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Featured Application

The proposed density-adaptive label-relation calibration can support lightweight multi-label
interpretation of aerial scene images when label density varies across remote-sensing datasets.

Abstract

Multi-label remote sensing scene classification requires identifying multiple land-cover
categories from a single high-resolution aerial image. Existing methods strengthen vi-
sual features or model label dependencies, yet they apply a fixed calibration strategy
regardless of the underlying label-density regime, leading to over-prediction on dense
scenes or under-correction on sparse scenes. We propose Density-Adaptive CDG Calibra-
tion (DARC), a lightweight framework that explicitly conditions calibration on dataset
label density. DARC comprises three modules: (1) Label-density Driven Profile Selection
(DDP) automatically routes the calibration path based on training-set density statistics;
(2) Label-token Correlative-Discriminative Graph Mixing (CDM) injects both co-occurrence
and exclusivity relations into label semantic tokens through positive and negative graph
propagation; (3) Density-aware Gated Calibration (DCM) applies cardinality-controlled
gating for dense labels and EMA-stabilized graph calibration for sparse labels. Experiments
on AID-ML and UCM-ML demonstrate that DARC achieves 90.12% and 89.05% sample-F1,
respectively, outperforming six competitive baselines including SFIN, ASL, C-Tran, ML-
Decoder, SPIN, and Two-Way Loss by 1.65–3.87%, while introducing only 1.42% additional
parameters. Cross-regime routing analysis confirms that no single fixed strategy matches
DARC’s adaptive approach, and sensitivity analysis shows the routing is robust across a wide
threshold range. Ablation studies validate the necessity of each component, and visualization
analyses demonstrate that the learned label graphs capture interpretable semantic patterns.

Keywords: multi-label remote sensing scene classification; label relation calibration; label
density; graph mixing; lightweight neural networks

1. Introduction
Multi-label remote sensing scene classification (MLRSSC) is an important image-

understanding task that assigns multiple land-cover or object labels to a single aerial
scene image. Unlike single-label scene classification, where one dominant category is
predicted for each image, MLRSSC needs to recognize co-existing objects such as buildings,
roads, trees, water, ships, and bare soil from the same scene. This formulation is closer
to practical remote-sensing interpretation, because high-resolution scenes usually contain
multiple semantic objects and their spatial context. Existing studies mainly build on deep
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convolutional or transformer feature extractors, then add multi-label classification heads to
produce a binary label vector for each scene [1–7].

Existing MLRSSC methods can be roughly understood from two complementary
directions. Early deep methods focus on stronger visual representations by using CNN
backbones, multi-scale features, attention modules, and feature fusion mechanisms [8–16].
These methods are effective at extracting discriminative scene cues, but they often treat
labels as independent binary decisions. To address label dependency, recent methods intro-
duce graph reasoning, semantic relation inference, recurrent attention, or semantic supervi-
sion, so that co-occurrence and exclusivity among labels can guide prediction [5–7,17–20].
However, relation modeling alone does not solve calibration: the same relation head
may over-predict on dense label sets or under-correct on sparse label sets. More recently,
foundation-model-based approaches and large-scale pretraining have been applied to remote-
sensing understanding [21,22], and prompt-tuning methods have been explored for multi-
label remote-sensing recognition under unified settings [23]. Multi-label calibration has also
received renewed attention with density-aware evaluation protocols and benchmark standard-
ization efforts [24,25]. Despite these advances, no prior work explicitly adapts the calibration
mechanism based on label-density regime characteristics of the target dataset.

The key observation behind this work is that common MLRSSC benchmarks have
different label-density regimes, and this difference fundamentally changes what a good
calibration strategy should do. AID-ML contains 17 object labels with an average training
cardinality of 5.15, corresponding to a density of 0.303; UCM-ML has the same label space size
but an average training cardinality of 3.34, corresponding to a density of 0.196. Dense scenes
benefit from cardinality-aware control because overconfident label relations may add too
many positives, whereas sparse scenes benefit more from stable relation smoothing because
rare labels are sensitive to noisy updates. This density mismatch is not explicitly handled
by existing fixed-head multi-label remote-sensing classifiers, which constitutes a clear gap in
current methodology.

In this paper, we propose DARC, a Density-Adaptive CDG Calibration framework for
lightweight multi-label remote sensing scene classification. Instead of introducing a heavier
image backbone or treating label relations with one fixed head, DARC calibrates the base
prediction path through a density-conditioned relation module. To avoid manually selecting
different heads for different datasets, we design Label-density Driven Profile Selection (DDP),
which automatically chooses the dense or sparse calibration profile from the training label
density. To encode interpretable label dependencies, we design Label-token Correlative-
Discriminative Graph Mixing (CDM) that combines positive co-occurrence and negative
exclusivity relations over class-wise label tokens. To make calibration match the density
regime, we design Density-aware Gated Calibration (DCM): the dense branch uses prior-
uncertainty gated relation logits with cardinality loss, while the sparse branch uses CDG with
EMA-stabilized evaluation. Experiments on AID-ML and UCM-ML demonstrate that DARC
achieves 90.12% and 89.05% sample-F1, respectively, outperforming six competitive baselines
by 1.65–3.87% while adding only 1.42% parameters. Cross-regime analysis further confirms
that no single fixed strategy can match DARC’s adaptive routing across density regimes.

The contributions of this work are summarized as follows:

• We identify label density as a key yet overlooked calibration signal for multi-label re-
mote sensing scene classification, and formally connect dataset-level density statistics
with the choice of calibration profile through a principled routing mechanism. Cross-
regime experiments demonstrate that any fixed strategy degrades on mismatched
density regimes, while adaptive routing consistently achieves the best performance.

• We propose DARC, a lightweight three-module framework (DDP, CDM, and DCM)
that achieves density-adaptive calibration with only 1.42% parameter overhead, with-
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out requiring external foundation models, a heavier visual backbone, or heavy de-
coder architectures. The correlative-discriminative graph mixing jointly models label
co-occurrence and exclusivity, providing richer relational signals than single-direction
approaches. The core technical novelty of DARC lies in the density-driven calibration
path selection and its unified integration with density-specific calibration branches—the
idea that training-set label density should determine how relation evidence is applied to
logits, not merely what relations are modeled. While individual components (graph prop-
agation, EMA stabilization, cardinality regularization) have precedents in multi-label
learning, their density-conditioned combination and the routing mechanism that selects
between them represent the primary methodological contribution.

• Extensive experiments on AID-ML and UCM-ML show that DARC outperforms
six competitive baselines including SFIN, ASL, C-Tran, ML-Decoder, SPIN, and
Two-Way Loss across all metrics. Comprehensive ablation studies, threshold sen-
sitivity analysis, label-relation visualization, feature projection analysis, and density
analysis further validate the effectiveness and robustness of the proposed method.

2. Related Work
Remote sensing scene classification has evolved from handcrafted descriptors and shal-

low classifiers to deep scene representations. The UC Merced benchmark was introduced
with bag-of-visual-words and spatial extensions [1], while AID and NWPU-RESISC45 en-
larged the diversity of aerial scenes and strengthened the need for deep models [2,3]. CNN
backbones such as AlexNet, VGG, GoogLeNet, ResNet, DenseNet, and EfficientNet became
standard feature extractors for remote-sensing recognition [8–13]. Remote-sensing-specific
designs further aggregate multi-layer features, semantic pyramids, and global context
to handle scale variation and high inter-class similarity [14–16,26]. Vision Transformers
and Swin Transformers broadened the backbone choices for visual recognition [27,28],
but for small MLRSSC benchmarks, they can introduce more parameters than the task
requires. More recently, lightweight attention mechanisms and hybrid CNN-Transformer
architectures have been explored to balance representation power and parameter efficiency
in remote-sensing understanding [29,30].

Multi-label learning studies how to predict a set of labels rather than a single class.
Classical surveys define binary relevance, classifier chains, label powerset, ranking losses,
and evaluation metrics for multi-label classification [31,32]. Deep multi-label image classifi-
cation then added CNN-RNN sequence modeling for ordered label prediction [33], graph
convolutional networks for label co-occurrence reasoning [19], and transformer-based label
interaction for capturing long-range label dependencies [20]. To address label imbalance,
Asymmetric Loss (ASL) down-weights easy negatives via asymmetric focusing [34], while
Two-Way Loss balances positive and negative gradients through separate loss terms [35].
For efficient multi-label decoding, ML-Decoder uses cross-attention between learned group
queries and image features to avoid the quadratic cost of full label-to-label attention [36].
SPIN introduces semantic–prototype interaction networks that project visual features onto
semantic prototypes for label prediction [6]. These methods demonstrate that label rela-
tions and imbalance-aware objectives are critical for multi-label classification, but they are
primarily designed for natural-image datasets (e.g., MS-COCO, VOC2007/2012) whose
label cardinality distributions and visual statistics differ substantially from remote-sensing
scenes. Transferring these methods to remote sensing without considering the density
characteristics of the target dataset often yields suboptimal calibration, which motivates
our density-adaptive approach.

Multi-label remote sensing scene classification (MLRSSC) extends multi-label learning
to high-resolution aerial imagery. UCM-ML and AID-ML relabel single-label scene bench-
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marks with object-level multi-hot annotations [1,2,4], while MLRSNet and BigEarthNet
provide larger multi-label remote-sensing resources [37,38]. More recent efforts have intro-
duced BigEarthNet-v2 with revised labels and quality-controlled annotations [24], and com-
prehensive surveys have catalogued the growing diversity of multi-label remote-sensing
benchmarks spanning optical, SAR, and multi-spectral modalities [25]. Recurrent class-
wise attention models class-specific visual evidence through sequential label refinement [4].
CNN-GNN frameworks combine convolutional features with spatio-topological label
graphs to leverage both visual appearance and spatial layout [5]. Graph relation networks
(GRNs) model pairwise relations between scene representations and label embeddings [39].
Transformer-driven semantic relation inference (TSRI) and semantic-driven masked atten-
tion (SMAT) use cross-attention to refine label dependency by attending to image regions
relevant to each label [6,40]. Most recently, SFIN integrates semantic supervision, local
semantic enhancement, cross-scale interaction, and contrastive learning into a unified
framework for MLRSSC [7], achieving strong baseline performance. Parameter-efficient
prompt-tuning methods have also been explored under unified multi-label remote-sensing
settings [23]. Self-supervised pretraining approaches for remote-sensing representation
learning, such as RingMo [21] and scale-aware SSL methods [22], have demonstrated strong
transfer to downstream recognition tasks including multi-label classification, though they
typically require large-scale pretraining corpora and heavier backbones.

Despite the progress in MLRSSC architectures, a common limitation persists: existing
methods apply a fixed classification head or loss function uniformly across all datasets, with-
out considering that different remote-sensing benchmarks exhibit different label-density
regimes. A dense dataset like AID-ML (density ρ = 0.303) has frequent multi-object co-
occurrence where label relation heads risk over-predicting, while a sparse dataset like
UCM-ML (density ρ = 0.196) has rare co-occurrence where the same heads tend to under-
correct. DARC is most closely related to SFIN and graph-based label relation methods, but
fundamentally differs by using training label density to determine how relation calibration
should be applied—an aspect not addressed by any prior MLRSSC method.

Calibration and stability are important for converting multi-label logits into re-
liable fixed-threshold decisions. Probability calibration has been studied extensively
in single-label classification through temperature scaling, Platt scaling, and isotonic
regression [41,42]. For multi-label tasks, focal loss addresses class imbalance by down-
weighting easy examples [43], and asymmetric loss extends this principle with separate
positive and negative focusing parameters [34]. Work on calibrated label ranking shows that
multi-label decisions need mechanisms beyond ordinary single-label confidence correction
because relevance must be inferred separately for each label [44]. From the training stability
perspective, exponential moving average (EMA) and stochastic weight averaging (SWA)
improve generalization by smoothing model parameters across training iterations [45,46].
Knowledge distillation from an EMA teacher has shown particular effectiveness for learn-
ing with noisy or sparse labels [45]. In remote-sensing multi-label classification, however,
calibration is typically treated as a fixed threshold choice or a loss function selection rather
than a dataset-density-aware design variable. No prior work explicitly adapts the calibra-
tion mechanism based on the label-density regime of the target dataset. DARC fills this gap
by introducing a density-driven routing rule, a positive-negative correlative-discriminative
graph mixer, and branch-specific calibration paths for dense and sparse label regimes. To
clarify the relationship between DARC and existing techniques: the positive-negative graph
mixing in CDM draws on the established idea of label co-occurrence graphs [19] but extends
it with explicit exclusivity modeling; the EMA stabilization in the sparse branch follows
the mean-teacher principle [45] but is applied specifically to multi-label logit calibration
rather than semi-supervised representation learning; and the cardinality regularization
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in the dense branch is related to cardinality-aware losses in set prediction [47] but serves
here as a density-specific calibration constraint. The main technical novelty lies not in any
individual component but in the unified mechanism that uses training-set label density to
determine which calibration strategy is applied, thereby resolving the mismatch between
fixed-head methods and variable-density datasets.

3. Method
3.1. Overview

DARC is a lightweight calibration framework that takes a remote-sensing image and
predicts a multi-hot label vector through a density-aware label-relation calibration path.
Given the training set Dtr and an input image xi, the task is to estimate a probability vector
over C labels and convert it into a binary prediction:

Dtr = {(xi, yi)}N
i=1, xi ∈ X , yi = [yi1, . . . , yiC]

⊤ ∈ {0, 1}C. (1)

DARC is defined on top of a base multi-label encoder that produces visual features,
class-wise label tokens, and base logits. This abstraction keeps the proposed calibration
modules separate from the image backbone and makes DARC a lightweight prediction-path
calibration framework:

(Fi, Ti, zi) = fθ(xi), (2)

where fθ denotes the base encoder, Fi denotes multi-scale visual features, Ti ∈ RC×d denotes
class-wise label tokens, and zi ∈ RC denotes base logits. The final probabilities are obtained
by a density-selected calibration function:

pi = σ
(
Φρ(zi, Ti;Dtr)

)
. (3)

The binary prediction uses a fixed multi-label threshold:

ŷic = I(pic ≥ 0.5), c = 1, . . . , C. (4)

The threshold 0.5 is the standard decision boundary for converting sigmoid prob-
abilities to binary multi-label predictions, as it corresponds to the natural midpoint of
the [0, 1] output range where pic ≥ 0.5 indicates that the model assigns more probability
mass to presence than absence. This uniform threshold is applied identically to all compared
methods, ensuring that any performance difference reflects model calibration quality rather
than threshold optimization. We do not claim this threshold is optimal for all datasets; rather, it
serves as a controlled, unbiased operating point that enables fair comparison across methods.

DARC comprises three self-contained modules, as illustrated in Figure 1. Section 3.2
introduces Label-density Driven Profile Selection (DDP), which computes label density
and selects a dense or sparse calibration profile s(ρ). Section 3.3 introduces Label-token
Correlative-Discriminative Graph Mixing (CDM), which uses Ti andDtr to produce relation
logits ri from positive and negative label graphs. Section 3.4 introduces Density-aware
Gated Calibration (DCM), which combines (zi, ri, s(ρ)) to obtain the final calibrated logits
ℓi. The overall data flow is

Dtr
DDP−−→ (ρ, s), (Ti,Dtr)

CDM−−−→ ri, (zi, ri, s) DCM−−−→ ℓi → pi. (5)

3.2. Label-Density Driven Profile Selection (DDP)

To avoid manual dataset-specific head selection, we propose DDP to route multi-
label remote-sensing datasets into dense or sparse calibration profiles automatically. The
motivation is that the same relation head can over-predict on dense scenes or under-correct
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sparse scenes when label density is ignored. GivenDtr from Section 3.1, DDP first computes
the per-sample cardinality, mean cardinality, and normalized density:

ki =
C

∑
c=1

yic, k̄ =
1
N

N

∑
i=1

ki, ρ =
k̄
C

. (6)

Then, to make the routing decision auditable from labels alone, DDP maps the density
to a discrete profile:

s(ρ) =

dense, ρ ≥ τρ,

sparse, ρ < τρ.
(7)

We set τρ = 0.25, which correctly separates AID-ML (ρ = 0.303) from UCM-ML
(ρ = 0.196). The density-regime validation in Section 4.3 shows that any τρ ∈ (0.196, 0.303)
produces identical routing, demonstrating robustness to this choice.

DDP is intentionally simple because the density statistic is stable, reproducible, and
available before training. A trainable routing network could fit the same datasets, but
it would introduce extra parameters and make the profile choice less interpretable. The
resulting s(ρ) is passed to DCM (Section 3.4) as the branch-selection signal.
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Figure 1. Overview of the proposed DARC framework. DDP first selects the density profile from
training-label statistics (AID-ML: ρ = 0.303, dense; UCM-ML: ρ = 0.196, sparse), CDM mixes label-
token evidence through positive and negative relation graphs, and DCM applies density-aware gated
calibration with smoothed evaluation to produce the final multi-label predictions.

3.3. Label-Token Correlative-Discriminative Graph Mixing (CDM)

Given the label tokens Ti from Section 3.4 and the training labels used by DDP, we
propose CDM to inject label dependency without modifying the base visual encoder or
replacing the base logits with a heavy decoder. Existing label-relation heads typically
emphasize co-occurrence alone, making it difficult to suppress labels that rarely appear
together. CDM addresses this by jointly modeling positive co-occurrence and negative
exclusivity through a dual-graph architecture.
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CDM first estimates the empirical label prior and joint occurrence:

πc =
1
N

N

∑
i=1

yic, Pcd =
1
N

N

∑
i=1

yicyid. (8)

Then, to model both correlation and discrimination, CDM converts these statistics into
positive and negative relation matrices:

A+
cd =

Pcd√
πcπd + ϵ

, A−cd = 1− A+
cd, A+

cc = A−cc = 0. (9)

The relation weights are row-normalized before message passing:

Ã±cd =
A±cd

∑C
j=1 A±cj + ϵ

. (10)

To produce relation-aware label evidence, CDM projects Ti = [ti1, . . . , tiC]
⊤ into a

relation space:
Hi = TiWh + bh. (11)

The positive and negative relation contexts are computed via graph propagation:

G+
i = Ã+HiW+, G−i = Ã−HiW−. (12)

CDM fuses correlation and discrimination with a residual relation token:

Ri = LN
(

Hi + αG+
i − βG−i

)
, (13)

where α and β control the relative strength of positive co-occurrence and negative ex-
clusivity propagation, respectively. We set α = 1.0 and β = 0.5 by default, reflecting
that co-occurrence is the primary relational signal while exclusivity provides complemen-
tary refinement (robustness analysis in Section 4.5). The relation logits are obtained by a
lightweight classifier:

ri = Riwr + br. (14)

CDM is efficient because it performs graph mixing over C label tokens rather than
dense image patches. The positive graph encourages labels that often co-exist to exchange
information, while the negative graph suppresses incompatible labels. This design keeps
relation reasoning interpretable and adds only a small number of parameters. The resulting
relation logits ri are passed to DCM (Section 3.4) as calibration evidence.

3.4. Density-Aware Gated Calibration (DCM)

Given the profile s(ρ) from DDP and relation logits ri from CDM, we propose DCM to
match logit calibration to the density regime. The core insight is that dense scenes need
cardinality-aware control to prevent relation-induced over-prediction, while sparse scenes
need stable relation transfer without forcing dense label counts.

Dense profile. DCM first estimates prediction uncertainty from the base probabilities:

uic = p0
ic(1− p0

ic), p0
i = σ(zi). (15)

Then, to decide how much relation evidence should modify each label, DCM uses a
prior-uncertainty gate:

gic = σ(a0 + a1πc + a2uic). (16)
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The dense calibrated logits combine base and relation evidence:

ℓdense
ic = zic + gicric. (17)

To prevent dense predictions from drifting toward too many positive labels, DCM
regularizes the predicted cardinality:

k̂i =
C

∑
c=1

σ(ℓdense
ic ). (18)

The dense cardinality regularizer is:

Lcard =
1
N

N

∑
i=1

(
k̂i − ki

)2
. (19)

Sparse profile. DCM keeps the relation calibration direct because rare labels can be
harmed by dense cardinality forcing. Sparse calibrated logits are as follows:

ℓ
sparse
ic = zic + λsric. (20)

Sparse training uses an exponential moving average (EMA) model for stable evalua-
tion, preventing noisy per-batch updates from destabilizing rare-label predictions:

θema
t = µθema

t−1 + (1− µ)θt. (21)

Profile selection. The final density-aware calibrated logit is selected by the DDP profile:

ℓic =

ℓdense
ic , s(ρ) = dense,

ℓ
sparse
ic , s(ρ) = sparse.

(22)

The main supervised loss is binary cross-entropy:

Lbce = − 1
NC

N

∑
i=1

C

∑
c=1

[yic log σ(ℓic) + (1− yic) log(1− σ(ℓic))]. (23)

The final objective is:

L = Lbce + λcardI[s(ρ) = dense]Lcard. (24)

We set λcard = 0.02, sparse scaling factor λs = 1.0, and EMA decay µ = 0.95 as
defaults. The cardinality weight λcard = 0.02 is chosen to be small enough that the aux-
iliary cardinality term does not dominate the primary binary cross-entropy loss, while
remaining sufficient to penalize predicted cardinalities that deviate substantially from
ground truth—the sensitivity analysis in Section 4.5 (Panel a) confirms stable performance
for λcard ∈ [0.01, 0.05]. The sparse scaling factor λs = 1.0 applies relation logits without
attenuation, which is appropriate because the sparse branch does not use cardinality regu-
larization and relies on direct relation transfer—scaling below 1.0 would underuse relation
evidence while scaling above 1.0 risks amplifying noise from infrequent co-occurrence
statistics. The EMA decay µ = 0.95 follows the widely adopted range for mean-teacher
models [45], balancing between fast adaptation (µ < 0.9, which causes unstable evalu-
ation on rare labels) and slow convergence (µ > 0.99, which delays beneficial parame-
ter updates)—Panel (b) confirms robustness for µ ∈ [0.93, 0.97]. Robustness analysis in
Section 4.5 validates these choices across a range of values.
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DCM effectively separates two calibration needs that conflict in practice. Dense scenes
require cardinality-aware control to reduce relation-induced over-prediction, while sparse
scenes require stable relation transfer without forcing the model to match dense label counts.
The density-driven selection makes this choice before training and keeps the inference
path lightweight.

3.5. Training Algorithm

Algorithm 1 summarizes the complete DARC training procedure. DDP routing is
computed once before training begins, and CDM graph construction is performed once
from the training labels. During each training iteration, the forward pass selects the
appropriate DCM calibration branch based on the pre-computed density profile.

Algorithm 1 DARC Training Procedure

Require: Training set Dtr = {(xi, yi)}N
i=1, label count C, threshold τρ, epochs E

Ensure: Trained DARC model parameters θ
1: // Phase 1: Density-Driven Profile Selection (DDP)
2: Compute mean cardinality: k̄← 1

N ∑N
i=1 ∑C

c=1 yic
3: Compute density: ρ← k̄/C
4: Select profile: s← dense if ρ ≥ τρ, else sparse
5: // Phase 2: CDM Graph Construction (one-time)
6: Compute label priors πc and co-occurrence Pcd from Dtr
7: Construct positive graph: A+

cd ← Pcd/(
√

πcπd + ϵ)

8: Construct negative graph: A−cd ← 1− A+
cd

9: Row-normalize: Ã+, Ã−

10: // Phase 3: Training Loop
11: if s = sparse then
12: Initialize EMA parameters: θema ← θ
13: end if
14: for epoch = 1 to E do
15: for each mini-batch (xb, yb) ⊂ Dtr do
16: Extract features: (Fb, Tb, zb)← fθ(xb)
17: // CDM: Graph Mixing
18: Project tokens: Hb ← TbWh + bh
19: Compute contexts: G+

b ← Ã+HbW+, G−b ← Ã−HbW−
20: Fuse: Rb ← LN(Hb + αG+

b − βG−b )
21: Relation logits: rb ← Rbwr + br
22: // DCM: Density-Aware Calibration
23: if s = dense then
24: Compute uncertainty: ub ← σ(zb)(1− σ(zb))
25: Compute gate: gb ← σ(a0 + a1π + a2ub)
26: Calibrate: ℓb ← zb + gb ⊙ rb
27: L ← Lbce(ℓb, yb) + λcardLcard(ℓb, yb)
28: else
29: Calibrate: ℓb ← zb + λsrb
30: L ← Lbce(ℓb, yb)
31: end if
32: Update θ via Adam with loss L
33: if s = sparse then
34: Update EMA: θema ← µθema + (1− µ)θ
35: end if
36: end for
37: end for
38: return θema if s = sparse, else θ
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3.6. Complexity Analysis

Let Pbase be the number of parameters in the base multi-label encoder and PDARC be
the number of parameters after adding CDM and DCM. The relative parameter overhead is

∆P =
PDARC − Pbase

Pbase
. (25)

In the instantiated experimental setting, the base encoder contains 16,253,810 parameters.
DARC adds 230,914–230,935 parameters (depending on the profile), corresponding to
approximately 1.42% overhead. The CDM graph mixing has computational complexity
O(C2d) where C = 17 is the label count and d is the token dimension, which is negli-
gible compared to the backbone’s image feature extraction. The DCM gating adds only
O(C) scalar operations per sample. This lightweight design ensures that DARC’s density-
adaptive calibration comes at minimal computational cost.

4. Experiments
4.1. Experimental Setup

We evaluate whether DARC improves multi-label remote-sensing scene classification
under a fair and reproducible protocol. The experiments use two benchmarks with distinct
label-density characteristics. AID-ML is derived from the AID aerial scene benchmark [2]
and exhibits denser object co-occurrence (density ρ = 0.303). UCM-ML is derived from the
UC Merced land-use benchmark [1] and has sparser label distributions (density ρ = 0.196).
Both datasets use 17-label multi-hot annotations.

Dataset characterization. AID-ML contains 3000 images of size 600× 600 pixels
sampled from the AID aerial scene benchmark (which contains 10,000 images across
30 categories), from which we derive multi-label annotations with 17 object-level labels.
The images are RGB optical with a spatial resolution of approximately 0.5–8 m, collected
from Google Earth covering diverse geographic regions. UCM-ML contains 2100 images of
size 256× 256 pixels covering 21 land-use categories, from which 17 object-level labels are
derived. The images are RGB aerial orthoimagery with a fixed spatial resolution of 0.3 m
(1 foot), extracted from the USGS National Map Urban Area Imagery covering selected U.S.
cities. The 17 shared labels are as follows: airplane, bare-soil, buildings, cars, chaparral,
court, dock, field, grass, mobile-home, pavement, sand, sea, ship, tanks, trees, and water.
Multi-label annotations were derived by identifying all visible object categories present in
each scene image according to the visual content—a scene originally labeled “airport” may
contain {airplane, buildings, pavement, grass}. Table 3 after its first citation in Section 4.3
reports the per-dataset label frequency and co-occurrence statistics. The average number of
labels per image (cardinality) is 5.15 for AID-ML and 3.34 for UCM-ML.

Data split protocol. We adopt stratified random splitting with a fixed random seed
(seed = 42) to partition each dataset into 80% training and 20% testing, maintaining approx-
imate label distribution proportions across splits. This replaces the alphabetical sorting
used in preliminary experiments, which could introduce ordering bias if file names encode
acquisition or location information. The same split is used for all methods (DARC and
all six baselines), ensuring fair comparison. The three reported random seeds (123, 456,
789) control model parameter initialization and training stochasticity, not the data partition,
which remains fixed.

We report sample-F1, macro-F1, micro-F1, and mean average precision (mAP). Sample-
F1 is adopted as the primary metric because it directly evaluates the quality of the predicted
label set for each image, which aligns with the multi-label decision objective. Macro-F1
captures class-balanced performance, micro-F1 emphasizes global instance-label decisions,
and mAP reflects ranking quality before thresholding. The main comparison and ab-
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lation results are averaged over three random seeds (123, 456, 789) and reported with
standard deviation.

Implementation details. All methods use a ResNet-18 backbone pretrained on Ima-
geNet, with input images resized to 256× 256 pixels. Training uses the Adam optimizer
with an initial learning rate of 1× 10−4 and cosine annealing schedule over 100 epochs. The
batch size is 32. Data augmentation includes random horizontal flip, random vertical flip,
and random rotation (±15◦). No color jittering or mixup is used. Model selection follows
early stopping based on sample-F1 on a held-out 10% validation set from the training
partition, with the best checkpoint used for test evaluation. All experiments are conducted
on a single NVIDIA RTX 3090 GPU (24 GB). The fixed threshold of 0.5 is applied uniformly
across all methods without per-dataset tuning.

All methods share the same ResNet-18 backbone, input size 256× 256, Adam optimizer,
train/test split, and a fixed threshold of 0.5. Each method uses its own specified loss
function: ASL and Two-Way Loss use their proposed objectives, while DARC uses binary
cross-entropy combined with the density-specific calibration term. The DARC dense profile
uses cardinality-gated calibration with loss weight λcard = 0.02, while the sparse profile
uses CDG with EMA decay µ = 0.95. We compare against six representative baselines:
SFIN [7] as the strongest direct task-specific baseline, ASL [34] and Two-Way Loss [35] as
multi-label loss designs, C-Tran [20] and ML-Decoder [36] as label-interaction decoders,
and SPIN [6] as a semantic-prototype interaction method. All baselines are evaluated under
identical settings (same split, resolution, threshold, and seeds). No external foundation
model, extra training data, or test-time threshold tuning is used.

Baseline implementation details. All baselines use official open-source implementa-
tions where available: ASL, C-Tran, ML-Decoder, and Two-Way Loss use their respective
published codebases; SFIN uses the authors’ released code; SPIN is re-implemented follow-
ing the original paper’s architecture description. All methods are retrained from scratch
under our unified protocol (same backbone, optimizer, augmentation, split, and evaluation
procedure). Hyperparameters for each baseline follow the values reported in their original
papers; when original papers report results on different datasets, we use the recommended
default configurations without additional tuning. The same preprocessing pipeline (re-
size, normalization with ImageNet statistics, and identical augmentations) is applied to
all methods.

4.2. Main Results

We first test whether DARC improves multi-label prediction over competitive base-
lines under the same protocol. Table 1 reports the main comparison results on AID-ML
and UCM-ML.

DARC achieves the best performance across all four metrics on both datasets. On
AID-ML, DARC obtains 90.12% sample-F1, outperforming the second-best SFIN by 1.65%
and the other baselines by 2.71–3.39%. On UCM-ML, DARC obtains 89.05% sample-F1,
surpassing SFIN by 2.32% and the other baselines by 3.34–3.87%. The larger gain on UCM-
ML indicates that sparse label distributions benefit strongly from density-aware calibration,
where fixed multi-label heads tend to under-correct rare or weakly co-occurring labels.

The secondary metrics show the same trend. DARC achieves the highest macro-F1
on both datasets (76.38% on AID-ML and 90.83% on UCM-ML), indicating balanced per-
formance across frequent and rare classes. It also improves mAP (82.14% on AID-ML
and 95.17% on UCM-ML), showing that the benefit is not limited to the final 0.5 threshold
but also appears in the underlying label ranking. These results support the central effec-
tiveness claim: DARC improves multi-label decisions while preserving a fair lightweight
backbone setting.
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Table 1. Comparison with state-of-the-art multi-label methods on AID-ML and UCM-ML. All
methods use the same ResNet-18 backbone, train/test split, input resolution, and fixed 0.5 threshold.
Best results in bold, second best underlined. The up arrow (↑) indicates higher values are better.

Dataset Method Sample-F1 (%) ↑ Macro-F1 (%) ↑ Micro-F1 (%) ↑ mAP (%) ↑
AID-ML SFIN [7] 88.47± 0.23 74.52± 1.18 89.23± 0.28 79.86± 0.45
AID-ML ASL [34] 87.28± 0.19 75.13± 0.94 88.41± 0.22 80.15± 0.52
AID-ML C-Tran [20] 86.95± 0.31 74.38± 0.76 88.12± 0.35 79.62± 0.48
AID-ML ML-Decoder [36] 87.41± 0.27 74.21± 0.83 88.56± 0.32 80.34± 0.41
AID-ML SPIN [6] 86.73± 0.35 74.09± 1.05 87.94± 0.41 79.48± 0.53
AID-ML Two-Way Loss [35] 86.84± 0.29 74.45± 1.12 88.06± 0.34 79.53± 0.61
AID-ML DARC (Ours) 90.12± 0.16 76.38± 0.87 90.85± 0.19 82.14± 0.38

UCM-ML SFIN [7] 86.73± 0.38 88.26± 0.92 85.41± 0.42 93.52± 0.35
UCM-ML ASL [34] 85.52± 0.45 87.64± 0.87 84.28± 0.48 93.18± 0.41
UCM-ML C-Tran [20] 85.18± 0.41 87.31± 0.79 83.92± 0.44 93.87± 0.33
UCM-ML ML-Decoder [36] 85.63± 0.36 87.85± 0.62 84.45± 0.39 94.23± 0.28
UCM-ML SPIN [6] 85.29± 0.32 87.12± 0.84 84.06± 0.37 93.35± 0.39
UCM-ML Two-Way Loss [35] 85.71± 0.28 88.47± 0.51 84.63± 0.31 93.95± 0.25
UCM-ML DARC (Ours) 89.05± 0.21 90.83± 0.43 87.92± 0.25 95.17± 0.22

Statistical significance. To verify that DARC’s improvements are not attributable to
random variation, we conduct paired Wilcoxon signed-rank tests between DARC and each
baseline on per-image sample-F1 scores. On AID-ML, DARC vs. SFIN yields p = 0.0031,
and DARC vs. all other baselines yields p < 0.001. On UCM-ML, DARC vs. SFIN yields
p = 0.0018, and DARC vs. remaining baselines yields p < 0.001. All comparisons are
statistically significant at the α = 0.01 level. The 95% confidence intervals for the sample-F1
improvement over SFIN are [0.92%, 2.38%] on AID-ML and [1.45%, 3.19%] on UCM-ML.
We acknowledge that with three seeds, the power of these tests is limited; however, the
consistent improvement across all metrics and both datasets, combined with the non-
overlapping confidence intervals, provides reasonable evidence that the gains are genuine
rather than stochastic.

Calibration evidence. Since DARC uses the term “calibration” to describe its density-
adaptive logit adjustment, we additionally report confidence calibration metrics to verify
that the improved classification performance corresponds to improved prediction reliability.
Table 2 reports Expected Calibration Error (ECE, 15 bins), Brier score, and label-wise mean
calibration gap for DARC and SFIN (the strongest baseline).

Table 2. Calibration metrics comparison between SFIN and DARC. Lower values indicate better
calibration. ECE uses 15 equal-width bins. Brier score is averaged over all labels. The down arrow (↓)
indicates lower values are better.

Method Dataset ECE (%) ↓ Brier ↓ Label-Wise Gap (%) ↓
SFIN AID-ML 8.42 0.1183 7.61
DARC AID-ML 5.87 0.1024 5.23
SFIN UCM-ML 6.95 0.0891 6.38
DARC UCM-ML 4.62 0.0743 4.15

DARC reduces ECE by 2.55% on AID-ML and 2.33% on UCM-ML relative to SFIN,
confirming that the density-adaptive mechanism improves not only classification accuracy
but also the reliability of predicted probabilities. The Brier score reductions (0.0159 on
AID-ML and 0.0148 on UCM-ML) further indicate that DARC’s predicted probabilities
are better aligned with actual label occurrence frequencies. These results provide direct
evidence that the “calibration” claimed in our framework title corresponds to measurable
improvements in confidence reliability, not merely classification performance.

4.3. Density-Regime Validation

We next verify the central claim that different label-density regimes require different
calibration profiles. Table 3 first reports the training-label statistics used by DDP. AID-ML
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has a mean cardinality of 5.15 and density of 0.303, while UCM-ML has a mean cardinality
of 3.34 and density of 0.196. This gap gives DARC an auditable routing signal: dense scenes
need cardinality-aware control, whereas sparse scenes need stable relation transfer without
forcing dense label counts.

Table 3. Label-density statistics of the two benchmarks. AID-ML has significantly higher density
than UCM-ML, justifying the use of different calibration profiles.

Dataset Train Images Labels (C) Mean Card. k̄ Density ρ Max Card.
AID-ML 2400 17 5.15 0.303 11
UCM-ML 1680 17 3.34 0.196 7

Table 4 tests whether a fixed calibration strategy can replace DARC’s density-adaptive
routing. Applying the dense profile uniformly achieves 90.12% on AID-ML but only
87.21% on UCM-ML, a 1.84% degradation compared with DARC on the sparse benchmark.
Conversely, applying the sparse profile uniformly achieves 89.05% on UCM-ML but drops
AID-ML to 88.34%, a 1.78% degradation on the dense benchmark. Only adaptive routing
obtains the best result on both datasets simultaneously, with an average sample-F1 of
89.59% compared with 88.67% for fixed dense and 88.70% for fixed sparse.

Table 4. Cross-regime routing analysis. A fixed calibration strategy can only optimize one den-
sity regime. Only DARC’s adaptive routing achieves the best performance on both benchmarks
simultaneously. Sample-F1 (%) reported. The up arrow (↑) indicates higher values are better.

Strategy AID-ML (%) ↑ UCM-ML (%) ↑ Average (%) ↑
SFIN (no calibration) 88.47 86.73 87.60
Fixed Dense (all datasets) 90.12 87.21 88.67
Fixed Sparse (all datasets) 88.34 89.05 88.70
DARC (adaptive routing) 90.12 89.05 89.59

Table 5 further checks whether DDP depends on a fragile density threshold. Since
AID-ML has ρ = 0.303 and UCM-ML has ρ = 0.196, any τρ ∈ (0.196, 0.303) routes both
datasets correctly. The tested thresholds τρ ∈ {0.20, 0.25, 0.28} all yield the same optimal
average performance of 89.59%. Only the extreme values 0.15 and 0.35 misroute one dataset
and degrade performance. This validates the DDP design: the routing relies on a clear
density gap rather than precise threshold tuning.

Table 5. Sensitivity of the density threshold τρ. Correct routing (Dense for AID-ML, Sparse for
UCM-ML) occurs for any τρ ∈ (0.196, 0.303), yielding identical performance across a wide range.
Sample-F1 (%) reported.

τρ AID-ML Profile UCM-ML Profile AID-ML (%) UCM-ML (%) Avg. (%)

0.15 Dense Dense † 90.12 87.21 88.67
0.20 Dense Sparse 90.12 89.05 89.59
0.25 Dense Sparse 90.12 89.05 89.59
0.28 Dense Sparse 90.12 89.05 89.59
0.35 Sparse † Sparse 88.34 89.05 88.70

† Incorrect routing: dataset assigned to the mismatched density profile.

4.4. Component Ablation

We isolate each DARC component to test whether the observed gains come from the
proposed design rather than incidental tuning. Table 6 reports module-level ablations
under the same three-seed protocol.
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Table 6. Component ablation study. Each row removes or degrades one module while keeping others
intact. All results are three-seed averages. Best sample-F1 per dataset in bold. The up arrow (↑)
indicates higher values are better.

Dataset Module Variant Sample-F1 (%) ↑ Macro-F1 (%) ↑ Micro-F1 (%) ↑ mAP (%) ↑
AID-ML Full DARC (Ours) 90.12± 0.16 76.38± 0.87 90.85± 0.19 82.14± 0.38
AID-ML DDP Fixed sparse profile 88.34± 0.22 74.85± 1.04 89.18± 0.26 80.42± 0.51
AID-ML CDM Positive graph only 89.23± 0.21 75.62± 0.93 90.08± 0.24 81.35± 0.44
AID-ML CDM Negative graph only 88.76± 0.18 75.14± 0.79 89.64± 0.21 80.87± 0.42
AID-ML DCM w/o cardinality loss 88.52± 0.24 74.93± 0.91 89.37± 0.28 80.56± 0.47

UCM-ML Full DARC (Ours) 89.05± 0.21 90.83± 0.43 87.92± 0.25 95.17± 0.22
UCM-ML DDP Fixed dense profile 87.21± 0.35 89.12± 0.72 86.08± 0.38 93.85± 0.34
UCM-ML CDM Positive graph only 88.17± 0.26 90.05± 0.51 87.04± 0.29 94.53± 0.27
UCM-ML CDM Negative graph only 87.62± 0.23 89.47± 0.58 86.52± 0.27 94.18± 0.31
UCM-ML DCM w/o EMA stabilization 87.38± 0.31 89.25± 0.65 86.24± 0.34 93.96± 0.29

The DDP ablations confirm that density mismatch is the primary failure mode ad-
dressed by DARC. Replacing adaptive routing with the mismatched fixed profile reduces
sample-F1 by 1.78% on AID-ML (dense→ sparse) and 1.84% on UCM-ML (sparse→ dense).
This is consistent with the cross-regime analysis and shows that routing is not merely a
presentation device but a necessary calibration choice.

The CDM ablations verify the value of using both positive co-occurrence and negative
exclusivity graphs. Using only the positive graph drops sample-F1 by 0.89% on AID-ML
and 0.88% on UCM-ML, while using only the negative graph causes larger drops of 1.36%
and 1.43%, respectively. The full correlative-discriminative graph mixing outperforms both
single-graph variants, showing that co-occurrence propagation and exclusivity suppression
provide complementary label-relation evidence.

The DCM ablations validate the density-specific calibration mechanisms. In the
dense profile, removing the cardinality loss decreases AID-ML sample-F1 by 1.60%, con-
firming that dense scenes require explicit cardinality control to avoid relation-induced
over-prediction. In the sparse profile, removing EMA stabilization decreases UCM-ML
sample-F1 by 1.67%, confirming that sparse scenes benefit from smoothed relation transfer
rather than noisy per-batch updates.

Cross-component interaction ablations. To further disentangle the contributions of
density routing and graph mixing, we conduct two additional cross ablations: (1) density-
only routing without graph mixing (DDP+DCM, bypassing CDM by setting ri = 0), and
(2) graph mixing without density-specific calibration (CDM only, using a fixed uniform
calibration path regardless of density). Results are reported in Table 7.

Table 7. Cross-component interaction ablations (sample-F1, %). “Density-only” uses DDP routing
and DCM but removes CDM graph evidence. “Graph-only” uses CDM but applies a single fixed
calibration path.

Configuration AID-ML UCM-ML
Full DARC (DDP+CDM+DCM) 90.12 89.05
Density-only (DDP+DCM, no CDM) 88.67 87.54
Graph-only (CDM, no density routing) 88.93 87.82

The density-only configuration drops performance by 1.45% on AID-ML and 1.51%
on UCM-ML, indicating that graph-based relation evidence is essential even when density
routing is correctly applied—density routing alone cannot compensate for the absence of
label co-occurrence and exclusivity signals. The graph-only configuration drops perfor-
mance by 1.19% on AID-ML and 1.23% on UCM-ML, showing that graph mixing without
density-aware calibration paths still suffers from the calibration mismatch problem. Impor-
tantly, the full DARC system outperforms both isolated components, confirming that the
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improvement arises from the interaction between density adaptation and relation modeling
rather than from either mechanism alone.

4.5. Robustness to Hyperparameters

We next test whether DARC’s default hyperparameters are stable within practical
ranges. Figure 2 visualizes all three sensitivity studies as a large multi-panel plot, replacing
the tabular presentation with trend-level evidence.
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Figure 2. Hyperparameter robustness of DARC. Figure (a,b) show the dense profile’s cardinality loss
weight and the sparse profile’s EMA decay rate, respectively. Figure (c,d) show the positive-negative
graph mixing coefficients in CDM. Shaded regions indicate stable operating ranges, and dashed red
lines mark the default configuration used in the main experiments.

Figure 2a shows that the dense profile is stable for λcard ∈ [0.01, 0.05], with the best
sample-F1 at 0.02. A too-small weight (0.005) provides insufficient cardinality control,
whereas a too-large weight (0.10) over-constrains the model and suppresses correct positive
labels. Figure 2b shows that the sparse profile is robust for µ ∈ [0.93, 0.97], with the best
result at 0.95; lower values cause unstable updates, while higher values slow adaptation.

Figure 2c,d analyze the positive-negative graph mixing coefficients (α, β) in CDM.
The default configuration (α = 1.0, β = 0.5) achieves the best results on both datasets. Re-
moving discriminative suppression (β = 0) or over-weighting the negative graph (β = 1.0)
degrades performance, while the α sweep shows that co-occurrence strength is less sensitive
around the selected value. These trends indicate that DARC’s gains are not caused by
fragile hyperparameter tuning.

4.6. Interpretability Analysis

We provide qualitative analyses to examine whether the learned relation structures
match the intended CDM behavior. Figure 3 compares the AID-ML empirical relation
matrix, the CDG positive graph, and the CDG negative graph estimated from training
labels. The positive graph highlights frequent co-occurrence patterns such as sand–sea and
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dock–ship, while the negative graph captures mutually exclusive pairs such as buildings–
sand and cars–mobile-home.

 

(a) Empirical relation matrix

(b) CDG positive graph (c) CDG negative graph

Figure 3. AID-ML label-relation visualization. The empirical relation matrix is shown at the top; the
CDG positive and negative graphs are enlarged in the bottom row.

Table 8 lists the strongest positive and negative relation pairs. Together with the graph
visualization, these pairs show that CDM learns interpretable label structures: the positive
branch propagates semantically compatible labels, while the negative branch suppresses
implausible combinations.

We further visualize the label-token feature space using UMAP projection [48]. Figure 4
shows test-set features from SFIN and DARC on both datasets, with points colored by label
cardinality. Compared with SFIN, DARC produces more coherent local neighborhoods for
images with similar label counts, suggesting that density-aware calibration helps organize
label-token representations. We show seed 123 for clarity; the other two seeds exhibit the
same trend. This qualitative pattern is consistent with the quantitative gains in Table 1.
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Table 8. Top-5 positive (co-occurrence) and negative (exclusivity) relation pairs learned by CDM on
AID-ML. High positive scores indicate frequent label co-existence; high negative scores indicate rare
co-occurrence, supporting the need for discriminative graph mixing.

Type Label A Label B Score
Positive sand sea 0.372
Positive dock ship 0.222
Positive mobile-home water 0.202
Positive airplane cars 0.164
Positive airplane buildings 0.160
Negative buildings mobile-home 0.108
Negative cars mobile-home 0.107
Negative grass mobile-home 0.106
Negative buildings sand 0.100
Negative pavement sand 0.100

(a) AID-ML SFIN (b) AID-ML DARC

(c) UCM-ML SFIN (d) UCM-ML DARC

Figure 4. UMAP feature projections of label tokens. The top row shows AID-ML and the bottom row
shows UCM-ML; each row compares SFIN with DARC. Points are colored by label cardinality.

4.7. Efficiency Analysis

DARC is designed as a lightweight calibration head rather than a new back-
bone. Table 9 reports the parameter and training-time comparison. DARC adds only
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230,914–230,935 parameters over SFIN, corresponding to approximately 1.42% overhead.
The computational cost is low because graph mixing operates over C label tokens (C = 17)
rather than dense image patches. Training one DARC configuration takes approximately
14.5 min per seed on AID-ML and 9.3 min per seed on UCM-ML on a single GPU, making
the method practical for resource-constrained remote-sensing applications.

Table 9. Parameter overhead and training efficiency of DARC. DARC adds a lightweight calibration
head with negligible parameter cost. Training time measured on a single NVIDIA RTX 3090 GPU.

Model Parameters Extra over SFIN Training Time (100 Epochs)

SFIN baseline 16,253,810 – AID: 12.8 min, UCM: 8.0 min
DARC (sparse profile) 16,484,724 +230,914 (+1.42%) UCM: 9.3 min
DARC (dense profile) 16,484,745 +230,935 (+1.42%) AID: 14.5 min

Full efficiency comparison against baselines. Table 10 reports training time, inference
throughput, peak GPU memory, and approximate FLOPs for all methods under identical
hardware (single NVIDIA RTX 3090).

Table 10. Efficiency comparison of all methods on AID-ML. All measurements use the same hardware
(RTX 3090), batch size 32, and input size 256× 256. Training time is total minutes for 100 epochs.
Throughput is images/second at inference.

Method Params (M) Train (min) Infer (img/s) GPU Mem (GB) GFLOPs

ResNet-18 (base) 11.18 11.2 847 2.41 1.82
ASL 11.18 11.4 845 2.42 1.82
Two-Way Loss 11.18 11.5 843 2.43 1.82
SPIN 13.92 13.8 724 3.15 2.31
C-Tran 14.67 15.1 682 3.48 2.56
ML-Decoder 13.25 14.3 715 3.07 2.18
SFIN 16.25 12.8 631 3.82 2.89
DARC (ours) 16.48 14.5 618 3.91 2.93

DARC’s training time (14.5 min) is comparable to ML-Decoder (14.3 min) and slightly
longer than SFIN (12.8 min), because DARC’s graph mixing adds iterative label-token
propagation steps on top of the base encoder. SFIN’s relatively low training time despite
having the most parameters is due to its purely convolutional multi-scale feature fusion
without attention or iterative graph operations, resulting in high GPU utilization and
parallelism. The inference throughput of DARC (618 img/s) is slightly lower than SFIN
(631 img/s), reflecting the additional graph propagation pass, but both are substantially
faster than real-time requirements for typical remote-sensing applications. Peak GPU
memory is comparable across all graph/decoder-based methods (3.0–3.9 GB), well within
the capacity of modern GPUs. The 1.42% parameter overhead of DARC over SFIN translates
to a negligible 0.04 GFLOPs increase, confirming that the “lightweight” characterization
refers to the minimal additional computational cost of density-adaptive calibration relative
to the base encoder. We note that “lightweight” in this context means minimal parameter
and compute overhead for the calibration module, not an absolute claim about the total
model size compared to methods using different backbone architectures.

4.8. Discussion and Practical Implications

The preceding experiments indicate that DARC’s improvement is not tied to a single
numerical metric, but to a consistent change in how multi-label evidence is calibrated across
label-density regimes. The dense AID-ML setting contains many co-occurring objects per
image, so relation propagation can easily increase the number of predicted positives beyond
the plausible scene cardinality. In this regime, the dense DCM branch acts as a conservative
correction: it allows relation logits to refine uncertain labels, but uses the cardinality
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term to discourage uncontrolled expansion of the predicted label set. This explains why
removing the cardinality loss mainly harms AID-ML and why routing AID-ML through the
sparse profile reduces sample-F1. The sparse UCM-ML setting has a different failure mode.
Because positive labels are fewer and co-occurrence evidence is less frequent, batch-level
relation updates can become unstable. The sparse DCM branch therefore emphasizes direct
relation transfer and EMA smoothing rather than cardinality forcing, which helps preserve
rare positive labels without pushing the model toward dense predictions.

From a deployment perspective, DARC has a simple operating procedure. Before
training, the practitioner computes label density from the available training annotations
and selects the corresponding profile through DDP. The profile is then fixed for the entire
training and inference process. This design avoids per-dataset architecture search and
avoids tuning a separate decision threshold on the test set. It is also auditable: the selected
branch can be reproduced directly from the training labels, and the relation graphs can be
inspected through their strongest positive and negative label pairs. Such transparency is
useful in remote-sensing applications where predicted label sets may support downstream
interpretation, map updating, or human review.

The results also clarify the boundary of the proposed method. DARC is intended to
calibrate label relations on top of a lightweight multi-label encoder; it is not a replacement
for stronger visual backbones or larger-scale pretraining. If a dataset contains many fine-
grained categories that are visually ambiguous even before label calibration, the backbone
representation may become the limiting factor. Likewise, the binary dense/sparse split
is appropriate for the two benchmarks studied here because their densities are clearly
separated, but future datasets may occupy intermediate regimes. In such cases, extending
DDP from a hard two-branch router to a continuous or multi-level density controller
would be a natural next step. The current experiments nevertheless show that even a
simple density statistic can expose an important calibration mismatch that fixed multi-label
heads overlook.

Comparison with existing method families. To further contextualize DARC’s contri-
bution, we compare its design philosophy with four established multi-label method families.
(1) Graph relation methods (ML-GCN [19], KGGR, CNN-GNN [5]) model label co-occurrence
through graph propagation but apply a single fixed graph uniformly across datasets. DARC
differs by constructing both positive and negative graphs and, more critically, by condi-
tioning how graph evidence is used on the dataset’s label density. (2) Label-interaction
decoders (C-Tran [20], ML-Decoder [36]) use cross-attention between label queries and im-
age features; these decoders are architecture-heavy and density-agnostic. DARC operates
on extracted label tokens with a lightweight graph mixer, avoiding the quadratic atten-
tion cost while remaining density-aware. (3) Asymmetric and rebalanced losses (ASL [34],
Two-Way Loss [35]) address class imbalance at the loss level but do not modify the pre-
diction logits based on co-occurrence structure or density regime. DARC complements
rather than replaces such losses—its calibration operates on logits before the final loss,
and could in principle be combined with asymmetric objectives. (4) Remote-sensing-specific
methods (SFIN [7], SPIN [6]) integrate semantic supervision or prototype interaction but
still use a fixed calibration head. DARC’s key differentiation is that it introduces density
as a first-class routing signal, which none of the above families consider. The efficiency
comparison in Table 10 shows that this routing adds negligible computational cost over
SFIN while providing measurable calibration improvement.

Limitations. We explicitly acknowledge the following limitations of this work:
Dataset age and scope. AID-ML and UCM-ML are derived from benchmarks published

in 2010 and 2017, respectively. These datasets do not represent current challenges involving
diverse sensors, geographic regions, temporal conditions, or the scale of modern remote-
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sensing imagery. Our evaluation is restricted to these two benchmarks, and the current
results do not demonstrate effectiveness on state-of-the-art remote-sensing datasets such as
BigEarthNet-v2 [38], fMoW, or recent satellite imagery collections.

Spectral and spatial limitations. Both datasets contain only RGB optical imagery at fixed
spatial resolutions (0.3 m for UCM-ML and 0.5–8 m for AID-ML). We have not studied
how DARC performs with multi-spectral inputs (e.g., Sentinel-2 bands), different spatial
resolutions, or SAR imagery. The method’s applicability is therefore restricted to RGB
high-resolution aerial scenes under the tested conditions.

Geographic generalization. AID-ML covers diverse but unspecified Google Earth regions,
while UCM-ML is limited to U.S. urban areas. Cross-regional generalization (e.g., Europe
vs. Asia vs. Africa) has not been investigated.

Binary density partition. The current DDP mechanism uses a binary dense/sparse
routing decision validated only between two density points (ρ = 0.196 and ρ = 0.303). We
cannot claim general threshold robustness beyond this evaluated interval. Datasets with
intermediate densities, continuous density distributions, or substantially different density
ranges may require extending DDP to multi-level or continuous routing.

Fixed threshold. The uniform 0.5 threshold enables fair comparison but may not be
optimal for all classes or density regimes. Adaptive or class-specific thresholds could
potentially improve practical performance.

Statistical power. Results are averaged over three random seeds, which limits the
statistical power of significance tests. While the Wilcoxon tests show significance at p < 0.01,
more seeds (e.g., 10–30) would provide stronger confidence estimates.

5. Conclusions
This paper presents DARC, a lightweight density-adaptive calibration framework for

multi-label remote sensing scene classification. DARC addresses a previously overlooked
problem: existing methods apply uniform calibration regardless of the label-density regime,
leading to suboptimal performance across datasets with different label distributions. By
introducing Label-density Driven Profile Selection (DDP) for automatic regime identifica-
tion, Label-token Correlative-Discriminative Graph Mixing (CDM) for joint co-occurrence
and exclusivity modeling, and Density-aware Gated Calibration (DCM) for regime-specific
logit calibration, DARC achieves 90.12% and 89.05% sample-F1 on AID-ML and UCM-ML,
respectively, outperforming six competitive baselines by 1.65–3.87% while adding only
1.42% parameters.

We emphasize that these effectiveness conclusions are established specifically on the
AID-ML and UCM-ML benchmarks under the experimental protocol described in Sec-
tion 4.1. Both datasets are derived from benchmarks that are approximately 10–16 years
old and contain only RGB aerial imagery at limited spatial resolutions and geographic
coverage. The current evaluation does not demonstrate general applicability to modern
remote-sensing data involving diverse sensors, spectral bands, spatial resolutions, or geo-
graphic regions. The density-adaptive routing has been validated only between two density
points (ρ = 0.196 and ρ = 0.303); its behavior on datasets with intermediate, higher, or
continuously distributed label densities remains an open question.

Cross-regime routing analysis confirms that no single fixed calibration strategy
matches DARC’s adaptive approach on the two evaluated benchmarks, and threshold
sensitivity analysis demonstrates robustness across the tested density threshold range of
τρ ∈ [0.20, 0.28]. Ablation studies validate the necessity of each component, and visu-
alization analyses show that the learned label graphs capture semantically meaningful
co-occurrence and exclusivity patterns. Statistical significance tests (Wilcoxon signed-rank,
p < 0.01) and calibration metrics (ECE reduction of 2.3–2.6%) provide additional evi-
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dence that the improvements are both statistically reliable and reflect genuine confidence
calibration gains, not merely classification metric fluctuations.

Future work includes validating DARC on recent large-scale multi-label remote-
sensing benchmarks (e.g., BigEarthNet-v2, fMoW) that cover multi-spectral inputs, diverse
spatial resolutions, and broader geographic regions; extending the density-adaptive mecha-
nism to more fine-grained regimes beyond the binary dense/sparse partition; investigating
learnable density thresholds that can adapt during training; studying the interaction be-
tween density routing and spectral or spatial characteristics of different sensor types; and
increasing the number of evaluation seeds to strengthen statistical confidence.
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AID Aerial Image Dataset
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CDM Label-token Correlative-Discriminative Graph Mixing
DARC Density-Adaptive CDG Calibration
DCM Density-aware Gated Calibration
DDP Label-density Driven Profile Selection
EMA Exponential Moving Average
MLRSSC Multi-Label Remote Sensing Scene Classification
SFIN Semantic-Assisted Feature Integration Network
UCM UC Merced
UMAP Uniform Manifold Approximation and Projection
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