh-inspired band-combination trials as empirical
weights that enhanced the contrast between green/NIR vegetation response and
red/SWIR1 soil moisture or exposed-surface response in the study area. The VMSI tensor
is therefore empirical and unitless; it is standardized by Z-score normalization before
model fitting, and its coefficients should be recalibrated before transfer to other landscapes.

(2) Anti-Vegetation Environment Index (AVEI) Tensor

AVEI was used to represent environmental stress by coupling vegetation vigor with
thermal/atmospheric adjustment terms (Equation (2)). NDVI is defined as (NIR -
Red)/(NIR + Red), VAF is the vegetation adjustment factor calculated as 0.004 x NDVI +
0.986, TAF is the thermal/atmospheric adjustment factor calculated as STATRAN x 0.0001
+ 0.1, and AVEI = TAF/[1 + TAF x In(VAF)]. In this workflow, STATRAN denotes the
Landsat atmospheric transmittance adjustment band extracted in the custom GEE Landsat
stack; the 0.0001 factor applies the scale conversion used in the stack, and the 0.1 offset
keeps TAF positive for logarithmic transformation. Values of VAF <= 0 were replaced by

a small positive constant before the logarithm to avoid invalid operations.
TAF

AVEl = —— @)

1+ TAF x In(VAF)’

Together, VMSI and AVEI provide the neural network with disturbance- and mois-
ture-sensitive predictors that help separate functionally different land covers within the
standardized grid. They do not impose a separate physical constraint term; rather, they
guide the point-wise mapping through interpretable input channels.

(3) Soil Adjusted Vegetation Environment Index (SAVEI) Tensor [51,52]

SAVEI is not the classical SAVI. In this study, SAVEI denotes a normalized stress
ratio tensor derived from AVEI and TAF, calculated as SAVEI = (AVEI - TAF)/(AVEI +
TAF) (Equation (3)). This ratio places environmental stress information on an approxi-
mately bounded normalized scale and reduces the dominance of raw thermal/atmos-

pheric magnitude during neural network optimization.

CAVEL = AVEI — TAF 3)
" AVEI + TAF

Because SAVEI is a normalized difference form, it is unitless and approximately
bounded near [-1, 1] when the denominator is positive. Denominators equal to zero were
handled by safe division. The index is used only as a model predictor and should not be
confused with Huete’s soil-adjusted vegetation index (SAVI) [52].

(4) Comprehensive Vegetation Health Index (AAI-VHI) Tensor

AAI-VHI fuses vegetation condition and environmental stress. VCI is calculated as
100 x (NDVI = NDVImin)/(NDVImax — NDVImin), while the stress component is calcu-
lated as 100 x (SAVEImax — SAVEI)/(SAVEImax — SAVEImin). AAI-VHI is the sum of
these two normalized components and is therefore approximately bounded in [0, 200] be-
fore standardization. In this implementation, min-max bounds were computed within the
available raster stack used for tensor generation.

(5) Tasseled Cap Wetness (WET) Tensor [51]

Tasseled Cap Wetness (WET) was integrated as a complementary indicator of soil
and canopy moisture content [51]. Together, VMSI, AVEI, SAVEI, AAI-VHI, and WET
form the five-channel predictor space used by the 1 x 1 CNN implementation. All tensors
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were transformed to the common target grid and Z-score-standardized using training
split statistics before model fitting.

3.2. The Biophysical Index-Guided 1 x 1 CNN Architecture

The methodological role of the 1 x 1 convolution is to perform nonlinear channel fu-
sion independently at each grid cell. A 3 x 3 convolution integrates the eight neighboring
grid cells around the target cell, which can be beneficial when the response is spatially
smooth. In fragmented open-pit mining landscapes, however, this neighborhood opera-
tion may blend functionally distinct adjacent cells. The 1 x 1 model was therefore used as
a deliberately point-wise architecture for testing whether excluding neighboring cells im-
proves local spatial fidelity at the MODIS baseline grid scale, drawing on CNN-based re-
mote sensing modeling [33-37] and spatial boundary analysis concepts [38-40].

To reduce spatial blurring caused by cross-pixel convolution, the proposed architec-
ture restricts the convolutional receptive field to 1 x 1. Let the input feature tensor for a
given scene at the unified baseline resolution be defined as X € R"*"*¢, where H and W
represent grid height and width, and C =5 denotes the five engineered tensor channels:
VMSI, AVE] SAVEI, AAI-VHI, and WET. The input array was normalized using Z-score
standardization based on the training data to improve numerical stability and gradient
scaling (Equation (4)):

< Xc— e

Xe=—"— 4)

where p. and o, represent the empirical mean and standard deviation calculated across
the training split for channel c.

The network consists of a sequential arrangement of 1 x 1 2D convolutional layers.
The core mathematical transformation within the first hidden layer is formulated as Equa-
tion (5):

c
H.) i = RelU (Z Wi Raye + bff)) (5)
c=1

where W§11) .k Tepresents the weights of the k-th filter mapping the c-th input channel to
a1 x 1 spatial extent, b,il) is the localized bias parameter, and {ReLU}(z) = max(0,z) is
the Rectified Linear Activation function applied element-wise to break linearity.

(x £ Ax, y £ Ay). With 1 x1 kernels, the network does not draw information from
neighboring spatial coordinates during convolution. Instead, it performs nonlinear map-
ping along the channel dimension for each grid cell, which is functionally similar to ap-
plying a shared multilayer perceptron to every grid cell feature vector. The advantage of
the CNN implementation is weight sharing over raster tensors, direct compatibility with
raster inference workflows, and a controlled comparison against the 3 x 3 spatial CNN
baseline. Future work should compare this design with standalone MLP, XGBoost, SVR,
and GAM baselines.

Figure 2 summarizes the methodological framework and the internal structure of the
proposed point-wise 1 x 1 CNN. The five engineered biophysical tensor channels are or-
ganized as a channel vector for each standardized grid cell. The neural pathway then ap-
plies 1 x 1 convolutional transformations, dropout regularization, a dense nonlinear map-
ping, and a final linear output layer to estimate NPP for the same grid cell. Because the
convolutional receptive field remains 1 x 1 throughout the spatial pathway, no neighbor-
ing grid cells are aggregated during feature extraction.

https://doi.org/10.3390/rs18142395



Remote Sens. 2026, 18, 2395

8 of 18

Methodological Framework and Point-wise 1x1 CNN Architecture
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Figure 2. Methodological framework and network architecture of the biophysical index-guided 1 x
1 CNN. (a) Five physical tensor inputs (VMSI, AVEI, SAVEI, AAI-VHI, and WET) are aligned to the
same standardized baseline grid; (b) point-wise neural mapping applies the same channel-wise 1 x
1 Conv2D, dropout, dense, and linear output operations independently to each grid cell; and (c) the
output is a standardized NPP grid. The arrows indicate data flow from tensor inputs through the
neural mapping pathway to the NPP output, and the crossed 3 x 3 grid denotes that no neighboring
pixels are aggregated during feature extraction.

3.3. Algorithmic Optimization and Hyperparameter Configquration

The 1 x 1 CNN architecture was optimized using Bayesian hyperparameter tuning
implemented with Keras 3.5.0 and the Keras Tuner BayesianOptimization tuner. The
search objective minimized validation MSE using an internal validation split during train-
ing. The search space included filters in {32, 64, 96, 128} for each 1 x 1 Conv2D layer, dense
units in {32, 64, 96, 128}, dropout rates from 0.2 to 0.5 at 0.1 intervals, a maximum of 10
Bayesian trials, 50 epochs during tuning, and an 80/20 validation split within the training
data.

The selected 1 x 1 CNN contained two 1 x 1 Conv2D layers with 96 filters each, 1 x 1
max-pooling layers that do not expand the receptive field, dropout rates of 0.2 and 0.4
after the convolutional blocks, a dense layer with 128 units, a final dropout rate of 0.2, and
a linear output layer. The model was trained with Adam, MSE loss, a batch size of 32
under the original Keras default unless otherwise specified, early stopping patience of 10
epochs, restore_best_weights = True, and random seed 42 for the train-test split. The final
model contains 22,433 trainable parameters.

The objective loss function selected for network backpropagation was the Mean
Squared Error (MSE), defined mathematically as Equation (6):

N

1
Luse =5 ) O = 9% ©)
i=1

Model optimization was conducted using the Adam (Adaptive Moment Estimation)
optimizer. To guarantee generalization stability and prevent computational over-fitting,
the training runtime was constrained by an early stopping mechanism. The patience
threshold was strictly set to 10 epochs (patience = 10); if the validation loss failed to exhibit
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a structural decrease over 10 consecutive iterations, the training loop was automatically
terminated, and the optimal model weights were restored (restore_best_weights = True).

For benchmarking, the proposed model was compared with two baseline algorithms
under the released supplementary implementation. The dataset was split into training
and testing subsets using an 80/20 random split with a fixed random seed of 42. Model
selection used an internal validation split and early stopping. Because random splitting
can overestimate performance for spatiotemporal raster data with repeated locations, this
design is treated as a baseline evaluation rather than a fully spatially independent valida-
tion; this limitation is discussed explicitly in Section 5.3.

Baseline 1 (Random Forest): A pure machine learning regressor parameterized with
100 independent decision trees (n_estimators = 100) and restricted to a maximum depth
of 15 (max_depth = 15) to control tree complexity [58].

Baseline 2 (Standard 3 x 3 CNN): A conventional spatial deep learning network fea-
turing multi-pixel receptive fields. This architecture was designed with two 3 x 3 Conv2D
layers (64 filters each) and dual dropout layers (rate = 0.3), and was optimized over 100
epochs using a batch size of 256 [33-37,40].

The benchmarking protocol isolates the impact of the spatial receptive field (1 x 1 vs.
3 x 3) while keeping the same MODIS-scale target. The comparison therefore evaluates
the trade-off between global statistical convergence and local boundary fidelity, rather
than claiming universal superiority of one architecture.

4. Results
4.1. Global Statistical Performance and Accuracy Assessment

The overall predictive accuracy of the biophysical index-guided 1 x 1 CNN was eval-
uated against Random Forest (RF) and a standard 3 x 3 CNN baseline under the same
train—test protocol. Table 1 summarizes the global performance metrics and computa-
tional characteristics of the three models. The standard 3 x 3 CNN achieved the highest
global statistical accuracy (R?=0.8963, RMSE = 176.42), closely followed by RF (R2=0.8938,
RMSE =178.48). The 1 x 1 CNN yielded a slightly lower global coefficient of determination
(R2=0.8766) and a higher RMSE (191.90), while using fewer trainable parameters than the
3 x 3 CNN. These results indicate that global error minimization and local spatial fidelity
should be interpreted as complementary objectives [58].

Table 1. Global performance metrics of RF, standard 3 x 3 CNN, and biophysical index-guided 1 x

1 CNN.
Model Rz RMSE MAE Params Inference Time (s)
Random Forest 0.8938 178.48 132.29 N.A. 0.06
Standard 3 x 3 CNN 0.8963 176.42 135.13 44,097 0.79
Biophysical index-guided 1 x 1 CNN 0.8766 191.90 144.73 22,433 1.38

Note: RF and 3 x 3 CNN MAE values were recovered by re-evaluating the archived baseline models
with the original 3 x 3 patch construction, 80/20 random split, and random seed 42. The 1 x 1 CNN
inference time was newly timed over five runs on the saved model and scaler; archived RF and 3 x

3 inference times are retained from the original baseline report.

To further diagnose model behavior, predicted NPP values were plotted against ref-
erence NPP values for the three algorithms (Figure 3). The scatter distributions broadly
follow the 1:1 reference line, indicating that none of the models exhibits severe systematic
overestimation or underestimation. However, scatter plots and global metrics do not ex-
plicitly reveal whether abrupt geomorphological and ecological boundaries are preserved.
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Therefore, the subsequent analysis focuses on spatial fidelity and residual organization in
highly fragmented mining landscapes [38-40,59-62].
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Figure 3. Accuracy assessment scatter plots comparing predicted and reference NPP values for RF,
standard 3 x 3 CNN, and the biophysical index-guided 1 x 1 CNN. The dashed red line represents
the 1:1 reference line.

4.2. Assessment of Local Spatial Fidelity

To assess spatial blurring and the preservation of geomorphological boundaries, a
local subset with extreme spatial heterogeneity was extracted for visual comparison (Fig-
ure 4). The window was selected from the 2020 reference NPP field using maximum local
gradient magnitude, thereby focusing on an abrupt transition zone without manually
choosing a visually favorable example. The comparison includes the reference NPP field,
RF predictions, standard 3 x 3 CNN predictions, and 1 x 1 CNN predictions over the same
spatial window [38-40,59-62].

Local Spatial Fidelity Comparison (2020; crop center row=38, col=36)

Random Forest Standard 3x3 CNN

Physics-constrained 1x1 CNN

- 2750

- 2500

- 2250

- 2000

NPP

- 1750
= 1500
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=750

Figure 4. Local spatial fidelity comparison for the 2020 reference NPP field and predictions from RF,
standard 3 x 3 CNN, and biophysical index-guided 1 x 1 CNN. The selected crop highlights abrupt

transitions between disturbed and restored grid cells.

The visual comparison reveals distinct algorithmic behaviors. RF predictions exhibit
a patchy, pixelated distribution, reflecting its cell-wise decision structure. The standard 3
x 3 CNN produces smoother transitions across the local boundary zone; this behavior can
improve global error statistics but may also blend sharply contrasting land-cover units
into intermediate values. In contrast, the 1 x 1 CNN reduces cross-boundary smoothing
by mapping each grid cell through its own five-channel tensor vector. This result should
be interpreted at the MODIS baseline grid scale, not as evidence of fine-resolution surface
boundary reconstruction.
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4.3. Spatial Distribution of Prediction Residuals

Spatial residual heatmaps were generated as the difference between predicted and
reference NPP values to examine whether prediction errors were randomly distributed or
structurally concentrated along landscape boundaries (Figure 5). In addition, quantitative
spatial fidelity metrics were calculated for the 2020 full-domain raster comparison (Table
2). Boundary zones were defined as the top 10% of reference NPP gradient magnitude
among valid 2020 cells, producing 452 boundary zone cells.

Spatial Residual Heatmaps at Abrupt Landscape Boundaries

Random Forest Standard 3x3 CNN Physics-constrained 1x1 CNN 800
- B I
m i
| ] | - ] LJ d - m - 600 2
[ B | 2
| - = ‘- 3
= . | - 400 2
1 a = = | o
| I " ] o
u - m ] -200 2
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- -400 §
2
- 600 B
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Figure 5. Spatial residual heatmaps for RF, standard 3 x 3 CNN, and biophysical index-guided 1 x
1 CNN. Residuals are calculated as predicted NPP minus reference NPP for the same local window

used in Figure 4.

The residual maps show that the standard 3 x 3 CNN tends to produce organized
residual structures around abrupt boundary zones, consistent with the smoothing effect
introduced by multi-pixel receptive fields. The full-domain 2020 spatial fidelity metrics
further show that the 1 x 1 CNN had the lowest full-domain RMSE (229.62) and MAE
(169.32), the highest gradient correlation with the reference NPP field (0.611), and lower
boundary zone error than the 3 x 3 CNN (boundary RMSE 376.07 versus 515.40; boundary
MAE 297.35 versus 356.62). These results support the interpretation that point-wise map-
ping can improve local spatial fidelity even though the 3 x 3 CNN achieved slightly better
random-split global accuracy.

Table 2. Quantitative spatial fidelity metrics for the 2020 full-domain raster comparison. Boundary

zone cells are the top 10% of reference NPP gradient magnitude among valid cells.

Boundary Boundary

Model Full RMSE Full MAE RMSE MAE n  Gradient Corr. Residual Moran’s I
Random Forest 475.70 416.32 339.95 274.08 452 0.503 0.842
Standard 3 x 3 CNN 424 .38 231.22 515.40 356.62 452 0.299 0.523
Biophysical index- 229.62 169.32 376.07 29735 452 0.611 0.702

guided 1 x 1 CNN

4.4. Long-Term Temporal Continuity of Reconstructed NPP

Because the objective of this study is not only annual prediction but also long-term
standardized NPP reconstruction, representative grid cell trajectories were extracted from
the multi-decadal reconstructed NPP stack (Figure 6). The selected grids cover high-
change, low-productivity disturbed, high-productivity restored, and median-change con-
ditions, thereby illustrating whether the reconstructed series remains temporally coherent
across contrasting ecological states.
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The reconstructed trajectories exhibit continuous multi-year dynamics rather than
isolated annual noise. Disturbed grids maintain lower NPP levels or delayed recovery,
whereas restored or high-productivity grids show higher and more stable NPP trajectories.
High-change grids capture stronger temporal fluctuations, consistent with disturbance—
reclamation dynamics in open-pit mining regions. These temporal patterns demonstrate
that the proposed framework can support ecological interpretation of multi-decadal NPP
dynamics at the standardized baseline grid scale; they should not be interpreted as inde-
pendent validation against ground-measured NPP.

Long-term Temporal Continuity of Reconstructed NPP

22012 gap

1995 2000 2005 2010 2015 2020
Year

Figure 6. Long-term temporal continuity of reconstructed NPP for representative grid cells. The
vertical dotted line marks the 2012 data gap associated with the Landsat 5-to-Landsat 8 transition

and the exclusion of 2012 from the reconstruction sequence.

4.5. Computational Complexity and Efficiency

Beyond spatial accuracy, computational efficiency is important for multi-year geo-
spatial reconstruction. The 3 x 3 CNN requires multi-pixel spatial filters, whereas the 1 x
1 CNN reduces convolutional operations by applying point-wise kernels. The final 1 x 1
model contains 22,433 trainable parameters compared with 44,097 parameters in the 3 x 3
CNN. A newly timed inference test on the saved 1 x 1 model and scaler yielded an average
of 1.38 s across five runs for 18,976 test samples. Because hardware, batch size, and input
construction affect timing, efficiency results are interpreted as indicative rather than de-
finitive.

Taken together, the results identify three main outcomes. First, the standard 3 x 3
CNN achieved the best random-split global accuracy, whereas the 1 x 1 CNN remained
competitive while using a point-wise receptive field. Second, the 1 x 1 CNN better pre-
served local NPP gradients and reduced full-domain and boundary zone errors in the
2020 spatial fidelity assessment. Third, the multi-year trajectories and tensor attribution
analysis indicate that the reconstructed NPP series is temporally coherent and mainly
driven by stress-, disturbance-, and moisture-sensitive biophysical indices.

5. Discussion
5.1. The Trade-Off Between Global Metrics and Local Spatial Fidelity

A pervasive challenge in geospatial deep learning is the over-reliance on global sta-
tistical metrics (e.g., R2 and RMSE) during model optimization. As demonstrated in Table
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SAVEI

AVEI

WET

AAI-VHI

VMSI

1, the standard 3 x 3 CNN marginally outperformed the 1 x 1 CNN in random-split global
accuracy. However, in highly fragmented landscapes such as open-pit mines, optimizing
purely for global agreement can encourage neighborhood smoothing. Multi-pixel convo-
lutions act as local filters that reduce variance by absorbing surrounding pixel values,
which can increase agreement with a moderate-resolution target while degrading bound-
ary zone fidelity [38—40,58-62].

This study therefore evaluates both global predictive accuracy and local spatial fidel-
ity. The 3 x 3 CNN achieved slightly higher random-split accuracy, but its neighborhood-
based receptive field produced higher boundary zone RMSE and lower gradient corre-
spondence in the 2020 spatial fidelity assessment. The 1 x 1 CNN intentionally sacrifices
access to neighboring pixels and learns channel-wise relationships at each grid cell. This
design is appropriate when the research objective is standardized grid cell reconstruction
rather than spatial downscaling or super-resolution.

5.2. Interpretability via Biophysical Tensor Attribution

Permutation-based feature attribution was used as an explainable Al diagnostic for
the final 1 x 1 CNN (Figure 7) [63]. The analysis was conducted on the independent 20%
test split. Each tensor channel was permuted 10 times while all other channels were held
fixed, and importance was measured as the mean increase in RMSE relative to the unper-
muted baseline prediction. Larger RMSE increases indicate stronger model sensitivity to
the corresponding biophysical tensor.

1x1 CNN Feature Attribution

T T T T T

10 20 30 40 50
Permutation contribution (%)

Figure 7. Permutation-based feature attribution of the five biophysical tensor channels for the final
1 x 1 CNN. Contributions are calculated from 10 repeated permutations on the independent test

split using RMSE increase as the evaluation metric.

The attribution results show that SAVEI produced the largest relative contribution
(51.3%), followed by AVEI (22.6%), WET (12.9%), AAI-VHI (10.9%), and VMSI (2.4%). This
pattern suggests that normalized environmental stress, atmospheric/thermal adjustment,
and wetness information were central to the point-wise NPP mapping. The attribution
should be interpreted as model sensitivity under the trained feature distribution, not as
causal proof of ecological drivers.
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5.3. Applicability and Limitations

The proposed framework offers a scalable option for reconstructing standardized ge-
ospatial records at the MODIS NPP baseline grid. It is especially suitable for landscapes
where adjacent grid cells may represent functionally distinct ecological states, such as ac-
tive pits, overburden dumps, restored vegetation patches, and undisturbed reference ar-
eas. This landscape framing is consistent with surface coal-mining monitoring studies that
map disturbance and reclamation at global or regional scales [8-12]. It also aligns with
automated disturbance or exposed-coal mapping [17-19], reclamation and vegetation re-
covery assessments [13-16,20-24], and ecological quality or landscape-risk studies in min-
ing areas [25-27]. The main added value relative to the MODIS NPP product is not the
creation of sub-MODIS ground truth, but the use of Landsat-derived biophysical indices
to generate a spatially conservative, interpretable reconstruction within the same stand-
ardized baseline support.

Several limitations should be acknowledged. First, the target variable is MODIS NPP
at a moderate baseline grid scale, so the model cannot verify fine-scale real surface bound-
aries below the MODIS support. Second, the random 80/20 split may be affected by spatial
and temporal autocorrelation because the same locations recur across years; future work
should include spatial block, year block, leave-one-year-out, or mining/restoration zone
holdout validation. Third, no independent ground NPP measurements were available for
external validation. Fourth, cross-sensor consistency between Landsat 5 TM and Landsat
8 OLI remains a source of uncertainty even when Collection 2 Level-2 products are used.
Fifth, the customized tensors are empirical indices whose coefficients and bounds may
require recalibration in other landscapes. Finally, although the local visualization window
was selected by a gradient criterion, broader multi-window and multi-year boundary as-
sessments would further strengthen the evidence.

6. Conclusions

This study developed a biophysical index-guided 1 x 1 Convolutional Neural Net-
work for standardized NPP reconstruction in the Heidaigou-Haerwusu open-pit mining
landscape. The framework integrates Landsat-derived biophysical tensors with the
MODIS annual NPP baseline while deliberately restricting the convolutional receptive
field to each grid cell. The main contribution is therefore not sub-MODIS super-resolution,
but a spatially conservative and interpretable reconstruction strategy for fragmented dis-
turbance-restoration mosaics.

With respect to Objective 1, the benchmark comparison showed that the standard 3
x 3 CNN achieved the highest random-split global accuracy (R? = 0.8963, RMSE = 176.42),
followed closely by Random Forest (R2=0.8938, RMSE = 178.48). The proposed 1 x 1 CNN
obtained a slightly lower global accuracy (R? = 0.8766, RMSE = 191.90), confirming that
global statistical fit and local spatial fidelity should be treated as complementary evalua-
tion criteria rather than a single performance target.

With respect to Objective 2, the 2020 full-domain spatial fidelity assessment showed
that the 1 x 1 CNN reduced spatial error and preserved local gradients more effectively
than the neighborhood-based 3 x 3 CNN. The 1 x 1 CNN produced the lowest full-domain
RMSE (229.62) and MAE (169.32), the highest gradient correlation (0.611), and lower
boundary zone error than the 3 x 3 CNN (boundary RMSE 376.07 versus 515.40; boundary
MAE 297.35 versus 356.62). These results support the use of point-wise convolution when
adjacent MODIS-scale cells represent functionally distinct mining, dumping, restored,
and reference conditions.

With respect to Objective 3, residual maps, long-term trajectories, and permutation-
based attribution clarified how the model behaves. The residual analysis showed less
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cross-boundary smoothing for the 1 x 1 CNN, the reconstructed trajectories captured co-
herent multi-year differences among disturbed and restored grid cells, and the attribution
results identified SAVEI (51.3%), AVEI (22.6%), WET (12.9%), AAI-VHI (10.9%), and VMSI
(2.4%) as the relative tensor contributions. These findings indicate that normalized envi-
ronmental stress, atmospheric/thermal adjustment, and wetness information are im-
portant for MODIS-scale NPP reconstruction in this mining landscape.

Future work should strengthen the framework through independent ground or flux-
based NPP validation, spatial block and year block cross-validation, leave-one-year-out
and mining/restoration zone holdout tests, and multi-site transfer experiments across dif-
ferent mining and reclamation settings. Additional comparisons with MLP, XGBoost, SVR,
GAM, and physics-informed or process-guided models would further clarify the ad-
vantages and limits of point-wise convolution. Future applications should also recalibrate
empirical tensor coefficients, test broader multi-window boundary diagnostics, and ex-
plore higher-resolution sensor fusion where independent fine-scale productivity observa-
tions are available.
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