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Highlights

What are the main findings?

• DRAFNet improves both overall accuracy and spatial coherence by treating multi-
product land-cover fusion as a pixel- and class-specific reliability decision problem,
outperforming the individual source products and benchmark methods.

• The fused maps provide clearer delineation of cropland, forestland, and grassland in
areas of pronounced product disagreement. In a supplementary country-level com-
parison, DRAFNet also showed lower mean and median absolute log-ratio deviations
from FAO area statistics than the source products.

What are the implications of the main findings?

• Explicitly modeling product disagreement and spatially varying reliability provides an
effective strategy for retaining reliable consensus while correcting unreliable or jointly
incorrect source-product decisions in heterogeneous arid and semi-arid landscapes.

• More coherent key-class maps can strengthen transboundary land-resource assessment
and ecological management across the five Central Asian countries.

Abstract

Reliable cropland, forestland, and grassland maps support resource assessment and ecolog-
ical management in arid and semi-arid Central Asia. Existing land-cover products often
delineate these classes differently, vary in reliability across classes and locations, and may
share the same errors even when they agree. This study formulates multi-product fusion as
a pixel- and class-specific reliability decision problem. To address this problem, we pro-
pose a reliability-adaptive fusion framework, the Discrepancy-Aware Reliability-Adaptive
Fusion Network (DRAFNet), using 2020 maps from three global 30 m land-cover products—
FROM-GLC Plus, GLC-FCS30D, and GlobeLand30—and variables representing aridity,
temperature, precipitation, elevation, and slope. Unlike fixed-weight fusion methods and
segmentation models that use the source products only as input channels, DRAFNet retains
the categorical source decisions and adjusts each contribution according to its estimated
reliability for the assigned class and location. Weight removed from an unreliable source is
transferred to a residual expert, which provides an alternative prediction when the source
products are unreliable or share the same error. Voting entropy and geo-environmental
variables provide contextual information for this decision. On independent test samples
from the five Central Asian countries, DRAFNet achieved an overall accuracy (OA) of
0.8275, a Kappa coefficient of 0.7698, a mean intersection over union (mIoU) of 0.7046,
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and a macro-averaged F1 score (Macro F1) of 0.8241. These values were 0.95–1.38 percent-
age points higher than those of U-Net++, the strongest benchmark. Local comparisons
indicated more coherent spatial patterns and clearer boundaries in areas of pronounced
disagreement. The mean and median absolute log-ratio deviations from area statistics
reported by the Food and Agriculture Organization of the United Nations (FAO) were 0.618
and 0.450, respectively, both lower than those of the source products. These results support
land-resource assessment and ecological management in Central Asia.

Keywords: Central Asia; land-cover mapping; data fusion; semantic segmentation; key
land classes

1. Introduction
Central Asia lies in the interior of the Eurasian continent and is one of the world’s

representative arid and semi-arid regions. Limited water availability and ecological vulner-
ability make the balance between land use and ecological conservation particularly delicate
across the region [1–3]. Although cropland, forestland, and grassland differ in areal extent
and spatial configuration, they underpin oasis agriculture, mountain ecological barriers,
and pastoral production, respectively, and are therefore central to understanding patterns of
resource use and ecological security in Central Asia [4–6]. Accurate characterization of their
spatial extent and distribution patterns is essential for cropland-resource accounting, forest-
cover monitoring, and grassland-resource assessment, and provides a fundamental basis
for land-resource assessment and ecological management in the region [7–9]. These regional
concerns are further reflected in recent studies showing pronounced vegetation sensitivity
to soil-moisture stress across Central Asia and substantial shrub-encroachment-related
changes in alpine grassland ecosystem services [10,11].

Existing land-cover products provide important sources of spatial information on
land classes, but their delineations of the same class are not fully consistent [12,13]. Differ-
ences in input data, classification schemes, sample provenance, and mapping strategies
result in discrepancies among products in their representation of the extent and bound-
aries of cropland, forestland, and grassland across Central Asia [14,15]. These discrepan-
cies not only reduce the accuracy of spatial representations of key land classes but also
propagate into resource-quantity estimates, interpretations of land-cover patterns, and
assessments of ecological functions, thereby undermining the reliability of regional land-
resource assessments.

To address the unstable identification of key land classes by individual products in
complex landscapes, recent studies have sought to exploit the discrepancies and comple-
mentary information among multiple products [16,17]. Individual products have distinct
strengths in class identification, spatial detail, and regional applicability [18]. Jointly con-
sidering the consistency of their class assignments and their local reliability can reduce
the influence of product-specific biases and produce more plausible spatial extents and
boundaries for key land classes [19].

Nevertheless, existing approaches remain limited in their ability to handle discrep-
ancies among source products. Traditional voting-, rule-, and region-based weighting
methods are straightforward to implement, readily interpretable, and relatively insensitive
to the availability of training samples. However, they generally assume that the contribu-
tions of source products remain relatively fixed and therefore cannot adequately capture
product-specific performance variations across land classes and locations [20–22]. Some
machine learning methods can incorporate auxiliary variables and model nonlinear rela-
tionships, but they are less effective at representing pixel-level variations in inter-product
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discrepancies and preserving spatial continuity [23,24]. Although general-purpose deep
learning methods can extract complex features, most have been developed for individual
remote-sensing image classification or conventional semantic segmentation. Decision-level
fusion of multiple land-cover products remains comparatively underexplored [25–27]. Re-
lated research using historical land-cover products as prior supervision has also shown that
product-derived labels can contain scale-response and model-cognitive noise, indicating
that prior map information should not be regarded as uniformly reliable [28]. Thus, a
remaining challenge is to determine when a categorical source decision should be retained
and when it should be corrected, including cases in which all source products agree on the
same incorrect class.

Accordingly, this study addresses the inconsistent delineation of cropland, forest-
land, and grassland by existing land-cover products across the heterogeneous arid and
semi-arid landscapes of the five Central Asian countries. These inconsistencies limit the
construction of spatially coherent information required for cropland-resource accounting,
forest-cover monitoring, and grassland-resource assessment across the region. We for-
mulate multi-source land-cover product fusion as a spatially varying reliability decision
problem: source products may differ in reliability across land classes and locations, and
their consensus may still be incorrect. To address this problem, we develop a Discrepancy-
Aware Reliability-Adaptive Fusion Network (DRAFNet). DRAFNet integrates three
30 m land-cover products—FROM-GLC Plus, GLC-FCS30D, and GlobeLand30—with geo-
environmental variables representing aridity, temperature, precipitation, elevation, and
slope. It explicitly models inter-product disagreement, estimates source-product reliability,
and provides residual correction for predictions with low estimated reliability.

The main contribution of DRAFNet is a reliability-adaptive decision framework for
fusing categorical land-cover products. Instead of assigning a fixed weight to an entire
product or learning a direct prediction from stacked product maps, DRAFNet evaluates the
class decision made by each source product at each pixel and determines how much that
decision should contribute to the final result. Specifically, (1) multi-source class priors and
voting entropy describe product agreement and disagreement, while dual-stream feature
fusion relates these patterns to regional moisture, thermal, and topographic conditions;
(2) the Reliability head is supervised according to whether the class assigned by each source
product matches the reference label, allowing the estimated reliability to vary by source
product, location, and assigned class; and (3) RADF uses these reliability estimates to
retain reliable source decisions and transfers the attenuated portion of an unreliable source
product’s routing weight to the residual expert. This transfer preserves the total routing
weight and provides an alternative class prediction when the source products are unreliable
or share the same error. The framework is evaluated across the five Central Asian countries
using independent test samples, ablation experiments, local spatial comparisons, country-
level accuracy, a supplementary comparison with FAO area statistics, and an assessment of
computational efficiency.

2. Materials and Methods
2.1. Study Area and Data Sources

The study area comprises Kazakhstan, Kyrgyzstan, Tajikistan, Turkmenistan, and
Uzbekistan (Figure 1). Central Asia is dominated by arid and semi-arid landscapes, with
deserts, semi-deserts, and steppes forming the prevailing land-cover matrix. Cropland
occurs mainly in oases, river valleys, and irrigated plains, whereas forestland is concen-
trated in mountainous and adjacent areas [29–31]. Relief is generally low across the western
and central parts of the region but rises markedly toward the southeastern mountain
systems [32]. These pronounced moisture, thermal, and topographic gradients create
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heterogeneous settings for mapping oasis cropland, mountain forestland, and extensive
grassland and for assessing consistency among land-cover products.

 

Figure 1. Overview of the study area and sample distribution: (a) location of the study area;
(b) elevation distribution; and (c) spatial distribution of the filtered reference samples used for
training, validation, and testing.

Three global 30 m land-cover products were used as source products: FROM-GLC
Plus [33], GLC-FCS30D [34], and GlobeLand30 [35]. Their respective 2020 land-cover
maps were selected for fusion and comparison. The year 2020 was selected because it
was the latest common reference year available for the three 30 m land-cover products
when the dataset was constructed, allowing the source products to be harmonized within
the same analysis period. The geo-environmental variables comprised the aridity index
from the Global Aridity Index and Potential Evapotranspiration Database [36], mean
temperature of the warmest quarter and annual precipitation from WorldClim [37], and
the digital elevation model (DEM) from NASADEM [38]. Slope was derived from the
DEM. Together, these variables represent the regional moisture, thermal, and topographic
conditions relevant to the distributions of the three key land classes. Further details are
provided in Table 1.

Reference samples were obtained by visually interpreting high-resolution Google Earth
imagery. The initial sample set comprised 5000 points for each of forestland, grassland,
and cropland; 4000 for bare land; 2500 for shrubland; and 500 each for built-up areas and
wetlands. To reduce spatial autocorrelation, points separated by less than 1000 m were
removed, and the remaining samples were divided into training, validation, and test sets
at a ratio of 7:2:1. After the 1000 m spatial-autocorrelation filter and class harmonization,
24,000 samples were retained for the four-class classification task, with 6000 samples for
each harmonized class. The training, validation, and test sets contained 16,800, 4800, and
2400 samples, respectively, corresponding to 4200, 1200, and 600 samples per class.
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Table 1. Data sources and basic information.

Dataset Resolution Year/Period Source

FROM-GLC Plus 30 m 2020
Department of Earth System Science,
Tsinghua University/iEarth
DataHub, Pengcheng Laboratory

GLC-FCS30D 30 m 2020
CASEarth/Aerospace Information
Research Institute, Chinese Academy
of Sciences

GlobeLand30 30 m 2020 National Geomatics Center of China

Global Aridity Index 30′′ 1970–2000 Global Aridity Index and Potential
Evapotranspiration Database v3

BIO10:Mean temperature of warmest
quarter 30′′ 1970–2000 WorldClim version 2.1 bioclimatic

variables

BIO12:Annual precipitation 30′′ 1970–2000 WorldClim version 2.1 bioclimatic
variables

DEM 1′′ 2000 NASADEM Merged DEM Global 1
arc second V001

Slope 1′′ 2000 Derived from DEM

To help readers understand the dataset structure and study design, Figure 2 sum-
marizes the source land-cover products, geo-environmental variables, reference samples,
preprocessing steps, DRAFNet-based fusion, and evaluation. The workflow comprised
data preprocessing and input construction, DRAFNet-based fusion, evaluation of pixel-
and class-level accuracy, ablation performance, country-level accuracy and area agreement,
and computational efficiency.

2.2. Data Preprocessing and Input Construction
2.2.1. Spatial and Class Harmonization

Because DRAFNet performs pixel-level decision fusion, all land-cover products, geo-
environmental variables, and reference samples were aligned to a common raster grid with
the same spatial extent, resolution, and dimensions. Invalid or anomalous values in the
geo-environmental variables were removed or replaced, and the variables were normalized
before model training.

Differences among the original product legends were reconciled by harmonizing all
classes into cropland, forestland, grassland, and other. The target classes in GlobeLand30
and FROM-GLC Plus were mapped directly to their corresponding harmonized classes.
For GLC-FCS30D, rainfed, irrigated, and related cropland subclasses were grouped as
cropland; broadleaved, needle-leaved, and mixed forest subclasses as forestland; and
the original grassland class as grassland. All remaining classes, including shrubland,
sparse vegetation, wetlands, water bodies, bare land, impervious surfaces, and snow and
ice, were grouped as other. Classes absent from the study area were excluded from the
statistical analysis.

2.2.2. Input Encoding and Patch Construction

Each harmonized land-cover product was converted into a four-class one-hot repre-
sentation, producing 12 land-cover channels across the three products. Five additional
channels—the aridity index, mean temperature of the warmest quarter, annual precipitation,
DEM, and slope—provided the geo-environmental information, resulting in a 17-channel

https://doi.org/10.3390/rs18172894

https://doi.org/10.3390/rs18172894


Remote Sens. 2026, 18, 2894 6 of 26

input feature set that combined categorical source-product decisions with continuous
environmental context.

Figure 2. Workflow and dataset overview of the proposed method, including the source land-cover
products, geo-environmental variables, reference samples, preprocessing, DRAFNet-based fusion,
and evaluation.

The product encodings were organized in two forms for different model opera-
tions. They were concatenated into a 12 × H × W land-cover product tensor (LC tensor)
for product-stream feature learning and reshaped, without adding information, into a
3 × 4 × H × W land-cover product class stack (LC stack) for constructing the multi-
source class prior and aggregating the calibrated source-product predictions. The five
geo-environmental variables formed a 5 × H × W environmental tensor (Env tensor) for
environmental-stream feature learning, where H and W denote the raster dimensions.
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Patch-based learning with sparse point supervision was adopted. A 256 × 256-pixel
patch centered on each labeled sample provided the surrounding source-product and geo-
environmental context. Only manually labeled pixels contributed to the training loss, while
all other pixels within each patch were assigned an ignore value. This strategy was used
because the reference data were point samples rather than dense pixel-level labels. Treating
all pixels in a patch as labeled would introduce many uncertain labels and could propagate
interpretation errors to unlabeled areas. Therefore, the patch was used to provide spatial
context from the source products and geo-environmental variables, whereas supervision
was applied only at the manually interpreted pixel. In this setting, the surrounding pixels
help the model learn the local product-disagreement pattern and environmental context of
the labeled pixel, while the ignore mask prevents unlabeled pixels from contributing to the
loss. This design is therefore a point-supervised contextual learning strategy rather than a
fully supervised dense segmentation setting.

2.3. Discrepancy-Aware Reliability-Adaptive Fusion Network
2.3.1. Overall Architecture and Disagreement Representation

Multi-product land-cover fusion differs from conventional image segmentation be-
cause each source product provides a categorical decision rather than a directly comparable
confidence score. Moreover, inter-product disagreement indicates where the source deci-
sions are uncertain but does not identify which product or class should be trusted, while
agreement may still reflect errors shared by the source products. DRAFNet addresses these
difficulties by explicitly representing source-product agreement and disagreement, combin-
ing the product decisions with geo-environmental context, and estimating source-product
reliability before adaptive decision fusion and residual correction.

As shown in Figure 3, the land-cover product tensor (LC tensor) and geo-environmental
tensor (Env tensor) are processed by the product- and environmental-stream encoders,
respectively, while the land-cover product class stack (LC stack) is used to derive the
multi-source class prior and voting entropy. At each encoding stage, voting entropy guides
the Entropy Attention (EA) module to strengthen product-stream responses in areas of
pronounced disagreement. The entropy-enhanced product features are then integrated
with the environmental-stream features through the EA+CMG module and passed to the
decoder through multiscale skip connections.

Figure 3. Overall architecture of DRAFNet.
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DRAFNet can be summarized in terms of its inputs, outputs, prediction heads, and
decision-fusion process. It takes a 17-channel input tensor and the categorical land-cover
product stack as inputs. The 17-channel tensor consists of 12 one-hot encoded land-cover
channels from the three source products and five geo-environmental variables. The network
outputs a four-class land-cover prediction for each pixel. The decoded features are used
to estimate an alternative residual prediction, initial routing weights, and source-product
reliability through the Residual, Router, and Reliability heads. RADF then combines these
outputs with the source-product decisions by retaining reliable decisions and transferring
attenuated unreliable contributions to the residual expert.

The high-resolution decoded features are processed by three prediction heads. The
residual-expert head (Residual head) produces an alternative class-probability distribution,
while the routing-weight head (Router head) assigns initial weights to the three source
products and the residual expert. The reliability-estimation head (Reliability head) com-
bines the decoded features, class prior, voting entropy, and residual-expert probabilities
to estimate the class-specific reliability of each source product. The Router head consists
of a 3 × 3 convolution–batch normalization–rectified linear unit (Conv–BN–ReLU) block
followed by a 1 × 1 convolution and softmax activation. The Reliability head uses the
same basic structure with dropout and sigmoid activation and output reliability estimates
for all combinations of the three source products and four classes. The resulting weights
and reliability estimates are subsequently processed by the Reliability-Adaptive Decision
Fusion (RADF) module.

Because the source products provide hard class labels rather than probabilistic pre-
dictions, their votes are first converted into a common class-prior representation. Let y(s)i
denote the class assigned to pixel i by source product s, with S = 3 source products and
C = 4 harmonized classes. The multi-source prior probability for class c is defined as

Pprior
i (c) =

1
S

S

∑
s=1

I
(

y(s)i = c
)

(1)

where I(·) equals 1 when y(s)i = c and 0 otherwise. Thus, Pprior
i (c) expresses the proportion

of source products assigning pixel i to class c, providing a common representation of their
class-level consensus for subsequent routing and reliability estimation.

The class prior records how the source products distribute their votes but does not pro-
vide a single measure of disagreement intensity. DRAFNet therefore calculates normalized
voting entropy as

Hi = − 1
log S

C

∑
c=1

Pprior
i (c) log

(
Pprior

i (c) + ε
)

(2)

where Hi is the voting entropy at pixel i, and ε is a small positive constant used for
numerical stability. A low Hi indicates strong agreement among the source products,
whereas a high value identifies pixels with pronounced class disagreement. The class prior
and voting entropy therefore describe complementary aspects of the source decisions: the
former represents their class-specific consensus, while the latter quantifies the strength of
their disagreement.

2.3.2. Entropy-Guided Dual-Stream Feature Fusion

Voting entropy identifies where the source products disagree but does not determine
which class assignment is more plausible. The entropy-guided dual-stream feature-fusion
module (EA+CMG) therefore performs two complementary operations: Entropy Attention
(EA) emphasizes product-stream features in areas of pronounced disagreement, whereas the
Cross-Modal Gate (CMG) conditions these features on the regional geo-environmental con-
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text. As shown in Figure 4, the module receives the product-stream features, environmental-
stream features, and voting-entropy map at each encoding stage and produces fused
features for the decoder.

 
Figure 4. Architecture of the entropy-guided dual-stream feature fusion module (EA+CMG).

At encoding stage i, let Fp
i and Fe

i denote the product-stream and environmental-
stream features, respectively. The voting-entropy map is resampled to the spatial resolution
of this stage to obtain Hi. EA enhances the product-stream features as

F̃p
i = Fp

i ⊙ (1 + αi Hi) (3)

where F̃p
i denotes the enhanced product-stream features, αi is a learnable stage-specific

weight, and ⊙ represents element-wise multiplication. The single-channel entropy map Hi

is broadcast along the feature-channel dimension. The residual form 1 + αiHi retains the
original product features while increasing their responses in proportion to the local level of
source-product disagreement.

Disagreement intensity alone cannot indicate which land class is compatible with the
surrounding environmental conditions. CMG therefore uses the environmental-stream fea-
tures, which represent regional moisture, thermal, and topographic conditions, to modulate
the entropy-enhanced product features:

F f
i = ϕ

(
F̃p

i ⊙
(
1 + σ

(
WgFe

i
))

+ WeFe
i

)
(4)

where F f
i denotes the fused features, σ(·) is the sigmoid function, and Wg and We are 1 × 1

convolutions for environmental gating and feature projection, respectively. The function
ϕ(·) denotes a residual convolutional fusion block. The gate generated from Fe

i modulates
the disagreement-sensitive product features, while WeFe

i projects and incorporates the
environmental information into the same feature space. Thus, EA determines where
product information requires greater attention, whereas CMG provides complementary
environmental context for interpreting ambiguous product features.

The fused features F f
i are passed to the decoder through skip connections, while the

product-stream and environmental-stream features continue to the next encoding stage.
Repeating this operation across encoding stages provides discrepancy-aware multiscale
features for subsequent reliability estimation and adaptive decision fusion.

2.3.3. Reliability Estimation and Reliability-Adaptive Decision Fusion

Source-product reliability varies across land classes and spatial locations. For example,
a product may delineate cropland reliably in irrigated plains but become less reliable
in piedmont transition zones or heterogeneous landscapes. Moreover, an initial routing
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weight indicates how strongly the model intends to use a source product but does not
necessarily reflect whether that product’s current class assignment is correct. DRAFNet
therefore estimates the reliability of each source product for the class it assigns at each pixel
and uses this estimate to calibrate its routing weight. This continuous calibration avoids
manually specified thresholds and allows product contributions to vary by pixel and class.

The Reliability-Adaptive Decision Fusion (RADF) module integrates the calibrated
source-product decisions with an alternative prediction generated by the residual expert
(Figure 5). Before entering RADF, the decoded feature d1 is processed by the Residual
head, Router head, and Reliability head. These heads produce the residual-expert class
probabilities Pres

i , the initial routing weights wp
i,s and wres

i , and the source-product reliability
estimates ri,s, respectively. Here, wp

i,s and wres
i represent the initial contributions of source

product s and the residual expert at pixel i, whereas ri,s represents the reliability of the
class currently assigned by that source product. The residual expert predicts a probability
distribution over all classes rather than directly estimating source-product errors, thereby
providing an alternative class decision when the source products are unreliable or make
the same error.

 
Figure 5. Architecture of the Reliability-Adaptive Decision Fusion (RADF) module.

For source product s at pixel i, the initial weight wp
i,s is calibrated by multiplying it by

its estimated reliability ri,s, and the resulting calibrated weight is denoted by w̃p
i,s. Because

ri,s ∈ [0,1], a reliable source product retains most of its initial weight, whereas the weight
of a less reliable product is attenuated more strongly. The calibrated weights are then
used to aggregate the class assignments in the LC stack. Let LCi,s(c) denote the one-hot
encoding indicating whether source product s assigns pixel i to class c. The aggregated
source-product class score is

Pprod
i (c) =

S

∑
s=1

w̃p
i,sLCi,s(c) (5)

Thus, each source product contributes its calibrated weight only to the class it assigns.
This operation retains source-product consensus when the relevant products are estimated
to be reliable while reducing the influence of questionable class assignments.

Simply attenuating an unreliable source-product weight would discard part of the
routing contribution without strengthening an alternative decision pathway. RADF there-
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fore transfers the attenuated portion to the residual expert. The weight transferred from
source product s is

wshi f t
i,s = wp

i,s(1 − ri,s) (6)

and the resulting residual-expert weight is

w̃res
i = wres

i +
S

∑
s=1

wshi f t
i,s (7)

Here, wres
i is the initial residual-expert weight generated by the Router head, and w̃res

i
is its weight after transfer. Reliability calibration and weight transfer therefore perform
complementary roles: calibration reduces the contribution of unreliable source-product
decisions, while transfer reallocates the attenuated contribution to the residual expert.
Because the retained and transferred portions together equal the original source-product
weight, the total routing weight is preserved rather than discarded.

Finally, RADF combines the aggregated source-product score with the residual-
expert prediction:

P f inal
i (c) = Norm

(
Pprod

i (c) + w̃res
i Pres

i (c)
)

(8)

where Norm(·) normalizes the final class probabilities. The final class assigned to pixel i is

ŷi = argmax
c

P f inal
i (c) (9)

Through this coupled calibration-and-transfer process, RADF retains reliable source-
product decisions while increasing the contribution of the residual expert where the esti-
mated reliability of the source products is low. It therefore provides a targeted correction
pathway for areas of pronounced disagreement and for cases in which the source products
make the same error.

2.3.4. Model Training and Implementation Details

DRAFNet and all deep learning benchmarks were trained on the same 256 × 256-pixel
patches under a common optimization protocol. Each model was trained for a maximum
of 100 epochs using the AdamW optimizer, with an initial learning rate of 1 × 10−4 and
a weight-decay coefficient of 1 × 10−4. The learning rate was multiplied by 0.5 every
20 epochs. The batch sizes for training, validation, and testing were all set to 64. The
same class weights and random horizontal and vertical flips were used for all models,
and mixed-precision computation was enabled during training. The random seed was
fixed at 42 for the comparative runs. For each model, the checkpoint with the highest
validation mIoU was retained and subsequently evaluated on the held-out test set. To
ensure a controlled comparison, the same hyperparameter protocol was applied to all deep
learning models, and model selection was based only on validation mIoU; the test set was
not used for hyperparameter selection or model selection. An additional repeated-run
experiment was conducted with DRAFNet and U-Net++, the strongest benchmark in the
primary comparison, to characterize run-to-run variability. Both models were trained with
five random seeds (42, 3407, 2024, 2608, and 4499) using the same input features and data
splits. For this additional experiment, the batch size was 32, training was limited to 100
epochs, and early stopping was applied when validation mIoU did not improve by at least
0.0005 for 20 consecutive epochs. All other optimization settings followed the common
protocol described above. For each seed, the checkpoint with the highest validation mIoU
was evaluated on the held-out test set.
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For DRAFNet, the overall training objective comprises five complementary loss terms:

L = λ1L f inal + λ2Lrouter + λ3Lres + λ4Ltversky + λ5Lrel (10)

Here, L f inal is the class-weighted cross-entropy loss applied to the final fused pre-
diction and constitutes the primary supervision. Lrouter is a soft-target cross-entropy loss
that supervises the allocation of routing weights among the three source products and the
residual expert. For each labeled pixel, the routing target is distributed equally among the
source products whose class assignments match the ground-truth label; when none of the
source products is correct, the entire target is assigned to the residual expert. The class-
weighted cross-entropy loss Lres is applied independently to the Residual head to maintain
the residual expert’s ability to distinguish among classes. Ltversky is applied to the final
fused prediction to alleviate class imbalance, with α and β set to 0.4 and 0.6, respectively,
to place greater emphasis on false negatives. Finally, Lrel is a binary cross-entropy loss
for source-product reliability estimation. Its target is set to 1 when the class assigned by a
source product matches the ground-truth label and to 0 otherwise. Thus, Lrouter supervises
where the initial decision weight should be allocated, whereas Lrel supervises whether
the contribution of each source product should be retained during reliability calibration.
The loss weights λ1, λ2, λ3, λ4, and λ5 were set to 1.0, 0.3, 0.2, 0.2, and 0.1, respectively.
Accordingly, the Reliability head output has a decision-level interpretation: a higher value
supports retaining the class currently assigned by a source product, whereas a lower value
attenuates its routing contribution and transfers a larger portion to the residual expert
through RADF.

Full-map inference was performed using a sliding window of 256 × 256 pixels with
a stride of 256 pixels. When the number of raster rows or columns was not divisible
by the stride, the final window was shifted to the last valid starting position along the
corresponding dimension to ensure complete coverage. The patch-level predictions were
then stitched according to their spatial coordinates to produce the final land-cover map.
The source code and implementation details of the proposed DRAFNet are provided in the
Supplementary Materials to facilitate reproducibility.

2.4. Experiments and Evaluation
2.4.1. Comparative and Ablation Experiments

The evaluation comprised source-product comparisons, benchmark-method com-
parisons, and ablation experiments. The source-product comparison assessed whether
DRAFNet improved upon FROM-GLC Plus, GLC-FCS30D, and GlobeLand30. The bench-
mark comparison examined whether DRAFNet’s task-specific reliability-adaptive fusion
strategy offered advantages over traditional fusion, machine learning, and general-purpose
semantic segmentation methods.

The traditional fusion methods included majority voting and Dempster–Shafer ev-
idence fusion (D–S Evidence), representing rule-based and evidence-theory-based fu-
sion, respectively. Random forest was included as a widely used nonlinear machine
learning classifier. The deep learning benchmarks comprised U-Net, U-Net++, ResUNet,
ResUNet++, DeepLabV3+, High-Resolution Network (HRNet), SegFormer, Swin-Unet,
Mask2Former, and SegNeXt, covering representative convolutional, residual, multiscale,
high-resolution, Transformer-based, and mask-classification architectures. Although these
networks were not developed specifically for land-cover product fusion, they provide
relevant general-purpose learnable baselines because the spatially aligned source products
and geo-environmental variables can be represented as multichannel patch inputs, with
land-cover class prediction as the common output task. Their inclusion tests whether direct
multichannel feature learning can achieve comparable performance without explicitly
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retaining source-product decisions or modeling their reliability. For these benchmarks,
the input layer was adapted to the same 17 input channels used by DRAFNet, and the
output layer predicted the same four land-cover classes. All trainable models used identical
training, validation, and test splits, and all methods were evaluated on the same held-out
test samples using the same metrics. Majority voting, D–S Evidence, and random forest
provided complementary comparisons with conventional fusion and machine learning
approaches. The ablation experiments focused on the decision chain underlying RADF. Re-
liability calibration, reliability supervision, low-reliability weight transfer, and the residual
expert were removed individually while the remaining settings were kept unchanged. The
resulting performance changes were used to isolate the contribution of each mechanism
and determine whether improvements arose from reliability-adaptive decision-making and
residual correction rather than from feature extraction alone.

The source-decision scenario analysis examined the difficult conditions targeted by
RADF. For each test patch, the reference sample at its center was assigned to one of three
groups according to the decisions of the three source products: (i) all source products
agreed and were correct, (ii) the source products disagreed, or (iii) all source products
agreed on the same incorrect class. DRAFNet OA was calculated for each group in each of
the five runs and then summarized as the mean and standard deviation.

2.4.2. Evaluation Metrics

Pixel-level performance was evaluated using the independent test samples. Overall
performance was measured using overall accuracy (OA), Cohen’s kappa coefficient (Kappa),
mean intersection over union (mIoU), and the macro-averaged F1 score (Macro F1). Class-
wise performance was assessed using intersection over union (IoU), user’s accuracy (UA),
producer’s accuracy (PA), and F1 score. The corresponding equations are provided in
Table 2. Overall metrics characterize general classification performance, whereas class-wise
metrics reveal differences in the identification of cropland, forestland, and grassland.

Table 2. Formulae used to calculate the accuracy and area-agreement metrics.

Metric Formula

OA
OA =

C
∑

i=1
nii

N

Kappa
Kappa =

N
C
∑

i=1
nii−

C
∑

i=1
ni+n+i

N2−
C
∑

i=1
ni+n+i

PA PAi =
nii
ni+

UA UAi =
nii
n+i

IoU IoUi =
TPi

TPi+FPi+FNi

F1 F1i =
2×UAi×PAi

UAi+PAi

mIoU mIoU = 1
C

C
∑

i=1
IoUi

Macro F1 Macro F1 = 1
C

C
∑

i=1
F1i

Log-ratio deviation LRk,c = ln
(

Amap
k,c

AFAO
k,c

)
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Table 2. Cont.

Metric Formula

Mean absolute log-ratio Mean |LR| = 1
M ∑

(k,c)∈S
|LRk,c|

Median absolute log-ratio Median
∣∣∣LR

∣∣∣= median(k,c)∈S(
∣∣∣LRk,c

∣∣∣)
Note: C is the number of classes; N is the total number of valid samples; nii is the number of samples
of class i that are correctly classified; ni+ is the total number of reference samples belonging to class
i; n+i is the total number of samples classified as class i; TPi, FPi, and FNi are the numbers of true
positives, false positives, and false negatives for class i, respectively; Amap

k,c and AFAO
k,c denote the

mapped area and the FAO-reported statistical area, respectively, of class c in country k; S is the set of
country–class combinations included in the area comparison; and M is the number of combinations.

The same metrics were also calculated separately for each country to characterize
geographic variation in model performance and prevent study-area-wide averages from
obscuring lower accuracy in individual countries. This analysis evaluates the regional
consistency of DRAFNet within the five Central Asian countries included in the study area,
but is not treated as an independent cross-region or cross-year transferability experiment.

Country–class area agreement was evaluated using log-ratio (LR) deviation because
absolute area differences are dominated by spatially extensive classes, whereas conventional
relative errors do not represent overestimation and underestimation symmetrically [39,40].
For cropland, forestland, and grassland, mapped areas were compared with statistics from
the Food and Agriculture Organization of the United Nations (FAO). The mean and median
absolute LR deviations were used as complementary measures of aggregate area agreement
rather than as direct pixel-level accuracy measures. This comparison was therefore treated
as a supplementary country-level consistency check, because FAO statistics and remote-
sensing-derived areas differ in class definitions, reporting years, spatial support, and
treatment of mixed pixels.

Computational efficiency and model scale were evaluated using trainable parameter
count, floating-point operations (FLOPs), training time, per-patch inference time, and
full-region inference time. Parameter count represents the number of trainable model
parameters, and FLOPs were calculated using the same 256 × 256-pixel input size for
all deep learning models. These measures were used to assess whether improvements in
fusion accuracy were achieved at an acceptable computational cost for large-area land-cover
mapping. Run-to-run stability and the statistical significance of the DRAFNet–U-Net++
comparison were quantified from the five seed-matched runs. Each overall metric was
summarized as the mean and standard deviation across runs. Paired stratified bootstrap
testing with 5000 replicates resampled the held-out test predictions with replacement
within reference classes. For each replicate, the DRAFNet-minus-U-Net++ difference was
calculated for every matched seed pair and then averaged across the five pairs. Two-sided
bootstrap p-values and 95% confidence intervals were reported.

3. Results
3.1. Overall and Class-Wise Accuracy

Using the common test samples and evaluation framework, DRAFNet achieved the
highest overall performance (Figure 6). Its OA, Kappa, mIoU, and Macro F1 were 0.8275,
0.7698, 0.7046, and 0.8241, respectively, exceeding those of the three source products and all
benchmark methods. Compared with U-Net++, the strongest benchmark, DRAFNet im-
proved these metrics by 0.95, 1.27, 1.38, and 1.04 percentage points, respectively. Although
the absolute gains were modest, their consistency across all four metrics indicates that the
improvement was not confined to a single aspect of classification performance.
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Figure 6. Comparison of overall performance across different land-cover products and methods:
(a) OA; (b) Kappa; (c) mIoU; and (d) Macro F1.

The traditional fusion methods and random forest produced lower overall accuracy,
while the general-purpose deep learning models were more competitive but did not match
DRAFNet. Because the trainable benchmarks used the same input features and data splits,
these results suggest that explicitly modeling source-product disagreement and reliability
is more effective for this task than relying solely on generic multichannel feature learning.

Across five independently trained runs, DRAFNet maintained higher mean OA,
Kappa, mIoU, and Macro F1 values than U-Net++ (Table 3). The corresponding mean
differences were 1.48, 1.96, 2.06, and 1.50 percentage points. All paired stratified bootstrap
95% confidence intervals excluded zero, and the two-sided p-values were below 0.001.
The repeated-run results therefore confirm that the observed performance advantage was
consistent across random initializations.

Table 3. Five-run performance comparison and statistical test results for DRAFNet and U-Net++.

Metric DRAFNet
(Mean ± SD)

U-Net++
(Mean ± SD) Difference (pp) 95% CI of

Difference (pp) p-Value

OA 0.8257 ± 0.0030 0.8109 ± 0.0045 1.48 [0.84, 2.11] <0.001
Kappa 0.7673 ± 0.0040 0.7477 ± 0.0060 1.96 [1.12, 2.81] <0.001
mIoU 0.7020 ± 0.0045 0.6814 ± 0.0061 2.06 [1.19, 2.94] <0.001

Macro F1 0.8220 ± 0.0032 0.8071 ± 0.0047 1.5 [0.85, 2.15] <0.001

The validation curves provide further evidence of stable training behavior (Figure 7).
Most deep learning models improved rapidly during the early epochs and stabilized
thereafter. After epoch 20, DRAFNet achieved the highest validation mIoU in 75 of the
remaining 80 epochs and remained close to the best-performing benchmark in the other
five, indicating consistently strong validation performance during training.
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Figure 7. Validation mIoU curves of different deep learning models during training.

Class-wise performance is shown in Figure 8. For cropland, DRAFNet achieved IoU,
UA, PA, and F1 values of 0.7772, 0.8528, 0.8977, and 0.8746, respectively. The corresponding
values were 0.7937, 0.9096, 0.8617, and 0.8850 for forestland; 0.6141, 0.8094, 0.7178, and
0.7609 for grassland; and 0.6336, 0.7339, 0.8226, and 0.7757 for the other category. Forest-
land and cropland achieved the highest class-wise IoU and F1 values, whereas grassland
remained more difficult to delineate because of its extensive occurrence in heterogeneous
arid and semi-arid transition zones. Although some benchmark methods performed better
for individual class–metric combinations, DRAFNet provided a more balanced perfor-
mance across the four classes. This balance is important because improved identification of
the three target classes was achieved without substantially reducing the accuracy of the
other category.

Figure 8. Cont.
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Figure 8. Comparison of class-wise accuracy across different land-cover products and methods:
(a) IoU; (b) UA; (c) PA; and (d) F1.

3.2. Spatial Representation

The local comparisons in Figure 9 indicate that DRAFNet produces more coherent
representations of cropland, forestland, and grassland than the individual source prod-
ucts. The fused result generally preserves the continuity of the principal land-class pat-
terns while reducing local fragmentation and boundary displacement. Its spatial patterns
also correspond more closely to the textures and visible land-surface structures in the
reference imagery.

In the cropland-dominated areas shown in Figure 9a,d, some source products over-
generalize the extent of cropland or produce fragmented field patterns. DRAFNet retains
more contiguous cropland patches and delineates internal field structures and boundaries
more clearly. In the forestland–grassland mosaics shown in Figure 9b,c, the source products
differ markedly along mountain margins, valleys, and hillslopes. DRAFNet produces more
continuous class transitions and better maintains the terrain-related spatial textures visible
in the reference imagery.

The largest visual differences among the source products occur in the arid and semi-
arid grassland area shown in Figure 9e. DRAFNet retains the dominant grassland distri-
bution while reducing apparent overexpansion and excessive contraction relative to the
reference imagery. Overall, the local comparisons indicate that the fused result improves
the spatial continuity and boundary representation of key land classes, particularly in
heterogeneous landscapes and transition zones characterized by pronounced inter-product
disagreement. These improvements increase the practical utility of the resulting maps for
regional cropland, forestland, and grassland assessment.
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Figure 9. Local-scale spatial comparison between the fused result and the source products:
(a) cropland-dominated area; (b) forestland–grassland mosaic; (c) forestland–grassland mosaic;
(d) cropland-dominated area; and (e) arid and semi-arid grassland area.

3.3. Mechanism Assessment and Regional Performance
3.3.1. Ablation Analysis

The complete DRAFNet model outperformed all ablated variants across OA, Kappa,
mIoU, and Macro F1 (Table 4), indicating that each evaluated component contributed to
the fusion performance.

Table 4. Results of the DRAFNet ablation experiments.

Model
Reliability

Calibra-
tion

Reliability
Loss

Weight
Transfer

Residual
Expert OA Kappa mIoU Macro

F1

DRAFNet
√ √ √ √

0.8275 0.7698 0.7046 0.8241
w/o calibration ×

√ √ √
0.8198 0.7596 0.6943 0.8171

w/o reliability loss
√

×
√ √

0.8228 0.7635 0.6986 0.8199
w/o weight transfer

√ √
×

√
0.8198 0.7595 0.6940 0.8168

w/o residual expert
√ √ √

× 0.7699 0.6939 0.6254 0.7675

Note:
√

and × indicate that the corresponding component is included and removed, respectively.
“w/o” denotes “without.”

Removing the residual expert caused the largest degradation, reducing mIoU from
0.7046 to 0.6254, while OA and Macro F1 declined to 0.7699 and 0.7675, respectively. This
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result indicates that reweighting the source-product decisions alone is insufficient when
their class assignments are unreliable or when all source products make the same error. The
residual expert provides an alternative class-probability distribution that enables correction
beyond the available source-product decisions.

Removing reliability calibration and low-reliability weight transfer reduced mIoU to
0.6943 and 0.6940, respectively. The similar magnitudes of these reductions support the
complementary roles of these operations within RADF: reliability calibration attenuates
source-product decisions with low estimated reliability, whereas weight transfer reallocates
the attenuated contribution to the residual expert instead of discarding it.

Removing the reliability-supervision loss reduced mIoU to 0.6986. Because this abla-
tion changes the supervision of the Reliability head without removing the decision-fusion
architecture, the decline indicates that explicit correctness-based targets improve the reliabil-
ity estimates used for weight calibration. Overall, the ablation results show that DRAFNet
benefits from the coordinated operation of reliability estimation, weight calibration, weight
transfer, and residual correction rather than from any single component alone.

3.3.2. Source-Decision Scenario Analysis

Table 5 summarizes DRAFNet performance in the two difficult source-decision settings
targeted by RADF. In the product-disagreement subset, DRAFNet achieved an OA of
0.7858 ± 0.0049, whereas the individual source-product OAs ranged from 0.3828 to 0.6117.
When all three source products agreed on the same incorrect class, DRAFNet achieved
an OA of 0.3644 ± 0.0476; because no source product was correct by definition in this
subset, this value represents the correction rate for shared source-product errors. In the
complementary subset in which all source products agreed and were correct, DRAFNet
retained 0.9649 ± 0.0085 of the correct consensus decisions.

Table 5. DRAFNet performance under source-product disagreement and shared-error conditions.

Source-Decision Scenario DRAFNet OA (Mean ± SD)

Product disagreement 0.7858 ± 0.0049
All agree but wrong 0.3644 ± 0.0476

3.3.3. Country-Level Accuracy

The country-level results reveal geographic variation in DRAFNet performance across
the study area (Table 6). Kyrgyzstan achieved the highest OA, Kappa, mIoU, and Macro
F1 values of 0.8692, 0.8254, 0.7687, and 0.8687, respectively. Uzbekistan followed, with
corresponding values of 0.8372, 0.7794, 0.7254, and 0.8398. Kazakhstan and Tajikistan had
lower mIoU values of 0.6718 and 0.6554, respectively.

Table 6. Pixel-level accuracy of DRAFNet across the five Central Asian countries.

Country OA Kappa mIoU Macro F1

Kazakhstan 0.8011 0.7347 0.6718 0.7988
Kyrgyzstan 0.8692 0.8254 0.7687 0.8687
Tajikistan 0.7918 0.7222 0.6554 0.791

Turkmenistan 0.8097 0.7462 0.6858 0.8081
Uzbekistan 0.8372 0.7794 0.7254 0.8398

These differences are consistent with country-specific variations in land-cover compo-
sition, class-transition complexity, and agreement among the source products. Nevertheless,
OA remained above 0.79 in all five countries, and no country showed a pronounced deteri-
oration across the overall metrics. The results therefore indicate broadly stable performance
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across the national settings represented within the study area, supporting the production
of spatially continuous land-class information for transboundary land-resource assessment
and ecological management.

3.4. Area Agreement and Computational Efficiency

DRAFNet showed closer aggregate agreement with the FAO area statistics than the
three source products (Table 7). Its mean and median absolute log-ratio (LR) deviations
across cropland, forestland, and grassland were 0.618 and 0.450, respectively, both lower
than those of FROM-GLC Plus, GLC-FCS30D, and GlobeLand30. This result suggests closer
country–class area consistency in a supplementary comparison. Because FAO statistics and
remote-sensing-derived areas may differ in class definitions, reporting years, reporting
practices, spatial bases, and treatment of mixed pixels, the comparison was interpreted as a
complementary assessment of aggregate area consistency.

Table 7. Overall absolute log-ratio deviations.

Metric FROM-GLC Plus GLC-FCS30D GlobeLand30 DRAFNet

Mean |LR| 0.987 1.656 0.742 0.618
Median |LR| 0.591 1.045 0.542 0.450

The country–class LR deviations varied considerably among the source products
and DRAFNet (Table 8). DRAFNet was not the closest to the FAO statistics for every
country–class combination but reduced several relatively large deviations. For example,
its absolute LR deviation for forestland in Kyrgyzstan was 0.177, compared with 0.623 for
FROM-GLC Plus, 1.195 for GLC-FCS30D, and 0.212 for GlobeLand30. The lower mean and
median deviations therefore indicate an overall reduction in area bias rather than uniform
improvement in every individual comparison.

Table 8. Comparison of country–class-level log-ratio deviations.

Country Land Class FAO (103 ha) FROM-GLC Plus GLC-FCS30D GlobeLand30 DRAFNet

Kazakhstan
Cropland 29,553.20 −0.351 0.634 0.402 0.357
Forestland 3451.01 0.054 1.045 0.603 1.015
Grassland 184,464.00 −0.025 −0.856 −0.112 −0.131

Kyrgyzstan
Cropland 1287.40 0.075 0.727 0.32 0.276
Forestland 1255.16 −0.623 1.195 0.212 0.177
Grassland 9003.70 0.244 −0.243 −0.028 0.148

Tajikistan
Cropland 839.4 0.325 0.834 0.323 0.344
Forestland 423 −0.904 1.049 0.048 0.389
Grassland 2821.70 0.591 0.522 0.592 0.654

Turkmenistan
Cropland 1605.80 0.682 1.058 0.813 0.813
Forestland 2330.00 −4.583 −6.858 −2.999 −1.283
Grassland 37,955.50 −1.548 −4.224 −1.204 −1.319

Uzbekistan
Cropland 4023.00 0.46 0.765 0.542 0.45
Forestland 3689.00 −3.261 −2.075 −2.112 −1.146
Grassland 21,244.30 −1.072 −2.760 −0.826 −0.767

DRAFNet contained 20.02 million parameters, required 27.43 GFLOPs, and completed
full-region inference in 0.46 h (Table 9). Its inference time was comparable to that of several
lighter benchmark models, while it achieved the highest test mIoU. These results indicate
that the improvement in fusion performance was obtained without a disproportionate
increase in computational cost.
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Table 9. Comparison of model efficiency and complexity.

Model Params (M) FLOPs
(G)

Validation
mIoU

Test
mIoU

Epoch Time
(s)

Patch
Inference

(ms)

Full-
Region

Inference
(h)

U-Net 17.27 40.73 0.6738 0.6884 167.09 4.1 0.6
U-Net++ 36.63 138.64 0.6703 0.6908 607.44 13.61 0.67
ResUNet 8.12 14.76 0.6816 0.6884 117.2 5.21 0.4

ResUNet++ 17.18 17.27 0.6821 0.6836 140.44 14.87 0.47
DeepLabV3+ 16.64 31.93 0.6713 0.6677 137.59 5.52 0.39

HRNet 4.85 2.57 0.6184 0.6296 105.47 21.85 0.41
SegFormer 3.74 1.78 0.6717 0.6853 128.07 9.96 0.47
Swin-Unet 6.84 2 0.6402 0.6482 199.47 21.16 0.37

Mask2Former 11.87 4.54 0.6378 0.6468 109.84 18.27 0.46
SegNeXt 3.8 1.98 0.6658 0.6893 111.58 12.02 0.32

DRAFNet 20.02 27.43 0.7048 0.7046 212.86 12.61 0.46

Note: Params denotes the number of model parameters; M and G denote million and giga, respectively.

4. Discussion
4.1. Reliability-Adaptive Fusion and Class-Specific Performance

Cropland, forestland, and grassland are central to land-resource use and ecological
security in Central Asia, but their spatial extent and boundaries differ among existing
land-cover products because of differences in input data, classification systems, and map-
ping procedures [41,42]. In this setting, inter-product disagreement is useful for locating
questionable class assignments but does not identify which source product is correct. Con-
versely, agreement among the products does not guarantee correctness because they may
share similar errors.

DRAFNet addresses these two situations by combining disagreement-aware feature
learning with reliability-adaptive decision fusion. Voting entropy identifies pixels that
require greater attention, while the environmental stream provides moisture, thermal, and
topographic context for interpreting ambiguous source-product decisions. RADF then
estimates the reliability of the class assigned by each source product and divides each
product’s initial routing weight into a retained contribution and a portion transferred to the
residual expert. DRAFNet differs from conventional fusion methods and general-purpose
segmentation networks at the decision level. For each pixel, the Reliability head estimates
the reliability of the class assigned by each source product and uses this estimate to cali-
brate the corresponding routing weight. The attenuated part of the routing weight is then
transferred to the residual expert, which provides an alternative prediction. Conventional
voting and region-based weighting do not model reliability jointly by source product,
location, and assigned class. General-purpose segmentation networks learn a direct predic-
tion from stacked inputs, but do not explicitly retain the source-product decisions or use
reliability-guided weight transfer to correct unreliable decisions.

The ablation results support this interpretation. Removing the residual expert caused
the largest performance decline, indicating that source-product reweighting alone cannot
resolve errors shared by all input products. The reductions caused by removing reliability
calibration or weight transfer show the complementary roles of suppressing an unreliable
decision and strengthening the alternative correction pathway. The smaller but consistent
effect of removing reliability supervision further indicates that correctness-based targets
improve the reliability signals used in the fusion process. Because the encoder–decoder
structure was unchanged across these ablations, the performance declines indicate that the
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gain was not due to feature extraction alone; reliability calibration, weight transfer, and
residual correction also contributed.

The source-decision scenario results complement the ablation findings. DRAFNet
improved performance in areas of source-product disagreement and corrected a proportion
of cases in which all source products assigned the same incorrect class. These results are
consistent with the intended reliability-adaptive decision process, in which routing weights
retain or attenuate source-product decisions and the residual expert provides an alternative
prediction when correction is required.

Recent studies using similar multi-source fusion frameworks provide useful quantita-
tive context. Yang et al. [43] reported an OA of 0.869, a Kappa coefficient of 0.813, and an
IoU of 0.718 for multi-source LULC fusion, while Hu et al. [44] achieved an OA of 89.8%
and a cropland F1-score of 0.853 in global cropland mapping. In a related decision-level
setting, Luo et al. [45] improved OA from 95.37% to 95.99% and mIoU from 80.38% to
81.13% through Bayesian fusion. Although direct comparison is limited by differences in
study areas, class systems, and validation protocols, these results provide useful context
for interpreting the performance of DRAFNet.

Performance nevertheless varied among land classes. Cropland and forestland gener-
ally have more distinct spatial structures and environmental associations, which facilitate
relatively stable delineation. Grassland is widely distributed across heterogeneous arid and
semi-arid transition zones and is readily confused with bare land, sparse vegetation, and
shrubland. Variation in vegetation cover and growth conditions further increases this ambi-
guity. The remaining uncertainty in grassland therefore reflects not only model limitations
but also its ecological heterogeneity, spatial fragmentation, and lower agreement among
the source products. Improving its delineation remains important for grassland-resource
and carrying-capacity assessments.

4.2. Area Agreement and Practical Implications

Pixel-level accuracy remains the primary basis for evaluating the fused map, while
country–class area comparison provides an additional perspective on aggregate consis-
tency [46,47]. In this supplementary comparison, the lower mean and median absolute LR
deviations obtained by DRAFNet suggest closer agreement with the FAO statistics. How-
ever, DRAFNet was not closer to the statistical area in every country–class combination,
and the result should not be interpreted as a systematic correction of all source-product area
biases. The remaining area deviations can be explained by several factors. Statistical and
remotely sensed areas may differ in class definitions, reporting years, reporting practices,
spatial bases, and treatment of mixed pixels [48,49]. For example, FAO cropland, forestland,
and grassland statistics may reflect administrative reporting, land-use criteria, management
status, or national inventory rules, whereas remote-sensing products represent land-cover
classes inferred from 30 m pixels. Discrepancies may also arise from sparse vegetation,
shrub–grass transitions, irrigated oasis mosaics, mountainous terrain, mixed pixels, tem-
poral mismatch, and uncertainty in national statistics. The two forms of information are
therefore better viewed as complementary: remote-sensing products provide spatially
explicit class distributions, whereas statistical records provide independently compiled
aggregate quantities. Improved agreement with FAO statistics may increase the practical
usefulness of the fused maps for regional resource assessment, but it does not make the
two data sources interchangeable.

4.3. Limitations and Future Directions

Several limitations remain. First, the reference samples were derived from visual
interpretation of high-resolution Google Earth imagery and were not verified by field
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observations. Interpretation uncertainty is likely to be greater in heterogeneous transition
zones, particularly where low-cover grassland, sparse vegetation, shrubland, and bare land
have gradual or visually similar boundaries. Such uncertainty may introduce label noise
into both model training and performance evaluation. During training, an incorrect or
ambiguous reference label may affect the learned class boundaries and the supervision of
the Reliability head, whose target depends on whether a source-product decision matches
the reference label. During evaluation, interpretation errors may affect the reported class-
specific and overall accuracy metrics, especially when the performance differences between
methods are small. Although all methods were trained and evaluated using the same data
splits and reference-labeling protocol, providing a consistent basis for comparison, this does
not eliminate possible systematic interpretation bias. The reported accuracy differences
should therefore be interpreted with this limitation in mind. Second, the analysis was
limited to 2020. Therefore, the present results do not demonstrate the temporal stability of
DRAFNet, its transferability to other years, or its transferability to regions outside Central
Asia. The country-level results characterize spatial consistency within the five Central Asian
countries included in the study area, rather than cross-region or cross-year transferability.
Third, the geo-environmental variables mainly describe long-term climatic conditions
and static terrain. They may provide weaker constraints where land-cover patterns are
strongly modified by irrigation, land-use intensity, or other human activities. The reliability
estimates were used as adaptive decision signals but were not independently evaluated as
calibrated probabilities and should not yet be interpreted as formal uncertainty measures.

Future research could incorporate multiyear land-cover products, time-series remote-
sensing features, and independent regions to evaluate temporal stability, cross-year trans-
ferability, and cross-region generalization. In addition, advanced AI architectures, such as
temporal Transformers, vision foundation models, and uncertainty-aware networks, could
be explored to improve multiyear feature representation and transferability, while explain-
able AI methods could help interpret reliability estimates, residual-expert corrections, and
class-specific fusion decisions. Future validation should combine higher-resolution imagery
and field observations with independent interpretation by multiple analysts. Where field
observations are unavailable, inter-interpreter agreement assessment and repeated interpre-
tation could be used to quantify label uncertainty and identify samples requiring further
verification. Additional regional samples would also improve discrimination among grass-
land, sparse vegetation, shrubland, and bare land, while dynamic indicators of irrigation
and human activity could strengthen the environmental representation of intensively
managed areas. Independent calibration of the reliability estimates could also support
the development of spatial uncertainty products and confidence-weighted area estimates
for cropland-resource accounting, forest-cover monitoring, grassland carrying-capacity
assessment, and land-degradation analysis.

5. Conclusions
This study formulated multi-product land-cover fusion as a spatially varying and class-

specific reliability decision problem and developed DRAFNet to improve the representation
of cropland, forestland, and grassland across arid and semi-arid Central Asia. The model
combines three 30 m land-cover products with regional moisture, thermal, and topographic
information and uses source-product reliability estimation, adaptive weight transfer, and
residual correction to resolve inconsistent class assignments. The main conclusions are as
follows: (1) DRAFNet achieved OA, Kappa, mIoU, and Macro F1 values of 0.8275, 0.7698,
0.7046, and 0.8241, respectively, outperforming the individual source products and all
benchmark methods. The class-wise and local spatial comparisons also showed balanced
performance across the target classes, together with more spatially coherent patterns and
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clearer boundary delineation in areas of pronounced inter-product disagreement. (2) The
ablation results showed that reliability estimation, weight calibration, low-reliability weight
transfer, and residual correction jointly contributed to the performance improvement,
supporting the reliability-adaptive decision design. (3) DRAFNet maintained OA values
above 0.79 in all five countries, indicating broadly stable performance across the national
settings represented within the study area. In the supplementary comparison with FAO
statistics, its mean and median absolute LR deviations were 0.618 and 0.450, respectively,
both lower than those of the individual source products, indicating closer aggregate area
consistency. Full-region inference required 0.46 h, showing that the improvement was
achieved at an acceptable computational cost. DRAFNet therefore provides a practical
approach for generating spatially coherent information on key land classes to support
land-resource assessment and ecological management in Central Asia.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/rs18172894/s1, File S1: The source code and implementa-
tion details of the proposed DRAFNet are provided as Supplementary Material.
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