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Abstract—Deep learning (DL) has become increasingly impor-
tant in remote sensing (RS) image classification due to its ability
to extract semantic information from complex data. Classification
tasks often include predefined label hierarchies that represent
the semantic relationships among classes. However, these hier-
archies are frequently overlooked, and most approaches focus
only on fine-grained classification schemes. In this article, we
present a novel Semantics-Aware Hierarchical Consensus (SAHC)
approach that integrates hierarchical-level-specific classification
heads within a deep network architecture and combines their
output through cross-level probability projectors. Direct and
projected predictions are fused into a geometric consensus dis-
tribution, which is used for self-consistent training and optional
hierarchy-aware inference. This mechanism acts as a geometric
ensemble that leverages the inherent structure of the hierarchical
classification task. The projectors are initialized from the user-
defined taxonomy (i.e., the hierarchical label structure) and can
be adaptively refined during optimization. The proposed SAHC
method is evaluated on two benchmark datasets with different
degrees of hierarchical complexity on different tasks, considering
varying spectral and spatial resolutions. Experimental results
show both the effectiveness of the proposed approach in guiding
network learning and the robustness of the hierarchical consensus
(HC) for RS image classification tasks. The source code is
available at: https://github.com/rslab-unitrento/sahc

Index Terms—Consensus, consistency, deep learning (DL),
hierarchical, multigranularity, multispectral (MS), remote sens-
ing (RS), semantics-aware, Sentinel-2 (S2), time series (TS),
very-high resolution (VHR).

I. INTRODUCTION

IMAGE classification and semantic segmentation are central
tasks in remote sensing (RS) image processing. In recent

years, the proliferation of RS data and open distribution
policies have significantly increased the availability of land-use
and land-cover (LULC) products, along with their correspond-
ing classification schemes [1]. These products play a critical
role in various applications and are widely used by government
agencies, municipalities, and ministries. However, global and
regional LULC maps often differ in terms of resolution and are
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Fig. 1. Hierarchical classification task example. Level 1 represents the coarsest
class definition, where each class is progressively broken down into its fine-
grained representations.

affected by semantic inconsistencies in class definitions and
production algorithms [2]. While deep learning (DL) methods
have revolutionized LULC mapping by capturing complex
spatial and spectral dependencies, standard approaches typi-
cally treat classification as a flat, single-level task. In practice,
land-cover (LC) classes are naturally organized into hierar-
chical label structures that reflect intrinsic levels of semantic
granularity. This multilevel hierarchy is a property of the
physical landscape. For instance, within a single dataset, a
specific target might be unambiguously identified at a coarse-
grained level (e.g., forest), while its finer grained classification
(e.g., deciduous versus coniferous) remains uncertain due to
inherent label ambiguity, complex scene compositions, or the
physical limits of the sensor. Neglecting this inherent hier-
archical structure discards valuable semantic information and
can lead to suboptimal or inconsistent predictions, particularly
when dealing with label ambiguity or complex RS scenes.
An example of this hierarchical problem definition can be seen
in Fig. 1.
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In the literature, most of the works related to RS image
classification focus on single-level approaches, discarding the
hierarchical information contained in the data. Hierarchical
classification schemes, such as the CORINE Land Cover
(CLC) maps, have mostly been adopted in object-based
image classification methods based on very-high resolution
(VHR) satellite images [3], often considering a limited number
of classes to simplify the classification task. To validate
the hierarchical structure, few works analyzed the interlevel
relationships, considering decision trees in object-based clas-
sification scenarios [4], or validation approaches based on
intercomparison of different maps [5]. Instead, the wide
majority of works in the RS domain focus on single-level
approaches, discarding the hierarchical information contained
in the data. While these methods show promising results at
individual hierarchical levels, they fail to incorporate the hier-
archical structure of the data into the decision-making process,
overlooking important information included in the source data.

Only recently, hierarchical and multigranularity
classification (MGC) methods have emerged to address
these challenges in RS. These methods leverage the
hierarchical structure to encode semantic relationships
among labels, enabling knowledge transfer across different
levels of granularity. Recent studies have demonstrated the
benefits of adaptive label granularity selection (ALGS) to
balance classification accuracy and specificity [6], as well
as the integration of parent–child relationships and sibling
mutual exclusivity to improve hierarchical representation
learning [7]. Despite these advancements, integrating hierar-
chical information effectively into the learning process remains
an open challenge. Many existing methods rely on complex,
task-specific architectures or rigid rule-based postprocessing
steps, which limit their flexibility across different DL
backbones and fail to explicitly enforce probability consistency
across different hierarchical levels in a generalized manner.

To address these limitations, we propose the novel and
modular Semantics-Aware Hierarchical Consensus (SAHC)
method. SAHC integrates hierarchical-level-specific classi-
fication heads within standard DL architectures, projects
multilevel predictions to a common hierarchical level, and
combines them through a consensus distribution. The cor-
responding projectors can be derived from the user-defined
taxonomy (i.e., the hierarchical label structure), while trainable
hierarchy projectors provide an optional adaptive refinement
around this semantic prior.

The key contributions of this work can be summarized as
follows.

1) We introduce the SAHC framework that treats the pre-
dictions produced at different hierarchical levels as a
committee of probabilistic estimates. The predictions are
projected to a common target level and fused into a
consensus distribution.

2) We propose a self-consistent learning strategy that
aligns direct and projected predictions with the con-
sensus during training. The same mechanism supports
hierarchy-aware consensus prediction at inference, while
direct-head predictions remain available when fine-level
discrimination is the primary objective.

3) We introduce taxonomy-initialized trainable projec-
tion matrices as an adaptive parameterization of the

cross-level projectors. This parameterization enables
data-driven calibration of cross-level compatibility
while preserving the user-defined taxonomy as a seman-
tic prior.

4) We demonstrate the effectiveness and robustness of the
proposed approach on two RS datasets with different
hierarchy complexities, spatial resolutions, and classifi-
cation settings.

The remainder of this article is organized as follows.
Section II reviews related works on hierarchical semantic
segmentation. Section III details the proposed hierarchical
consensus (HC) approach. The datasets and experimental
setup are described in Section IV, while Section V presents
and discusses the experimental results. Finally, Section VI
concludes this article and outlines future research directions.

II. RELATED WORKS

Image classification and semantic segmentation are widely
studied tasks in RS image processing, with DL models
achieving state-of-the-art performance across various domains.
Standard approaches typically treat classification as a “flat,”
single-granularity problem, predicting probabilities over a set
of mutually exclusive classes without explicitly consider-
ing potential semantic relationships or hierarchical structures
among them. However, many real-world RS datasets possess
inherent taxonomies where classes can be naturally orga-
nized into hierarchies (e.g., standardized LC systems and
target recognition taxonomies with super-categories and sub-
categories). Ignoring this structure can lead to suboptimal
performance, as standard loss functions treat all misclassifica-
tions equally. Without an explicit hierarchical representation,
models fail to differentiate between errors involving closely
related classes and those involving semantically distant ones.

Leveraging hierarchical label structures during model train-
ing and inference has emerged as a promising direction to
improve accuracy and semantic understanding. Early work
demonstrated that standard convolutional neural networks
(CNNs) implicitly capture some hierarchical information, with
shallower layers grouping high-level categories and deeper
layers specializing in finer distinctions [8]. Building on this,
researchers have explored explicit methods to incorporate
hierarchy. Typically, this is achieved by mapping the label
hierarchy to specific network architectures or by introducing
loss functions that handle the correlation between different
granularity tasks [9], [10], [11]. For instance, several meth-
ods propose levelwise hierarchical cross-entropy losses based
on conditional probabilities or introduce custom features to
minimize the divergence between aggregated predictions at
different hierarchical levels, aiming to reduce the severity of
misclassification. Bertinetto et al. [12] proposed a levelwise
hierarchical cross-entropy loss based on conditional probabili-
ties within the hierarchy and used mapping functions to embed
class relationships. Similarly, Garg et al. [13] introduced
the Hierarchy-Aware Features (HAF), incorporating multiple
losses, including minimizing the Jensen–Shannon divergence
(JSD) between aggregated predictions at different hierarchical
levels and enforcing geometric consistency in the feature
space, aiming to reduce the severity of misclassifications.
In [14], the authors proposed hierarchy and exclusion graphs
to model semantic relations between two labels assigned to
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the same objects. They considered exclusions, overlaps, and
subsumptions, and provided a detailed theoretical analysis of
the structure of the hierarchical problem. Building on this
work, a combinatorial loss is proposed by Chen et al. [15],
which addresses the scenario where samples might be labeled
at different levels of granularity. The loss is designed to
maximize the marginal probability of the observed ground-
truth label by aggregating information from related labels in
the hierarchy. The authors introduced an hierarchical resid-
ual network (HRN) architecture, where features from parent
levels act as residual connections to inform child-level fea-
tures, explicitly facilitating hierarchical feature interaction.
Following this work, Zhou et al. [16] proposed a multi-
granularity archeological dating method that depends on an
explicit knowledge-guided relation graph, employing a focal-
type probability classification loss to mine the relationship
between specific object attributes and their broader eras. Their
network leverages a bidirectional multigranularity module
(MGM) with gradient-truncated addition to explicitly fuse
coarse- and fine-grained features. Similarly, Cai et al. [17]
introduced HierSwin, a hierarchical Vision Transformer, which
explicitly models the semantic correlations embedded within
a predefined three-level hierarchical tree to gradually improve
accuracy from fine- to coarse-grained classifications.

More recently, some works addressed the MGC in RS to
handle targets that are discernible only at specific variable
semantic levels due to differences in spatial resolution, sensor
modalities, and data quality. Chen et al. [6] introduced an
accuracy-specificity curve to adaptively select task-dependent
prediction thresholds. Their approach also employs a penalty
term based on the global semantic distance across the label
tree to adjust class logits. Addressing a similar challenge in
ship classification, Chen et al. [7] proposed a hierarchical
contrastive learning (HCL) framework. By explicitly incor-
porating parent–child dependencies and mutual exclusivity
among sibling categories, their method aligns class-specific
representations with semantic relationships and enforces prob-
ability coherence across levels through a consistency loss.

Despite these significant advancements, many existing
multigranularity and hierarchical learning methods still rely
on the assumption that a predefined and accurate hierarchy
is available, where no hierarchy violation is possible.
This requires rigid postprocessing rules, fixed decision
thresholds, or highly specific nonmodular architectures.
Furthermore, many existing techniques require explicit
guidance or architectural modifications tailored to a specific
fixed hierarchy [18], potentially limiting their flexibility and
ability to adapt if the underlying hierarchical understanding
evolves or is uncertain. For example, some approaches
decompose the problem into sequential decisions or binary
classifications guided by the known structure [19], [20],
rather than allowing the model to learn or refine hierarchical
relationships implicitly from the data.

The challenge remains to exploit predefined hierarchical
semantics through a modular probability-driven mechanism,
while allowing limited data-driven calibration of cross-level
relationships around the taxonomy prior.

III. PROPOSED METHODOLOGY

In this work, we address the above-mentioned challenges by
proposing a novel DL framework for hierarchy-aware image

classification. Our approach models the hierarchical semantic
relationships within image data by integrating hierarchical loss
components with a robust consensus mechanism.

The main methodological component of SAHC is an all-
level HC approach. For each target hierarchical level, the
predictions produced by all hierarchical levels are projected
into the corresponding target label space through cross-level
projectors. These projectors can be directly derived from the
user-defined taxonomy and, in the adaptive implementation,
are initialized from this taxonomy and jointly optimized with
the network. Then, the direct prediction of the target-level
head and the projected predictions from all remaining levels
are fused into a consensus probability distribution. SAHC
jointly learns level-specific classifiers and taxonomy-anchored
probabilistic mappings that align their predictions across the
hierarchy.

The proposed SAHC differs from other consistency-based
approaches in the way hierarchical agreement is modeled. Pre-
vious methods generally enforce local parent–child coherence
through fixed child-to-parent probability aggregation, pairwise
consistency constraints, or semantic-distance-based penalties.
In contrast, SAHC projects the predictions produced at all
hierarchical levels into a common target label space and
jointly combines them with the direct target-level prediction
through a consensus distribution. This consensus is used both
as a regularization target during training and as an optional
hierarchy-aware prediction at inference.

A. Hierarchical Problem Formulation
Let us denote column vectors by lowercase bold letters

(e.g., v) and matrices by uppercase bold letters (e.g., B).
The ith component of a vector v is denoted by vi, while
the ith row and jth column of a matrix B are denoted by
Bi,· and B·, j, respectively. Then, let us consider a user-defined
hierarchy label tree with H levels, where the leaves represent
the finest level of detail. We denote each hierarchical level as
h ∈ H = [1, 2, . . . ,H], ranging from the coarsest level h = 1 to
the finest one h = H. The root node h = 0 is not considered,
as it represents the trivial case in which all classes are mapped
into a single class. Let x ∈ Rb be the input vector, where b is
the number of input features. Its associated labels are yh ∈ Ωh,
where Ωh = {ωh

1, . . . , ω
h
|Ωh |
} is the set of labels at hierarchical

level h, with |Ωh| number of labels. For every h1 < h2, we
have that each fine-grained class ωh2

j is mapped to a coarse-
grained class ωh1

i , and |Ωh1 | ≤ |Ωh2 |. We define this mapping
relationship by ωh2

j =⇒ ωh1
i . Let D = {(xn,Yn)|n = 1, . . . ,N}

be the training set, where for each input feature vector xn, we
have an associated set Yn = {y1

n, . . . , y
h
n, . . . , y

H
n }, which denotes

the ground-truth labels at all H hierarchical levels, for a total
number of N training samples. The labels in the dataset satisfy
a nested label structure, where each class at a finer level is
contained within a class at a coarser level.

B. Fully Supervised Multilevel Learning
The proposed methodology can be applied to any back-

bone network by simply introducing the required additional
hierarchical classification modules. We refer to each of the
hierarchical classification modules gh : Rd → R|Ω

h | on top of a
given backbone network as the composition gh◦f : Rb → R|Ω

h |,
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Fig. 2. Illustration of the proposed hierarchical architecture with the HC calculated on h = h̃. Heads tailored to different granularity levels are reprojected
on the target level and geometrically averaged to extract the consensus probability p̂h̃

HC . This consensus probability is used to calculate the hierarchical
self-consistency loss Lh

HC . Optionally, this consensus probability can be used to generate a robust hierarchy-aware prediction during inference.

where f : Rb → Rd is the backbone feature extractor. Fig. 2
provides a high-level overview of the considered multilevel
classification approach.

Each classifier gh estimates class-posterior logits. Let
p̂h(x) ∈ R|Ω

h | be the vector of estimated class-posterior
probabilities at level h given x, i.e., p̂h(x) = [P̂(ωh

1|x), . . . ,
P̂(ωh

|Ωh |
|x)]T, where T refers to the transpose operator. Then,

the class-posterior probabilities p̂h for the input sample x at
level h can be retrieved as follows:

p̂h (x) = σ
�
gh (f (x))

�
(1)

where σ : Rd → [0, 1]d is the softmax operator, with σi[·]
computed as follows:

σi
�
g
�

=
exp giP
j exp g j

∈ [0, 1] . (2)

The training of gh is done by computing the categorical cross-
entropy (CCE) loss as follows:

Lh
CCE = −

1
N

NX
n=1

|Ωh |X
i=1

1
�
yh

n = ωh
i

�
log P̂h �ωh

i |xn
�

= −
1
N

NX
n=1

|Ωh |X
i=1

1
�
yh

n = ωh
i

�
logσi

�
gh (f (xn))

�
(3)

where 1[·] serves as an indicator function and takes a value
of 1 when the argument is true, else 0. We apply the CCE loss
function to all hierarchical levels, obtaining the total CCE loss
LCCE as the sum of the levelwise losses

LCCE =

HX
h=1

λhLh
CCE . (4)

As it has also been noted in previous works [21], adopting
several CCE loss functions for diverse classification levels

may negatively affect performance at the most granular clas-
sification level. To mitigate this behavior, we introduced the
weighting terms λ = {λ1, . . . , λH} to limit the impact of coarser
levels, while still accounting for the additional losses.

C. Cross-Level Projectors
SAHC requires cross-level projection operators to map

predictions between hierarchical levels before consensus
formation. These projectors can be directly derived from
the user-defined taxonomy or adaptively parameterized. The
implementation considered in this work uses trainable,
taxonomy-initialized matrices to refine the projectors during
optimization.

The CCE loss functions at each hierarchical level lead
to independent classifications, which are not constrained to
follow the hierarchy definition formulated in the problem state-
ment. To promote cross-level agreement, additional consensus
predictions and self-consistent penalty terms are introduced.
These penalty terms are defined through hierarchy projection
matrices designed to map the taxonomy-specified relationships
between the different layers.

Let us consider for simplicity the case of H = 2 levels,
with h1 representing the coarse-grained labels and h2 the fine-
grained labels, i.e., h1 < h2. We refer to Ωh1 as the set of the
macroclasses (i.e., the coarse-grained classes) and to Ωh2 as the
set of the microclasses (i.e., the fine-grained classes). We can
define the hierarchy indicator matrix Ih2,h1 ∈ {0, 1}|Ω

h2 |×|Ωh1 |,
which represents the user-defined hierarchical relationship
between level h2 and h1

Ih2,h1 =

2664
I1,1 I1,2 . . . I1,|Ω1 |

I2,1 I2,2 . . . I2,|Ω1 |

...
...

. . .
...

I|Ω2 |,1 I|Ω2 |,2 . . . I|Ω2 |,|Ω1 |

3775 . (5)
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Fig. 3. Illustration of both direct and distant hierarchical mappings, from
fine-grained classes to coarse-grained classes.

This approach can be easily extended to a multilevel sce-
nario, considering any given number H of hierarchical levels.
In this case, the total number of hierarchy matrices that can
be determined is ((H − 1) · H)/2, as also mappings of distant
relationship levels can be defined (e.g., from the root of the
label tree to the leaves, skipping intermediate levels) if needed.
A generalized example is illustrated in Fig. 3.

In a strict hard-hierarchy, Ih2,h1
i, j assumes a value of 1 when

the microclass ωh2
i is contained in the macroclass ωh1

j through
the relationship ωh2

i =⇒ ωh1
j , and 0 otherwise. However, this

rigid formulation often fails to account for semantic overlaps
in real-world hierarchies. Therefore, we distinguish between
user-defined aggregations, established a priori for a given task,
and data-driven adaptive projection weights, which calibrate
dataset-specific associations and model uncertainties around
the taxonomy prior. To combine the user-defined prior with
a data-driven optimization, we parameterize the hierarchical
relationships in the unconstrained logit space. Instead of
strictly fixing the matrices to binary values or directly bound-
ing them in [0, 1], we define learnable parameter matrices
Wh2,h1 ∈ R|Ω

h2 |×|Ωh1 | used to model the log joint distribution
matrices log Jh2,h1 ∈ R|Ω

h2 |×|Ωh1 |. Wh2,h1 are initialized based on
the user-defined indicator matrix Ih2,h1 to provide a stronger
prior

Wh2,h1
i, j =

(
ε, if Ih2,h1

i, j = 1
−∆ + ε, if Ih2,h1

i, j = 0
(6)

where ε ∼ N (0, s2) is a small random elementwise noise
added to break network symmetry while still maintaining the
injected structural prior during initial phases of optimization.
The scalar ∆ defines the logit gap between user-defined
connections and unmapped relations. The two values act as
positive and negative biases toward valid connections and
unmapped relationships. The value of ∆ is selected in the
unconstrained logit space to encode a soft structural prior over
the hierarchy and is used to provide small nonzero probability
values to unmapped relations in the user-defined taxonomy.
Indeed, during the forward pass, these unconstrained param-
eters are dynamically mapped into valid hierarchy log joint
distribution matrices log Jh2,h1 via a log-softmax operation on
the flattened parameter matrices Wh2,h1 . Each term of the
matrix Jh2,h1

i, j = P(ωh1
j , ω

h2
i ) models the probability of observing

a relationship between microclass ωh2 and macroclass ωh1 .
This constraint relaxation allows us to better combine the user-
defined aggregation with data-driven calibration of cross-level

compatibility, while retaining the initial user-defined mappings
as the structural anchor.

D. Self-Consistent HC Learning
Let us return to the general case of H hierarchical levels,

considering projections from source levels h to a target hier-
archical level h̃. Each hierarchical level acts independently of
the others. To ensure that the network is hierarchy-aware, an
additional constraint based on the prediction associated with
the target hierarchical level and the projected predictions from
the other levels is defined. In particular, we take inspiration
from the disagreement-based active learning field [22] to
define the disagreement between the predictions calculated
at each hierarchical level. For each level h̃, we consider a
committee composed of all H levels. All predictions and their
projected versions can be viewed as “soft” votes, which define
each committee member’s confidence. Then, we introduce a
self-consistent loss that penalizes the committee members’ dis-
agreement with the overall committee consensus, calibrating
the mapping weights in Jh,h̃ when adaptive projectors are used,
and providing further supervision to the network based on the
predictions at the different levels.

1) Hierarchy-Based Projected Predictions: In order to gen-
erate the committee at each hierarchical level, the predictions
first need to be projected to the other levels. For simplicity,
let us consider the projection from a source-level h to a
target level h̃. Let Ĵh,h̃ ∈ [0, 1]|Ω

h |×|Ωh̃ |, with h, h̃ ∈ H, h , h̃,
denote the joint distribution matrices. From Ĵh,h̃, we derive
the conditional projection matrix M̂h,h̃ ∈ [0, 1]|Ω

h |×|Ωh̃ | by row-
normalization

M̂h,h̃
i, j = P̂

�
ωh̃

j

ˇ̌
ωh

i

�
=

Ĵh,h̃
i, jP|Ωh̃ |

k=1 Ĵh,h̃
i,k

. (7)

Therefore, the projected probability distribution P̂h→h̃(ωh̃
j |x)

is obtained from the source-level posterior P̂h(ωh
i |x) and the

conditional projection probabilities P̂(ωh̃
j |ω

h
i ) as follows:

P̂h→h̃
�
ωh̃

j

ˇ̌
x
�

=

|Ωh |X
i=1

P̂
�
ωh̃

j

ˇ̌
ωh

i

�
· P̂h�ωh

i

ˇ̌
x
�
. (8)

This corresponds to the input-independent hierarchy projection
assumption P̂(ωh̃

j |ω
h
i , x) ≈ P̂(ωh̃

j |ω
h
i ). The dependency on

the input x is preserved through the source-level posterior
P̂h(ωh

i |x), while the conditional hierarchy transition is modeled
as a global projection probability shared across the dataset.
In general vector form, we can write the class-posterior
probability vector p̂h→h̃(x) projected from level h to level h̃
as follows:

p̂h→h̃(x) =
�

M̂h,h̃
�T
· p̂h(x). (9)

The row-normalization in (7) constrains each row in M̂h,h̃

to sum to one. Therefore, although the hierarchy parameters
Wh,h̃, h, h̃ ∈ H, h , h̃, are unconstrained in the logit space, the
quantities used to project predictions across hierarchical levels
are valid conditional probability distributions.

To ensure numerical stability and maintain better control
over gradient magnitudes, we consider the computation of all
the losses directly in the log domain. First, we compute the
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class-posterior log probabilities of classification modules gh

from (2)

log P̂h�ωh
i |x
�

= gh
i − LSE

�
gh� (10)

where LSE : R|Ω
h | → R is the log–sum–exp (LSE) operator

LSE
�
gh� = log

|Ωh |X
i=1

exp
�
gh

i

�
. (11)

Then, we can also define the projected predictions P̂h→h̃(ωh̃
j |x)

from level h to level h̃ in the log domain, starting from the
definition in the natural domain. Applying the logarithm to
both sides of (8), we obtain the following:

log
�

P̂h→h̃
�
ωh̃

j |x
��

= log

 X
i

M̂h,h̃
i, j · P̂

h�ωh
i |x
�!

= log

 X
i

M̂h,h̃
i, j ·

exp gh
iP

k exp gh
k

!
= log

 X
i

exp
�

gh
i + log M̂h,h̃

i, j

�!
− log

X
k

exp gh
k . (12)

This can finally be rewritten as the combination of two LSE
operations, yielding the projected log-probability distribution
at level h̃

log
�

P̂h→h̃
�
ωh̃

j |x
��

= LSE
�

gh + log
�

M̂h,h̃
·, j

��
− LSE

�
gh� .

(13)
Hierarchy projection matrices can be defined directly in
the log domain, i.e., we retrieve log joint probabilities
log Ĵh,h̃ ∈ R|Ω

h |×|Ωh̃ | via learned parameter matrices Wh,h̃

log Ĵh,h̃ = Wh,h̃ − LSE
�

Flatten
�

Wh,h̃
��

. (14)

Then, we compute log M̂h,h̃ as follows:

log M̂h,h̃
i,· = log Ĵh,h̃

i,· − LSE
�

log Ĵh,h̃
i,·

�
(15)

which is equivalent to the row-normalization of Ĵh,h̃ in the log
domain. The projected logits log p̂h→h̃ can be used to calculate
additional CCE losses that can contribute to the final loss [23].
However, this does not explicitly model the HC at different
hierarchical levels, requiring an additional step to ensure the
joint classification of the classes.

This modeling choice implies that the projection matrices
encode dataset cross-level relationships rather than sample-
specific transitions. When projecting from a coarse class
to finer classes, the projector models global relations in
the training distribution, while the direct target-level classi-
fier retains the spectral–temporal characteristics and uncer-
tainty of the individual sample. This formulation provides
a compact and interpretable hierarchy-aware regularization
mechanism, avoiding the modeling of sample-dependent
projectors.

2) Semantics-Aware Consensus: Given the projected pre-
diction at each hierarchical level, we can now define a HC
class probability vector p̂h̃

HC(x)

p̂h̃
HC(x) =

1
Zh̃ H

s
p̂h̃(x)

Y
h,h̃

p̂h→h̃(x)

=
1

Zh̃ H

s
p̂h̃(x)

Y
h,h̃

(M̂h,h̃)T · p̂h(x) (16)

where p̂h̃
HC is the HC class-posterior probability defined as the

geometric mean of the predictions at the target hierarchical
level h̃ and the projected predictions of all the other h levels,
and Zh̃ is a normalization constant to ensure that ph̃

HC sums
to one. This is equivalent to computing the average in the log
domain [24]
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HC j
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�35

=
1
H

� h
gh̃
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gh̃
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h
LSE
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·, j

�
− LSE

�
gh�i �

log p̂h̃
HC(x) = gh̃

HC − LSE
�

gh̃
HC

�
(17)

where LSE(gh̃
HC) = log Zh̃. This HC represents the cen-

tral SAHC consensus found by the voting committee and
can serve as an optional hierarchy-aware prediction during
inference. The direct prediction p̂h̃ preserves sample-specific
evidence from the target-level classifier, while the consensus
promotes agreement with the remaining levels. The normalized
geometric mean is selected because the HC is intended to
emphasize agreement among the committee members rather
than to provide an average. This differs from an arithmetic
mean, where a class can maintain high probability also when
it is strongly supported by only one committee member despite
disagreement from the others.

3) Consensus Loss: After calculating the consensus, both
the prediction at the target level and the projected predictions
are compared with the HC, defining an additional loss based
on the divergence from the HC. To this purpose, we employ a
JSD loss rather than a standard Kullback–Leibler divergence
(KLD). While the KLD is widely used to measure the dif-
ference between two probability distributions, its asymmetry
makes it better suited for scenarios where one distribution is a
fixed “ground truth” or prior. In this case, all hierarchical levels
provide dynamically trained “soft” votes, with no reference
distribution. The symmetry in the JSD ensures balanced regu-
larization between the projected predictions and the consensus,
also providing stabler gradients due to its bounded nature. In
the proposed framework, the JSD loss is computed as follows:

JSDh,h̃
�

p̂h̃
HC ||p̂

h→h̃
�

=
1
2

�
KLD

�
p̂h̃

HC ||q
�
+ KLD

�
p̂h→h̃||q

��
(18)

where q is a mixture distribution of p̂h̃
HC and p̂h→h̃ calculated

as q = 1/2(p̂h̃
HC+p̂h→h̃), KLD represents the Kullback–Leibler

divergence, and we omit the dependency on x for simplicity.
Please note that when h = h̃, we have that p̂h→h̃ = p̂h̃. Finally,
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we can retrieve the JSD losses calculated at the different
hierarchical levels and compute the final LHC penalty loss

LHC =
1
N

NX
n=1

HX
h̃=1

1
log |Ωh̃|

HX
h=1

JSDh,h̃ (xn) (19)

where the logarithm of the number of classes at level h̃, i.e.,
|Ωh̃|, allows the balancing of the different numbers of classes
at each hierarchical level. This prevents skewness toward
levels with a larger number of classes. The LHC measures
the discrepancy between the HC prediction and the projected
predictions, encouraging the different layers to converge to the
committee’s vote.

Finally, we also apply full supervision on the consensus
predictions at the different levels, considering a standard CCE
loss

LHC
CCE =

HX
h=1

−
1
N

NX
n=1

|Ωh |X
i=1

1
�
yh

n = ωh
i

�
log P̂h

HC

�
ωh

i |xn
�
. (20)

E. Overall Loss Function

Let θf be the parameters of the backbone feature extractor
(f; θf), and let θgh be the parameters of the classification
head (gh; θgh ) associated with level h. Moreover, let W =

{Wa,b}1≤a<b≤H be the set of trainable hierarchy-parameter
matrices. The complete set of trainable parameters can be
defined as follows:

Θ = {θf} ∪
˚
θh

g
	H

h=1
∪W . (21)

The final optimization problem is defined as

Θ? = arg min
Θ
L (Θ) (22)

where the final loss function L is derived from the sum of the
losses computed in (4), (19), and (20)

L (Θ) = LCCE
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g
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g
	H

h=1
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(23)

where λHC is a metaparameter tuning the contribution of the
HC losses. It is important to note that LHC does not require
direct supervision, as it is simply a loss representing the
divergence from the HC. The HC prediction is used both
within the penalty loss and the additional supervised CCE
loss during the training phase. The HC prediction at each
hierarchical level can also be used at inference to exploit the
cross-level agreement learned during self-consistent training,
supporting coherent hierarchical predictions. The pseudocode
of the proposed framework is detailed in Algorithm 1.

F. Computational Complexity and Scalability

The SAHC formulation learns a hierarchy parameter matrix
for every unordered pair of hierarchical levels. Let |Ωh| be the
number of classes at level h. Although the number of hierarchy
matrices is H(H − 1)/2, their practical memory requirement

Algorithm 1 Proposed SAHC Training Approach
Input: Training set D, hierarchical levels {Ωh}Hh=1, indicator

matrices {Ia,b}1≤a<b≤H , loss weights {λh}Hh=1, λHC, warm-up
schedule α(t).

Output: Optimized parameters Θ = {θf} ∪ {θ
h
g}

H
h=1 ∪W .

1: Initialize the backbone parameters θf and the
classification-head parameters {θh

g}
H
h=1.

2: Initialize each hierarchy-parameter matrix Wa,b ∈W from
the corresponding fixed indicator matrix Ia,b according to
(6).

3: for each training epoch t do
4: for each mini-batch B ⊂ D do
5: Compute features z = f(x; θf), x ∈ B.
6: For each level h, compute logits rh and probabilities

p̂h:
rh = gh(z; θh

g), p̂h = σ(rh).

7: Compute the multi-level supervised loss LCCE using
(4).

8: For each hierarchy pair (a, b), compute log Ja,b and
the corresponding conditional projection matrices
log Mh,h̃.

9: for each target level h̃ = 1, . . . ,H do
10: Project the predictions from all source levels h ,

h̃ to level h̃ using (13).
11: Compute the hierarchical consensus prediction

p̂h̃
HC using (17).

12: end for
13: Compute the consensus loss LHC using (19).
14: Compute the supervised consensus loss LHC

CCE using
(20).

15: Minimize

L = LCCE + α(t)λHC(LHC
CCE + LHC).

16: Update θf , {θh
g}

H
h=1, and W by back-propagation.

17: end for
18: end for

depends on the cardinality of the corresponding label spaces.
The total number of trainable hierarchy parameters is

Phier =
X

1≤h1<h2≤H

ˇ̌
Ωh1

ˇ̌ ˇ̌
Ωh2

ˇ̌
. (24)

The matrices log Jh2,h1 and log Mh,h̃ are differentiable quan-
tities derived from the trainable matrices Wh2,h1 . Thus, they
do not introduce additional independent parameters. The
additional parameters associated with the level-specific linear
heads scale as O

�
d
PH

h=1 |Ω
h|

�
, where d is the backbone

feature dimension. For a mini-batch of size B, the consensus
requires a projection from each source level to each distinct
target level. Since the projection in (9) has complexity of
O(B|Ωh||Ωh̃|), the overall cross-level projection cost is

O (2BPhier) . (25)

The consensus fusion and JSD operate on probability vec-
tors and scale as O

�
BH

PH
h=1 |Ω

h|

�
. Therefore, when all
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levels have an average cardinality ¯|Ω| = C, the implemen-
tation has a quadratic dependence on hierarchy depth, i.e.,
O(H2C2) for the hierarchy parameters and cross-level pro-
jections. For a deep RS hierarchy, as the one analyzed later
in this study before class filtering, a hierarchy with H = 4
and (|Ω1|, |Ω2|, |Ω3|, |Ω4|) = (5, 15, 40, 90) classes per-level,
the complete formulation contains six trainable matrices and
6275 parameters, usually negligible relative to the backbone
parameters and the added projection cost remains modest.

IV. DATASET DESCRIPTION AND EXPERIMENTAL SETUP

This section provides a description of the datasets employed
in this study. Then, the experimental setup, including the pre-
processing phase and the benchmark methodologies adopted
for evaluating the DL models, is described.

A. NWPU-RESISC45

To assess the performance of the proposed methodology
on VHR images, where spatial features play a prominent
role, we considered the NWPU-RESISC45 [25] benchmark
as a first dataset. NWPU-RESISC45 is composed of 31 500
RGB multiresolution images for scene classification of VHR
images categorized into 45 different classes at the finest
level of detail, and exhibits a high within-class diversity and
between-class similarity. The dataset is completely balanced,
i.e., each class has the same number of samples at the fine-
grained level. We defined a custom hierarchy based on the
subdivision defined in MillionAID [26], resulting in 8, 24, and
45 classes, corresponding to coarse-grained, intermediate, and
fine-grained classes, respectively.

B. ELU Dataset

To further validate the performance of the proposed method-
ology and demonstrate its generalizability on different LC
mapping tasks, we additionally considered a multitemporal
multispectral (MS) dataset differing in terms of complexity in
the hierarchical structure. This dataset1 consists of a publicly
available land-use (LU) map of 2020 over Emilia Romagna
region, Italy. The maps were defined considering the stan-
dard CLC aggregation at four levels, showcasing a highly
detailed semantic dataset. For the purpose of this analysis,
we evaluated the hierarchical approach on four levels of
hierarchy, consisting of the first three levels of the CLC and
the additional finest level of detail defined by the LULC, here
referred to as macro, coarse-grained, intermediate, and fine-
grained, respectively. The dataset has been built considering
orthophotographs and infrared images, and shows a minimum
mapping unit of 0.16 hectares, with a minimum of 7 m for
linear structures. In addition, it represents LU classes, where
the same LC class could be associated with different semantic
classes, such as the fine-grained classes “commercial airports,”
“sport flight airports and heliports,” and “military airports.”
We considered Emilia land use (ELU) dataset corresponding
to the Military Grid Reference System (MGRS) Sentinel-2
(S2) granule 32TPQ (10 980 × 10 980 pixels, for a total area

1[Online]. Available: (https://geoportale.regione.emilia-romagna.it/catalogo/
dati-cartografici/pianificazione-e-catasto/uso-del-suolo/layer-14). Accessed
April 9, 2026.

of 110 × 110 km2). In the analyzed granule, the four hier-
archical levels show 5, 15, 40, and 90 classes at the macro,
coarse-grained, intermediate, and fine-grained levels, respec-
tively. Please note that such an elevated number of fine-grained
classes is not commonly approached in Earth observation
(EO) classification problems, where the majority of studies
focus on the intermediate or coarse-grained classification task.
Nonetheless, this level of precision allows better monitoring
of the class of interest and the extraction of information-rich
content. Due to the high number of classes and, consequently,
the large size of the hierarchical tree, we refer to this hierarchy
as a complex hierarchy. A semicircular tree representing the
hierarchical structure of the dataset is shown in Fig. 4.

C. S2 Preprocessing and Dataset Preparation

1) VHR Dataset: The training, validation, and test splits
were selected according to [27], considering a split ratio of
0.6, 0.2, and 0.2, respectively. During training, we applied data
augmentation techniques consisting of resize, random crops,
and random rotations of the images.

2) Multitemporal Ms Datasets: The input data consists of
S2 MS satellite images provided in the Copernicus EO pro-
gram. The S2 acquisitions considered have been preprocessed
at Level-2A (L2A) and reprojected at 10-m/pixel resolution
through a nearest-neighbor approach. In the experiments, all
the bands except the 60-m resolution band were used. Due to
the high complexity of this classification problem, we collected
a time series (TS) of S2 images, fully exploiting the temporal
signature and allowing the detection of seasonal targets. The
S2 TS considered for Emilia dataset consists of acquisitions
ranging from January 1, 2020 to December 31, 2020. The S2
TS has been processed to achieve a more regular TS, resulting
in 12 medoid monthly composites [28].

To extract a balanced training set, we considered an
approach based on the heterogeneity of the input training data.
In particular, we divided the initial S2 monthly composite
images into nonoverlapping tiles of 1000 × 1000 pixels
(100 km2). After the initial subdivision, we randomly sub-
divided the tiles into training, validation, and test sets by
considering a split ratio of 0.7, 0.15, and 0.15, respectively.
We extracted N = 2000 representative points for each tile
and class in the analyzed classification scheme. Classes not
present in all sets were excluded from the analysis, resulting
in 74, 33, 13, and 5 classes for the different hierarchical levels.
In the case of minority classes having less than N samples,
all the available samples were extracted. The training set was
generated by extracting patches of 9 × 9 pixels around the
selected points in the training tiles. To minimize spatial auto-
correlation between the training patches, the corresponding
reference data was extracted only for the central 3 × 3 pixels.
In this way, we collected a training dataset representative of the
entirety of the classification scheme, corresponding to ∼1.17%
(1 413 522 pixels) of the total number of pixels available in the
MGRS S2 granule.

D. Design of Experiments

Validation has been conducted on both datasets con-
sidering different multigranularity approaches. The reported
results include the values of overall accuracy (OA) and

https://geoportale.regione.emilia-romagna.it/catalogo/dati-cartografici/pianificazione-e-catasto/uso-del-suolo/layer-14
https://geoportale.regione.emilia-romagna.it/catalogo/dati-cartografici/pianificazione-e-catasto/uso-del-suolo/layer-14
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Fig. 4. Semicircular hierarchical label tree representation of the ELU dataset at the fine-grained level of the hierarchy. The leaves corresponding to the
fine-grained classes are shown in orange, while the nodes for intermediate classes are depicted in green, those for coarse-grained classes are shown in blue,
and the nodes for macro in brown. The root node is represented in black.

mean F1 (mF1) score for both tasks, while for the MS dataset
also Top-3 and Top-5 metrics are reported. We considered dif-
ferent MGMs for comparison, all built on the same backbone
architecture for fairness on all datasets. We considered the
following approaches.

1) Baseline trained only with the level-specific hierarchical
head through standard CCE minimization. Selected to
evaluate the improvement gained by incorporating the
hierarchy.

2) HAF [13] selected as a regularization approach adopting
soft labels and geometric constraints that use auxiliary
classifiers at each level to ensure consistent predictions
with the hierarchy, specifically aiming to reduce the
severity of mistakes.

3) HRN [15] included as a state-of-the-art benchmark that
facilitates hierarchical feature interaction by forcing finer
classes to inherit attributes from coarser classes through
residual skip connections.

4) MGM [16] included to assess the effectiveness of
using knowledge-guided relation graphs and bidirec-
tional interaction structures that enhance coarse-grained
features through gradient truncations.

5) HiCervix [17] chosen as a benchmark for methods
that model semantic correlations within an explicit tree
structure using soft labels and recursive probability
summation across hierarchical paths.

6) ALGS [6] selected to evaluate the impact of a global
semantic distance-based penalty term for adjusting class
predictions, ensuring hierarchical consistency when
classification is enforced at every level. Specifically
designed for RS tasks.

7) HCL [7] selected as a comparison for representation-
based learning that disentangles class-specific embed-
dings at multiple levels to align them with their semantic
relationships. Specifically designed for RS tasks.

For the VHR task, we considered a ResNet50 backbone pre-
trained with ImageNet weights [29]. This choice is due to its
deeply stacked convolutional layers and residual connections,
making it well-suited for extracting highly localized, fine-
grained spatial and morphological features necessary for VHR
analysis. For the MS satellite image time series (SITS) clas-
sification task, we adopted a different backbone architecture
designed to process MS and temporal information. This back-
bone consists of an adaptation to the RS scenario of a Swin
Transformer [30] and is trained from scratch. For a detailed
description of the layer topology, please refer to the cited
paper [30]. The choice of this backbone is due to its shifted-
window self-attention mechanism that efficiently captures both
local details and long-range global contextual dependencies,
making it ideal for processing complex multiscale structural
variations.

We adopted the AdamW optimizer for all the archi-
tectures and configurations. The metaparameters of each
different configuration have been validated considering a tree-
structured Parzen estimator (TPE) algorithm to efficiently
explore the metaparameter space. The learning rate and the
weight decay were sampled from log-uniform distributions
Ulog([10−6, 10−3]). We considered 50 training epochs on both
datasets, together with stochastic weight averaging (SWA)
to enhance model generalization [31]. Considering the pro-
posed SAHC approach, the weight λHC associated with the
HC loss has been sampled from a log-uniform distribution
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TABLE I
COMPARISON OF THE ACCURACIES OBTAINED BY DIFFERENT HIERARCHICAL METHODOLOGIES ON THE NWPU-RESISC45 DATASET.

THE BEST RESULTS ARE REPORTED IN BOLD, AND THE SECOND-BEST RESULTS ARE UNDERLINED.
THE RELATED STANDARD DEVIATION IS REPORTED IN PARENTHESES

Ulog([10−2, 102]), while the weights λh have been set to 0.5,
0.2, and 0.3 for the VHR dataset, and to 0.4, 0.2, 0.1,
and 0.3 for the MS dataset, to prioritize the fine-grained
classification and reduce the influence of the intermediate,
coarse-grained, and macro levels. For the NWPU-RESISC45
dataset, these weights were selected on the validation set
through a simplex grid search. For the ELU dataset, we heuris-
tically fixed the weights according to the trend observed in the
NWPU-RESISC45. In both datasets, the learnable parameter
matrices Wh,h̃ were initialized with ∆ = 5 and s = 0.01. We
implemented a dynamic consistency warmup schedule for the
HC loss weight, λHC . Specifically, during the training phase,
λHC was initially fixed to 0 for the first 5 epochs to allow for
stable feature extraction. Subsequently, the weight value was
linearly ramped up from epoch 5–15 until reaching its sampled
maximum value, where it remained constant for the duration
of the training. We report the average scores on three runs,
together with their unbiased estimation of standard deviation.

V. EXPERIMENTAL RESULTS

The experiments focus on validating the proposed SAHC
approach (with HC predictions at inference time) over different
datasets, comparing it to other state-of-the-art hierarchical
approaches on different levels of the hierarchy. We first focus
on the results on the specific tasks, i.e., scene classification on
the VHR dataset and semantic segmentation of MS SITS. After
this, we focus on ablation studies on the divergence module
and the fusion operator. Then, we analyze the importance of
the hierarchical weights selection λh on the NWPU dataset.
Subsequently, a complete ablation study on both datasets on
each component of the proposed SAHC is conducted, as
well as a sensitivity analysis on the initializations of the
projectors. Finally, we discuss a visualization of the trained
hierarchy projection matrices to identify the key hierarchical
relationships learned by the proposed approach.

A. Case I: VHR Scene Classification
The performance of the proposed SAHC method on

the NWPU-RESISC45 dataset is summarized in Table I,

providing a comparative analysis against state-of-the-art
methodologies and the nonhierarchical baseline. Given the
balanced class distribution characteristic of the NWPU-
RESISC45 dataset, the OA and mF1 are aligned across
all evaluated models. From the table, one can see that
the integration of hierarchical information consistently
improves classification performance over the baseline at
each hierarchical level. Indeed, the evaluated hierarchical
architectures outperform their nonhierarchical counterpart,
confirming that the exploitation of semantic relationships
allows for a more robust distinction between fine-grained RS
classes. Among the compared methodologies, the proposed
SAHC achieves the highest performance at the fine-grained
level, with an OA of 96.55% and an mF1 of 96.56%.
Notably, the good performance of SAHC extends across
the entire taxonomic hierarchy. At the intermediate and
coarse-grained levels, the proposed method achieves OAs of
97.48% and 97.90%, respectively, consistently outperforming
the other frameworks. The second-best overall performance
is obtained by the HRN method at the most detailed
hierarchical level, which reaches a fine-grained OA
of 96.34%. At the coarsest levels, ALGS outperforms the other
state-of-the-art methodologies, while still performing slightly
lower compared with the proposed SAHC. This comparison
also highlights the computational overhead introduced by the
different architectures. The HRN method achieves its high
accuracy at the cost of architectural efficiency. Indeed, the
introduction of the granularity-specific block (GSB) leads to a
significant increase in parameters and computational overload.
In contrast, the proposed SAHC maintains a nearly identical
computational footprint as the baseline architecture. This
efficiency is shared by other methods such as ALGS, HAF, and
HiCervix, where the bottleneck remains the backbone itself.
In the specific case of SAHC, the architectural overhead
is due to the three auxiliary heads and their associated
projection matrices, both of which are negligible relative to
the dimension of the backbone. When focusing strictly on
architectures that do not introduce additional complexity, the
ALGS method provides the highest performance after SAHC,
though it remains lower in terms of OA.
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TABLE II
COMPARISON OF THE ACCURACIES OBTAINED BY DIFFERENT HIERARCHICAL METHODOLOGIES ON THE ELU DATASET.

THE BEST RESULTS ARE REPORTED IN BOLD, AND THE SECOND-BEST RESULTS ARE UNDERLINED.
THE RELATED STANDARD DEVIATION IS REPORTED IN PARENTHESES

It is worth noting that NWPU-RESISC45 represents a
highly saturated benchmark in this experimental setting, as
the nonhierarchical baseline already achieves 96.12% OA and
96.11% mF1 at the fine-grained level. Consequently, large
absolute gains are not expected. Nevertheless, SAHC achieves
the best mean performance at all hierarchical levels in both OA
and mF1, indicating that the HC improves the fine-grained
prediction without degrading the intermediate and coarse-
grained outputs. At the fine-grained level, SAHC improves
the OA from 96.12% to 96.55% and the mF1 from 96.11%
to 96.56%. Moreover, the standard deviation of SAHC at
the fine-grained level is 0.08% for OA and 0.07% for mF1,
showing that the improvement is stable across runs. These
results suggest that, even when the flat baseline is already very
strong, the proposed HC provides a consistent improvement
while preserving computational efficiency.

B. Case II: MS SITS Semantic Segmentation

To further evaluate the robustness of the proposed frame-
work, an extensive analysis was conducted on the highly
complex ELU dataset. Unlike the previous scenario, this
dataset consists of lower resolution MS images (10 m/pixel)
mapped to a complex taxonomy of 74 classes distributed
across four hierarchical levels. The results of this analysis are
reported in Table II. The complexity of the ELU dataset, com-
bined with the potential for semantic noise or inconsistencies
in the CLC LU, makes this scenario particularly challenging.

Standard hierarchical models that incorporate a rigid taxonomy
might struggle to adapt to these inconsistencies. The proposed
SAHC mitigates this limitation through consensus training and
taxonomy-guided projectors that are adaptively tuned during
optimization. This advantage can be observed in the OA and
mF1 shown in the Table. Indeed, SAHC achieves the best
performance at the fine-grained level with an OA of 38.38%
and an mF1 of 34.56%. These results are also confirmed at
the intermediate (OA of 50.20% and mF1 of 42.97%) and
coarse-grained levels (OA of 60.21% and mF1 of 55.54%),
consistently better performing with respect to other state-of-
the-art methodologies like HiCervix and HCL. At the macro
level, SAHC demonstrates competitive performance, ranking
after only to the HCL and HAF methods by a marginal gap.

Although SAHC achieves the best fine-grained performance
among the compared methods, the absolute OA at the finest
level remains relatively low. This behavior is mainly due to
the intrinsic complexity of the ELU dataset. Indeed, ELU
contains 74 classes, making the Top-1 classification problem
substantially more difficult than standard EO classification
benchmarks. Then, the taxonomy represents LU classes, not
only LC categories. Therefore, several fine-grained classes
may be semantically distinct in the reference map while
sharing similar spectral–temporal signatures at S2 resolution.

The Top-3 and Top-5 accuracy metrics evaluated at all the
levels of the hierarchy further support this interpretation. These
metrics indicate whether the ground-truth class is among the
highest-confidence predictions of the model, measuring the
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Fig. 5. Qualitative example of the predictions at the fine-grained level on the ELU dataset obtained by the considered hierarchical methodologies using
the Swin Transformer backbone. (a) True color (RGB) monthly composite for August 2020. (b) CLC reference map. (c) Nonhierarchical baseline. (d) HRN
method. (e) HAF method. (f) ALGS method. (g) HCL method. (h) MGM method. (i) HiCervix method. (j) Proposed SAHC method.

capacity of the network to maintain semantic proximity even
when the absolute Top-1 prediction is incorrect. The proposed
SAHC approach demonstrates the highest performance across
almost all granularity levels. Specifically, SAHC achieves the
highest Top-3 accuracies for the fine-grained, intermediate,
and coarse-grained levels, reaching 59.33%, 73.71%, and
84.49%, respectively. This represents a large improvement
against the HRN, which ranked second in the VHR case,
showing a margin of 2.83% at the fine-grained level, while also
outperforming the RS-oriented competitor HCL by 2.04%,
1.71%, and 1.49% in the fine, intermediate, and coarse levels,
respectively. At the macro level, Top-3 performance saturates
for all evaluated models. In this aggregated space, SAHC
remains robust (97.15%), performing comparably to HCL
(97.21%) and HiCervix (97.29%). Because the total number of
target classes at the macro level is small, Top-3 classification
becomes a less discriminative metric. For the Top-5 accuracy,
SAHC maintains the overall best performance, outperforming
the baseline and the compared methodologies across the eval-
uated granularities. At the fine-grained level, SAHC achieves
68.00%, surpassing HiCervix by 1.31%. This performance gap
widens at the intermediate level, where SAHC reaches 82.66%
compared with HiCervix at 81.08%. At the coarse-grained
level, SAHC achieves 91.88%, outperforming HiCervix by
0.80%. Note that Top-5 metrics are omitted at the macro level,
as the limited number of classes at this highest taxonomy level
renders the Top-5 metric uninformative. The improvement
observed in the Top-3 and Top-5 accuracies can be attributed
to the design of the SAHC architecture. When the network
struggles to isolate the exact fine-grained class, the HC mech-
anism, which promotes probabilistic alignment across different
hierarchical levels, increases support for semantically related

classes within the same hierarchical branch. This reduces the
divergence between the projected predictions and the overall
committee consensus.

Finally, consistent with the previous analysis, SAHC
achieves the highest mean performance among the com-
pared methods without sacrificing computational efficiency.
While architectures like HRN and MGM impact computational
efficiency, SAHC keeps the computational footprint nearly
identical to the baseline model.

Finally, Fig. 5 provides a visual comparison of the evaluated
hierarchical methodologies on a zoomed-in view portion of
the ELU dataset. From the qualitative results, one can see that
the SAHC approach retrieves the most spatially consistent LC
maps, characterized by a reduction in classification artifacts
compared with the competing approaches. This is particularly
evident in the urbanized areas. Indeed, the proposed method-
ology appears to better characterize the “isolated housings,”
including dominant clusters and smaller patches, while still
showing good agreement for the dominant agricultural and
woodland classes. These advantages are further evident in
Fig. 6. From a broader perspective, scaling an RS classi-
fication problem to an extensive taxonomy of 74 classes
inherently introduces severe spectral confusion and extreme
class imbalance. In this context, the observed improvements
in the mF1 score are significant. Indeed, they demonstrate that
the proposed SAHC mitigates the ambiguities typical of such a
label space, maintaining robust and granular predictions where
traditional approaches fail.

C. Sensitivity Analysis of the Consensus Formulation
The proposed SAHC includes two design choices for con-

structing and regularizing the HC: 1) the divergence measure
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Fig. 6. Qualitative example of the predictions at the fine-grained level on the ELU dataset obtained by the considered hierarchical methodologies using
the Swin Transformer backbone. (a) True color (RGB) monthly composite for August 2020. (b) CLC reference map. (c) Nonhierarchical baseline. (d) HRN
method. (e) HAF method. (f) ALGS method. (g) HCL method. (h) MGM method. (i) HiCervix method. (j) Proposed SAHC method.

TABLE III
SENSITIVITY TO THE DIVERGENCE LOSS IN CONSENSUS. THE BEST

RESULTS ARE REPORTED IN BOLD, AND THE SECOND-BEST RESULTS
ARE UNDERLINED. THE RELATED STANDARD DEVIATION IS

REPORTED IN PARENTHESES

used in the self-consistent loss and 2) the fusion operator used
to combine direct and projected predictions. To assess the
sensitivity of the method to these choices, we conduct two
complementary ablation analyses.

1) Sensitivity to the Divergence Measure: The proposed
loss is based on the JSD divergence, as the direct and pro-
jected predictions are jointly learned distributions, with no
fixed reference distribution. We compare it with: 1) KLD;
2) symmetric KLD; 3) mean squared error (mse); and 4) total
variation (TV) distance. Table III shows that JSD achieves
the best results on NWPU-RESISC45, with 96.55% OA and
96.56% mF1. On ELU, the gap tends to shrink. Indeed, mse
obtains the highest OA (38.41%), whereas JSD obtains the
highest mF1 (34.56%), both with a small margin. Overall, the
formulation is robust to the selected divergence. We retain JSD
because it is symmetric, bounded, and remains among the best
configurations on both datasets.

2) Sensitivity to the Fusion Operator: The proposed con-
sensus uses a normalized geometric mean, which favors

TABLE IV

SENSITIVITY TO THE FUSION OPERATOR IN CONSENSUS. THE BEST
RESULTS ARE REPORTED IN BOLD. THE RELATED STANDARD

DEVIATION IS REPORTED IN PARENTHESES

classes supported by all hierarchical levels. We compare it
with arithmetic averaging while keeping all the other com-
ponents unchanged. As shown in Table IV, geometric fusion
outperforms arithmetic fusion on both datasets. On NWPU-
RESISC45, it improves OA from 96.05% to 96.55%. On
ELU, it improves OA from 36.31% to 38.38% and mF1 from
32.06% to 34.56%. Thus, the fusion operator has a larger effect
than the specific divergence measure in the tested scenarios,
supporting the usage of agreement-sensitive geometric fusion.

D. Sensitivity Analysis to Granularity Weights
To evaluate the robustness of the proposed hierarchical

architecture, we conducted a sensitivity analysis on the VHR
dataset to assess how model performance varies with the
selection of different granularity weights λh. The search space
was constrained such that the weights sum to one (

PH
h=1 λ

h =

1), with each λh sampled using a step size of 0.1. Since
the architecture adopts three hierarchical levels, the resulting
parameter space can be visualized as a probability simplex
that illustrates the various weight combinations across the
different granularities. Fig. 7 illustrates a heatmap reporting
the performance across all evaluated configurations of the
three layer weights. As demonstrated in the figure, the optimal
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TABLE V

ABLATION STUDY ON THE ELU AND NWPU-RESISC45 DATASETS. THE BEST RESULTS ARE REPORTED IN BOLD,
AND THE SECOND-BEST RESULTS ARE UNDERLINED

Fig. 7. Sensitivity analysis of the hierarchical weights λh on the VHR dataset.
The performance surface is visualized as a probability simplex, where each
point represents a weight combination for the three hierarchical levels sampled
at a step size of 0.1. The simplex heatmap shows the optimal configuration
as λ1 = 0.5, λ2 = 0.2, and λ3 = 0.3.

combination is achieved at λ1 = 0.5, λ2 = 0.2, and λ3 = 0.3.
This optimal configuration justifies the hypothesis that priority
should be allocated to both the fine-grained classification task
and the coarsest class. Nevertheless, the analysis also reveals
the presence of several local maxima across the performance
surface, which are generally skewed toward configurations in
favor of the finest-level weight. The best validation perfor-
mance was obtained by assigning the largest weight to the
finest level, a lower weight to the intermediate level, and
a moderate weight to the coarse-grained level. The results
indicate that the hierarchical levels should emphasize the most
discriminative fine-grained objective, while increasing the con-
tribution of the coarsest semantic ones. Intermediate levels are

instead down-weighted, providing a better balance between
fine-grained discrimination and global semantic regularization.

E. Ablation Study
The performance contribution of each component in the

proposed hierarchical approach is analyzed in the ablation
study on both datasets presented in Table V. In this study,
we evaluate the ResNet50 backbone on NWPU-RESISC45
and the Swin Transformer backbone on ELU. The considered
configurations include the following cases.

1) Baseline: The standard approach with no multilevel
classifiers.

2) Multihead (MH): The baseline approach modified with
additional classification heads for the coarse-grained and
intermediate classes.

3) Multilevel With HC Inference p̂HC: The multilevel
approach with consensus applied solely during inference
(considering frozen user-defined hierarchies).

4) Multilevel With LHC Training: The multilevel approach
trained with the self-consistent loss, excluding
consensus-based classification during inference.

5) SAHC With Fixed Projectors (SAHC-Fixed): A
taxonomy-guided SAHC in which the projectors are
obtained by directionally normalizing the user-defined
hierarchy indicator matrices and are kept frozen
throughout training.

6) SAHC With Direct-Head Inference (SAHC-Direct): The
adaptive-projector SAHC configuration evaluated using
the direct hierarchy-specific heads at inference.

7) SAHC With Adaptive Projectors (SAHC-Proj): The
adaptive-projector SAHC configuration, which jointly
optimizes taxonomy-initialized hierarchy projections
together with the remaining SAHC components, consen-
sus inference, and the supervised consensus loss (LHC

CCE)
at multiple levels.

Table V reports the contribution of the different modules
composing SAHC. Adding MH supervision alone improves
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the fine-level performance on both datasets, with a modest
gain on NWPU-RESISC45 and a larger improvement on
ELU. In particular, fine-level mF1 on ELU increases from
32.57% to 33.89%, indicating that multilevel supervision
is beneficial in the deeper and more complex hierarchies.
The consensus-training objectives further improve the direct-
head model. The Baseline + MH + p̂HC case shows the
effect of fixed taxonomy-based aggregation alone. On NWPU-
RESISC45, its effect is limited. On ELU, fixed consensus
slightly reduces fine-level performance relative to the MH
model, while improving the intermediate, coarse, and macro-
level results. This confirms that fixed aggregation can favor
cross-level agreement. Compared with Baseline + MH +LHC
case, SAHC-direct increases fine-level mF1 by 0.20% on
NWPU-RESISC45 and by 0.71% on ELU. Applying con-
sensus inference after complete training leaves fine-level
performance nearly unchanged, while improving the interme-
diate, coarse, and macro-level ELU results. Thus, consensus
inference mainly benefits coherent multilevel outputs and
coarser-level performance rather than the fine-level score
alone. The preferred inference output is application-dependent.
Indeed, p̂h

HC is preferable when coherent predictions are
required across multiple hierarchical levels or when high
performances in coarser label predictions are favored, whereas
p̂h can be retained when only the finest-level metric is the
operational objective.

Finally, the comparison between SAHC-fixed and the
adaptive-projector SAHC configuration (SAHC-proj) isolates
the calibration provided by the trainable hierarchy projec-
tors. Adaptive projectors improve fine-level OA and mF1 on
NWPU-RESISC45 by approximately 0.43%. On ELU, they
provide smaller gains at the fine, intermediate, and coarse
levels, while macro-level performance remains comparable.
Overall, the ablation indicates that the main benefit of SAHC
arises from multilevel supervision and self-consistent training.
Consensus inference further supports coherent predictions
across hierarchical levels, whereas adaptive projectors pro-
vide a modest, level-dependent calibration beyond frozen
taxonomy-derived projectors.

F. Sensitivity to Projectors Initialization
The hierarchy parameters in (6) are initialized in the uncon-

strained logit space from the binary indicator matrices. We
evaluate different values of ∆, which controls the logit gap
between valid and invalid hierarchical connections. The case
∆ = 0 corresponds to a uniform initialization, whereas larger
values of ∆ impose a stronger taxonomy prior while preserving
the trainability of all projectors.

As reported in Table VI, the effect of ∆ is limited and varies
across datasets and hierarchical levels. On NWPU-RESISC45,
larger values provide slightly better average results, whereas
on ELU smaller values are marginally preferable at the finest
level and larger values are marginally preferable at some
coarser levels. This trend may suggest that stronger priors
are more effective where semantic aggregation is more stable,
while finer grained classes may benefit from a more flexible
calibration of cross-level relations. However, these differences
are negligible, as suggested by the observed standard devia-
tions over three runs. Overall, the results indicate that SAHC
is only moderately sensitive to ∆, and we retain ∆ = 5 as

TABLE VI

SENSITIVITY TO THE PROJECTOR’S INITIALIZATION. THE BEST RESULTS
ARE REPORTED IN BOLD, AND THE SECOND-BEST RESULTS ARE

UNDERLINED. THE RELATED STANDARD DEVIATION IS
REPORTED IN PARENTHESES

the common configuration adopted in the main experiments
on both datasets.

To further assess the stability of the learned hierarchy matri-
ces, we compared the final projector matrices after training
with different random seeds. With the default strong-prior
initialization (i.e., ∆ = 5 and s = 0.01), the average cosine
similarity and Pearson correlation between learned matrices
were both 99.81%. When increasing the initialization noise to
s = 0.2, the corresponding similarities remained high, namely,
97.52% and 97.45%, respectively. These results indicate that
the learned semantic relationships are stable across training
runs and are not artifacts of a particular random initialization.

G. Hierarchy Projection Matrices Analysis
To characterize the cross-level relations encoded by the

adaptive projectors, we analyze the estimated joint probability
matrix Jh2,h1 representing adaptive relationships between the
intermediate- and fine-grained levels for the ELU dataset.
The corresponding visualization on the NWPU dataset is
omitted, since the learned projectors do not reveal qualitatively
new off-taxonomy structures. Fig. 8 presents a heatmap of
this joint probability matrix between intermediate- and fine-
level classes, illustrating the hierarchical structure captured
by the proposed SAHC methodology on the ELU dataset.
The visualization confirms that the adaptive projectors remain
anchored to the user-defined semantic aggregations between
the levels. Specifically, the cyan rectangles in the heatmap
correspond to the user-defined expected mappings, from fine-
grained classes to intermediate classes. The higher weights
within these regions confirm that the data-driven estimated
mappings largely preserve the intended user-defined taxon-
omy. In addition to these rigid hierarchies, the network also
captures secondary cross-level relationships. Intuitively, one
can expect that these secondary cross-level relationships cor-
respond to relationships related to coarser hierarchical levels.
To help visualize this, Fig. 8 shows with blue rectangles
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Fig. 8. Heatmap of the estimated joint probability matrix Jh2 ,h1 considering the Swin Transformer backbone on the ELU dataset from intermediate classes
to fine-grained classes. The cyan rectangles identify the expected hierarchical aggregation of the fine-grained classes at the intermediate level.

how the classes at the fine level aggregate at the coarse
level. However, because separate joint matrices are learned
for different hierarchical transitions in the proposed archi-
tecture, the model is able to assign secondary relationship
weights that largely ignore the initial user-defined hierarchy.
For instance, the adaptive weights indicate active associations
between “areas with agricultural crops and important natural
spaces” and “woods with a prevalence of oaks, hornbeams,
and chestnuts,” as well as between “continuous fabric” and
“road networks.” These weights provide a qualitative example
of recurrent cross-level ambiguity in the dataset, highlighting
the importance of a data-driven calibration. Nonetheless, some
associations with relatively high weights show semantically
wrong relationships, such as “high altitude prairies and moors”
and “sport areas” or “airports” and “campsites,” which could
be related to both spectral similarity and semantic ambiguity.

Finally, we examined the dominant cross-level weights
within the adaptive hierarchy projectors to interpret the task-
dependent associations used by the projectors. For the adjacent
forward projectors, we ranked the learned weights correspond-
ing to the hierarchical transitions and extracted the five most
significant relations, reported in Table VII. At finer levels,
several dominant weights correspond to plausible spatial co-
occurrences, such as “road networks” with “continuous fabric”
or “waterways and canals” with “simple irrigated arable land.”
Toward the coarsest levels, pairs such as “urbanized areas” and
“agricultural territories” are more likely attributable to spectral
similarities, comparable structures, or classifier confusions
rather than newly discovered semantic hierarchy links.

H. Discussion

The analysis of the results reveals that the proposed
methodology is able to exploit both complex and simple

hierarchies. Indeed, SAHC achieves the most accurate overall
results, obtaining the best fine-, intermediate-, and coarse-
level performance on ELU and the best results across all
levels on NWPU-RESISC45, while remaining competitive
at the ELU macro level. Furthermore, the self-consistency
loss effectively constrained the hierarchical levels to converge
toward a unified prediction, promoting cross-level agreement
in the final classification maps. The experiments demonstrate
that SAHC provides the best overall tradeoff between fine-
grained discrimination and coherent multilevel prediction. The
ablation further shows that the learned self-consistency is
the principal contributor to fine-level performance, whereas
consensus inference primarily improves intermediate, coarse,
and macro-level predictions. Therefore, direct-head predictions
may be preferable when only the finest-level discriminative
metric is operationally relevant, while consensus outputs are
more appropriate when the downstream application requires
coherent predictions across the hierarchy or better performance
at coarser levels.

The proposed SAHC formulation is lightweight for the
three- and four- level taxonomies considered in this study. Its
dense cross-level parameterization nevertheless scales quadrat-
ically with hierarchy depth and with the products of the
involved label cardinalities. Taxonomies substantially deeper
than those evaluated here may therefore benefit from adjacent-
level, sparse, or selectively connected consensus variants.

A limitation of the proposed method is its reliance on a
predefined hierarchy to initialize and train the HC. While
the hierarchy matrices are trainable and allow data-driven
calibration of the projection weights, the present study does
not explicitly evaluate robustness to intentionally corrupted,
incomplete, or partially inaccurate hierarchy definitions. If
the predefined hierarchy poorly reflects the semantic relation-
ships present in the data, the initial hierarchy prior and the
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TABLE VII

TOP-5 CROSS-LEVEL SEMANTIC TRANSITIONS EXTRACTED FROM THE
LEARNED FORWARD HIERARCHY PROJECTORS. THE TABLE REPORTS

THE ASSOCIATIONS WITH THE HIGHEST TRANSITION WEIGHTS
MAPPED FROM THE COARSER HIERARCHY LEVEL

h TO THE FINER LEVEL ĥ

supervised losses at the coarser levels may bias the learned
projection matrices toward suboptimal interlevel compatibility.
Furthermore, this constraint bounds transferability to geo-
graphically distinct regions or different LC distributions with
misaligned or structurally heterogeneous taxonomies.

VI. CONCLUSION

In scene classification and semantic segmentation RS tasks,
the hierarchical relationship among the target classes is often
under-exploited, resulting in the exclusion of valuable seman-
tic information from the decision-making process. To address
this limitation, this article proposes the SAHC framework,
which combines hierarchy-specific classification branches,
cross-level projections, geometric consensus, self-consistent
training, supervised consensus learning, and optional con-
sensus inference. Taxonomy-derived projectors provide the
core of the method, while trainable hierarchy log-joint matri-
ces offer adaptive tuning for global cross-level relationships
around the user-defined semantic prior. The proposed method-
ology is lightweight and scalable, making it adaptable to
different architectures and datasets organized in a hierarchical
manner. The experimental results demonstrated the effective-
ness of the proposed approach on two different RS datasets,

related to the classification of VHR and MS images. Indeed,
the proposed approach is particularly relevant in VHR image
and MS SITS classification, where the semantic structure of
the data and available datasets support an explicit hierarchical
representation of the task.

Future work will investigate robustness under hierarchy
perturbations, assessing the ability of the adaptive projec-
tors to compensate for incomplete or partially inaccurate
taxonomy definitions. Moreover, adaptation across wide geo-
graphic areas will be explored under misaligned or structurally
heterogeneous taxonomies, evaluating the transferability and
recalibration of the learned cross-level relationships.
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