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Abstract

Fine-grained aircraft classification in remote sensing is a critical task within the field of
remote sensing image processing, aiming to precisely distinguish between different types of
aircraft in aerial images. Due to the high visual similarity among aircraft targets in remote
sensing images, accurately capturing subtle and discriminative features becomes a key
technical challenge for fine-grained aircraft classification. In this context, we propose a Nor-
malized Coordinate Attention-Based Counterfactual Classification Network (NCC-Net),
which emphasizes the spatial positional information of aircraft targets and effectively cap-
tures long-range dependencies, thereby enabling precise localization of various aircraft
components. Furthermore, we analyze the proposed network from a causal perspective,
encouraging the model to focus on key discriminative features of the aircraft while minimiz-
ing distraction from the surrounding environment and background. Experimental results
on three benchmark datasets demonstrate the superiority of our method. Specifically,
NCC-Net achieves Top-1 classification accuracies of 97.7% on FAIR1M, 95.2% on MTARSI2,
and 98.4% on ARSI120, outperforming several state-of-the-art methods. These results
highlight the effectiveness and generalizability of our proposed method for fine-grained
remote sensing target recognition.

Keywords: fine-grained aircraft classification; remote sensing image; causal inference;
explainability analysis

1. Introduction

With the continuous improvement of spatial resolution in remote sensing images,
countries worldwide have been leveraging advanced remote sensing technologies and
equipment to acquire large volumes of high-quality remote sensing data, laying a solid foun-
dation for the interpretation and analysis of such imagery. Within this field, fine-grained
aircraft classification in remote sensing images has attracted significant attention [1-3].
Through in-depth image analysis, it can be observed that aircraft exhibit distinctive and
stable identifiable features in imagery, such as paired wings and symmetrical structures,
which provide unique cues for fine-grained classification. However, the subtle details
of aircraft targets in remote sensing images are often difficult to detect and are usually
highly dependent on spatial positional information. Therefore, accurately localizing aircraft
targets is crucial to ensuring classification accuracy. Early fine-grained image classification
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algorithms based on handcrafted features primarily focused on local image details. Yet,
the process of selecting local features was cumbersome, the representational capacity was
limited, and such methods often overlooked the correlations between different local fea-
tures, as well as the spatial relationships between local and global features. As a result,
they struggled to capture subtle discriminative details and failed to achieve satisfactory
outcomes. With the rise of deep learning, features automatically extracted from neural
networks have demonstrated much stronger representational power compared to hand-
crafted features, which has significantly advanced the development of fine-grained image
classification algorithms. Early deep learning-based approaches typically employed auxil-
iary annotations, such as object parts [4] and keypoints [5], as supervisory signals to train
models. While these methods accurately conveyed critical positional information of objects,
many approaches [6,7] relied on predefined bounding boxes set during the preprocessing
stage. Such reliance on prior knowledge limited their flexibility and adaptability. In light
of these limitations, our research focuses on fine-grained classification under image-level
weak supervision, aiming to reduce dependency on strong annotations while maintaining
high classification precision.

Currently, a large body of research focuses on weakly supervised models trained
solely with category labels. Lin et al. [8] proposed a bilinear convolutional neural network
(B-CNN) comprising two VGG networks, where bilinear pooling offers superior feature
fusion compared to standard linear models; however, its dimensionality is excessively high,
limiting its generalizability. Sun et al. [9] introduced the “squeeze-and-multiple-excitation”
module, which concatenates outputs from multiple activation modules as the final image
feature vector. In practice, they employed two excitation branches, allowing the model
to identify two discriminative regions from the same image. Peng et al. [10] proposed a
two-level attention strategy, learning multi-view and multi-scale features at both the object
and local levels to enhance feature representations. Rodriguez et al. [11] adopted a multi-
scale attention fusion approach, extracting hierarchical feature information at different
network depths and fusing attention maps at the output layer. Zheng et al. [12] proposed
a trilinear attention sampling network comprising an attention module for locating fine-
grained discriminative information, an attention sampler, and a feature distiller, thereby
extracting more effective details and strengthening the network’s capacity to capture
fine-grained features. The superiority of these models lies in their ability to identify
highly discriminative local regions for classification tasks. However, when applied to fine-
grained aircraft classification in remote sensing images, conventional models often struggle
to precisely localize critical aircraft components and capture long-range dependencies.
To address these two key challenges, our research incorporates position encoding from
a spatial perspective, integrating a coordinate normalization mechanism to enhance the
weights of local discriminative features, thereby accurately localizing distinguishable
regions within the image.

At present, most deep networks are regarded as black-box models, providing only
classification predictions without offering insights into the factors guiding those predic-
tions. Given the possibility of spurious correlations between features and outcomes, this
study introduces a counterfactual causal attention approach to enhance the predictive
reasoning of the model. In the proposed causal multi-head attention mechanism, multiple
attention maps are extracted from high-level feature representations, and convolutional
layers are employed to highlight the discriminative parts of the object, thereby directing
the network’s focus toward salient features. Furthermore, we incorporate a counterfac-
tual intervention method based on causal inference to explore the intrinsic relationships
between the generated attention maps and the predicted classes.
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Unlike conventional attention mechanisms, counterfactual attention offers not only
interpretability but also significant advantages in terms of model robustness. By actively
intervening in the prediction pathway, counterfactual reasoning identifies feature regions
that are causally related to the classification outcome, thereby reducing reliance on spurious
correlations and background co-occurrence information. This approach greatly enhances
the model’s resilience to noisy labels and domain shifts. In remote sensing scenarios, where
data distributions often vary due to differences in geographic regions, imaging devices,
or environmental conditions, and where label noise is common, counterfactual reason-
ing provides a principled mechanism to simulate “what-if” interventions, i.e., whether
removing a specific region changes the prediction outcome. This guides the model to focus
on truly discriminative features, resulting in improved generalization and robustness in
complex or real-world environments.

In addition, fine-grained aircraft classification faces challenges such as high feature
dimensionality, complex processing pipelines, and diverse feature distributions. It has
thus become imperative to deeply investigate the inherent connections between the ob-
ject’s attended regions and the final predictions. Some existing fine-grained classifica-
tion methods [13-15] have employed Grad-CAM [16] and t-SNE [17] algorithms for in-
terpretability analysis, using visualizations to explain model behavior. To clarify the
underlying reasons behind network decisions at the visual level, we utilize Grad-CAM and
t-SNE to visualize and analyze feature maps at critical stages, thereby concentrating on
discriminative regions. The main contributions of this paper can be summarized as follows:

1. A novel attention mechanism is proposed: this design performs spatial position en-
coding and integrates a coordinate normalization mechanism to enhance the weights
of key local features in the image, suppress interference from non-essential subject
features, and accurately locate discriminative regions within the image.

2. A counterfactual intervention method based on causal inference is introduced to
investigate the intrinsic relationships between the generated attention maps and
the predicted classes, which not only enhanced the model’s interpretability but also
significantly improved its robustness in complex scenarios such as annotation errors
and domain changes.

3. The proposed network demonstrates strong classification performance and inter-
pretability on three challenging fine-grained aircraft classification datasets, showing
great potential for applications in both civil and military domains.

2. Related Works
2.1. Fine-Grained Image Classification

In recent years, weakly supervised fine-grained image classification methods have
become the mainstream direction for addressing fine-grained image recognition problems.
Lin et al. [8] first proposed the bilinear convolutional neural network (B-CNN) as a feature
extractor, and many recent works have improved upon it. In addition, some studies have
replaced CNNs with Transformer networks [18,19], for example, Dosovitskiy et al. [18]
proposed the Vision Transformer (ViT) for image classification, and He et al. [19] further
designed a Transformer network specifically for fine-grained image classification, named
TransFG. Furthermore, Wang et al. [20] proposed the Feature Pyramid Transformer (FPT),
which integrates cross-scale feature fusion and achieved 94.1% accuracy on the Stanford
Dogs dataset. Currently, part-based methods are the most popular approach in fine-grained
classification. These methods aim to identify the discriminative parts for classification.
Among them, attention mechanisms play an irreplaceable role in fine-grained visual recog-
nition tasks. For example, in fine-grained image classification, Sermanet et al. [21] ap-
plied attention mechanisms by proposing an RNN model that learns visual attention.
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Zheng et al. [22] proposed a channel grouping network to generate attention for multiple
parts. Chen et al. [23] introduced a Semantic Contrastive Learning (SCL) framework, which
enables effective feature alignment without requiring part annotations. Existing studies
mainly rely on designing complex attention mechanisms to locate discriminative regions
but often ignore the relationships between these regions. Starting from the goal of capturing
fine aircraft features and the long-range dependencies within aircraft structures, this paper
proposes a more effective network model.

2.2. Attention Mechanism

In the field of image classification, attention mechanisms are special structures embed-
ded within models that mimic the human visual system’s bias toward dominant features.
SENet [24,25] adaptively redistributes the weights across channel dimensions through
squeeze-and-excitation operations, enabling the network to focus on more efficient channels.
CBAM [26] further advanced this idea by introducing spatial information encoding through
large-kernel convolutions. Li et al. [27] proposed the Mobile-Former architecture, which in-
tegrates lightweight convolution with Transformer structures, while Wu et al. [28] designed
a dynamic coordinate learning mechanism that optimizes positional encoding through
deformable convolution. Current mainstream self-attention algorithms [29,30] focus on
constructing spatial or channel attention. Yet, self-attention modules tend to be computa-
tionally intensive and inefficient. The CA method [31] proposed a more efficient approach
to capturing positional and channel relationships, but it still suffers from some feature re-
dundancy issues. Inspired by the CA approach for obtaining object positional information,
the method proposed in this paper introduces a more lightweight attention mechanism
that effectively reduces redundant features while enhancing model performance.

2.3. Explainable Analysis

In building explainable models, causal inference is widely regarded as a powerful tool
for establishing interpretable relationships between features and decisions. Early on, causal
inference found broad applications in fields such as medicine and economics. In recent
years, some studies have introduced causal inference into computer vision, aiming to
mimic human reasoning. For example, Tang et al. [32] used counterfactual reasoning to
address data bias in scene graph generation and long-tail classification. Rao et al. [33]
applied counterfactual training to mitigate spatial attention bias in fine-grained image
recognition, while Niu et al. [34] reduced language bias in visual question answering tasks
by subtracting direct language effects from the total causal effect. In the remote sensing
domain, researchers have successfully leveraged causal inference tools for tasks like data
reconstruction and relationship extraction, offering deeper insights into remote sensing
and Earth sciences. For instance, Xiong et al. [35] focused on specific parts of ship targets
by combining counterfactual causal attention with convolutional filters and visualizing
decision bases. Liu et al. [36] proposed a causal disentanglement learning framework
for fine-grained remote sensing classification, which improves robustness by 18.3% in
cross-domain testing. Xu et al. [37] developed a causal domain adaptation mechanism
that significantly reduces sensitivity to background interference. Based on these previous
studies, causal inference can help disentangle key factors in the data, allowing models to
develop a deeper understanding. Building on this technique, we designed and developed
a system to explore the impact of counterfactual causal reasoning based on the normalized
coordinate attention of the model.
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3. Materials and Methods

This section focuses on explaining the basic structure of the NCC-Net Counterfactual
Coordinate Attention Network. This network precisely locates airplane positions to obtain
fine-grained features and introduces a counterfactual reasoning process to enhance decision-
making, enabling the network to focus on airplane targets. The proposed NCC-Net is
mainly divided into three parts:

1.  Feature Extraction Module: We employ ResNet and MobileNet as the backbone
networks for feature extraction. The core idea of ResNet is to build deep networks
using residual blocks, which effectively mitigates the vanishing gradient problem.
MobileNet, on the other hand, is a lightweight convolutional neural network char-
acterized by its efficient and compact design. Both networks can extract high-level
feature representations from input images, capturing advanced semantic information.

2. Normalized Coordinate Attention Module: This module emphasizes positional
information by incorporating it into feature judgment, allowing the model to recognize
the relative positions of different regions within the input data. This helps the model
better understand the structure of the image or sequence and models the global
context through global similarity, thus accelerating convergence and enabling more
accurate classification decisions.

3. Causal Discrepancy Learning Module: By comparing the regions the model focuses
on with the actual classification results, the module learns which areas are critical
for correct classification, helping the model identify truly useful features and reduce
reliance on noisy ones. The causal discrepancy learning module improves both the
performance and interpretability of the model, allowing it to better understand the
reasons behind its decisions.

3.1. Network Architecture

The main structure of NCC-Net is shown in Figure 1, and the overall process can be
divided into three main steps. First, a deep convolutional network is used to extract high-
level features of the aircraft target. Taking the ResNet backbone classification network as an
example, the input images are first resized to a uniform size before being fed into ResNet.
Next, the proposed normalized coordinate attention mechanism module is introduced
into the backbone, embedding positional information into the channel attention. Through
normalization, irrelevant weight information is suppressed, while ensuring consistent input
and output dimensions to prevent the loss of critical pixel features during information
transmission. After a series of convolutional and pooling operations, high-level features
fused with global information are obtained from the backbone integrated with the attention
mechanism f I=1 ¢ Ryww s, where W, H, and C represent the width, height, and number
of channels of the feature map, respectively. Finally, after obtaining the high-level features,
M causal attention maps A are generated, {A = Ay, Ay, ... Ay}, where M denotes the
number of attention maps and A, € A. Through element-wise multiplication, the feature
maps and attention maps A are used to generate regional feature maps and produce
regional feature representations. The entire process is guided by a total loss function that
includes both attention loss and classification loss to supervise the training.
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Figure 1. Network architecture.

3.2. Normalized Coordinate Attention Module

In fine-grained classification of remote sensing images, the diversity of aircraft posi-
tions, postures, and scales presents significant challenges, as these subtle variations are
often difficult for traditional classification models to accurately capture. To address this
issue, we emphasize the enhancement of positional information by integrating coordinate
features. By introducing the coordinate information of the aircraft target, the model can
more effectively focus on key features that are closely related to the aircraft’s spatial location
within the image. This strategy of reinforcing positional information significantly improves
the accuracy of fine-grained classification tasks, enabling the model to better adapt to subtle
variations in aircraft positioning and thereby achieve superior classification performance
when faced with diverse aircraft variations.

Specifically, this mechanism simultaneously encodes both the channel relationships
in the convolutional neural network and the long-range dependencies containing precise
coordinate information, generating coordinate attention weights, which include two distinct
attention maps along the horizontal and vertical directions. We decompose global pooling
into a pair of one-dimensional feature encoding operations. For the input feature map f
of size H x W x C, in order for the attention mechanism to preserve features containing
precise coordinate information, we use two spatial fusion kernels for each channel encoding,
namely feature encoders with kernel sizes of (H,1) and (1, W), which independently
encode the channel information along the horizontal and vertical directions:

1
h .
ze == Y x(hi 1)
c W 0<i<W
1 .
¥ = T Z xe(j, w) )
0<j<H

In the equation, zj, represents the attention vector at height /2 in the c-th channel, and z{,
represents the attention vector at width w in the c-th channel. x. € RF*W I ¢ RHx1
z¥ € R*W, The transformations in (1) and (2) aggregate features along the two respective
directions, producing a pair of direction-aware feature maps, which help the network
more accurately locate the objects of interest. After obtaining the feature representations
containing precise coordinate information, the two feature vectors are concatenated and
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passed through a 1 x 1 convolution function F; and a nonlinear activation function (¢) to
encode the spatial information along the horizontal and vertical directions, resulting in the
final feature map:

f=o(Rlz zo]) 3)

The feature map f is decomposed along two spatial dimensions into f" € RC/"<H
and % € RC/m™W where r (reduction ratio) serves to reduce both the dimensionality of
feature parameters and the total parameter count. Then, f* and f¥ are fed into two 1D
convolutions F;, and Fy, along with the sigmoid activation function (), obtaining the
attention weight matrices g and ¢g%. The 1D convolutions transform f and f* to match
the channel dimension of input x, followed by attention weight allocation.

¢ =o(h(r")) @

§" = o (Fu(f?)) )
ve(i, ) = xe(i, ) x g2 (i) x g2 (j) (6)

where x.(i,j) and y.(i, j) are the values at coordinate (7, j) and channel c in the input and
output feature maps, respectively; ¢" (i) and g% (j) are the values of " and g% at channel ¢
with coordinates (7,1) and (1, j), respectively.

The coordinate attention module not only strengthens the capture of positional infor-
mation and enhances the classification model’s adaptability to diverse airplane samples,
but also effectively reduces the influence of the background on the classification process,
increasing the model’s focus on airplane objects. By guiding the model to pay more at-
tention to the airplane itself, coordinate attention helps highlight the salient features of
airplanes, thereby improving the model’s discriminative ability. It can partially suppress
background interference in remote sensing images, allowing the model to more precisely
process airplane-related features and thus improve robustness and accuracy in the classifi-
cation process.

While coordinate attention indeed offers advantages in emphasizing positional infor-
mation and feature weighting, it also has some potential drawbacks, such as limited robust-
ness to multi-scale problems and possible bias in feature weight calculations. The main
purpose of introducing a normalization mechanism is to address and optimize these weak-
nesses. This mechanism can reduce model instability caused by biased feature weight
calculations. In some cases, coordinate attention may overemphasize specific positional
information, leading to overfitting when the model encounters data variations. Normal-
ization ensures a more balanced weight distribution, reducing unnecessary biases and
improving the model’s generalization ability and stability.

The normalization module NAM [38] redesigns the spatial attention module and the
channel attention module. A scaling factor v is introduced into the batch normalization
process, as shown in Equation (7).

Bin — 1B
Bout = BN(Bin> = 71117 + IB (7)
\/0%+ ¢

In the formula, ¢ and op are the mean and standard deviation of batch B, respectively,
v and B are learnable parameters, where 1 is the scaling factor for each channel after
compression. The introduced scale factor 7; measures the significance of weights by
evaluating the variance of each channel in the input features. A larger value indicates
more informative channels, allowing the network to focus less on unimportant regions.

W; = <L represents the obtained weights. To emphasize important features, NAM
)y O')’/

j=
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employs batch normalization scale factors to indicate weight importance and utilizes
weight contribution factors to enhance attention mechanisms, thereby obtaining more
representative feature representations.

Therefore, the introduction of the normalization mechanism aims to overcome the
shortcomings of coordinate attention, improving the model’s robustness, generalization
ability, and stability. By normalizing feature weights, the model can better handle issues at
different scales and avoid problems caused by bias, thereby enabling coordinate attention
to perform more effectively in tasks such as remote sensing aircraft recognition. The
detailed structure of the NACAM module is shown in Figure 2. The implementation
steps are as follows: First, global average pooling is applied in the horizontal and vertical
directions, downsampling the input C x H x W feature mapto H x 1 x Cand 1 x W x C
dimensions, respectively, to capture the spatial positional information of the input feature
map. Second, information from different dimensions is fused and fed into the NAM module.
Finally, the obtained feature components are split and upsampled, and the resulting feature
maps are nonlinearly transformed using an activation function, allowing the horizontal
and vertical components to be multiplied with the original features of the input module.
The detailed structure of NACAM is shown in Figure 2.

l

Residual

/ \
X-Avg Y-Avg
v .
Concat+Conv2d

BN [ Wo W) Wy W3 |

Conv2d Conv2d
v ¥

Sigmoid | | Sigmoid
el

Re-weight

l

Figure 2. The detailed structure of the NACAM module.

For the application of NACAM, we adopt several mainstream classification networks
and insert the NACAM module into the backbone to train and recognize fine-grained
aircraft image datasets. Here, we use the ResNet series and the MobileNet series as
examples to illustrate the insertion position of the NACAM module, as shown in Figure 3.
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Figure 3. The detailed structure of the NACAM module.

3.3. Counterfactual Learning CCAM Module

The counterfactual attention model based on causal inference establishes causal re-
lationships between features and prediction outcomes, guiding the learning process of
attention maps. This makes the model’s prediction logic more transparent, avoiding the
black-box nature and lack of interpretability common in deep learning models. In this
paper, we highlight the role of the attention module throughout the learning process by
introducing causal inference methods. The causal model we construct is shown in Figure 4.

X X
/ \ — é\\f' \ = Yrrue
J
A — Y A

Counterfactual

Figure 4. The detailed structure of the CCAM module.

The link X — A indicates that the attention model takes CNN feature maps as input
and produces the corresponding attention maps.

The link X — A — Y indicates that both the feature maps and attention maps jointly
determine the final prediction.

We refer to node X as the causal parent of A, and Y as the causal child of X and A.
Ideally, A predicts Y by capturing the effective properties of X. However, in real-world
situations, there are some confusing attention regions in X that affect the learning process,
causing the network to fall into suboptimal attention regions. Therefore, when we want
to observe the effect of a particular variable, we perform an intervention by changing the
state of different variables. For example, in our causal graph, do(A = A) means we set the
variable A to take the value A and cut the link X — A, replacing the learned attention map
with an imagined counterfactual attention map, in order to force the outcome to no longer
be influenced by X.

Next, we will introduce the CCAM module in detail. Given an input image I, first use
the backbone in section B to extract high-level features f'~!.

In the first step, this module first uses an attention block to generate multi-head
attention maps. As shown in Figure 5, the attention block is a lightweight model composed
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of al x 1 convolutional layer, a batch normalization layer, and a nonlinear activation layer
ReLU. The features extracted from the specific layer f'~! are input into this attention block
to obtain M attention maps A € RMxWxH yhere Ak ¢ RWXH represents the k-th attention
map. We use Bilinear Attention Pooling (BAP) to obtain the feature maps. First, we use
bilinear interpolation to adjust the attention maps to the same scale as the feature maps,
and then use the Attention Maps as a guide to re-assign each element in the Feature Maps.
Then pooling and vectorization operations are performed to obtain the feature maps f,.
To generate the attention maps of the same channel in the same category, we focus on
specific regions and assume that the attention map of the first channel of category one
only focuses on the wing. A feature center ¢! is set based on the number of categories,
the number of feature maps, and the number of attention channels, and ¢! is updated in
the sliding-average manner in the following formula, with a set to 0.05 and f; as the feature
matrix. Through continuous update iterations, ¢! tends to be stable.

d=c"1= a(ct_l —fk> (8)
T T T T T T E T TS ETE SIS TS T T T EEEE e~ N
’ \
I 1
! 1
! 1
! 1
! Conv 1
! | 1x1 = BN — ReLu _b |
! = 1
. 0on !
! 1
! 1
\ 1
\ Multi-head Attention Attention Maps /

Figure 5. Multi-head attention mapping.

In the second step, we perform interpretability analysis on the prediction results by
generating random counterfactual attention maps. The values of attention and counterfac-
tual attention, A and A, are generated by the processes A(-) and A(-), respectively.

A:A(X) :{AOrAlf'”/AM—l} 9)

Z:Z(X) = {ZO,Zl,...,ZM,l} (10)

The counterfactual attention maps can be achieved by randomly generating some
attention maps. For a specific discriminative region, we obtain the feature representations

of the attention map fy,,4iy and the counterfactual attention map 7 through the dot

matrix

product, as shown below.
M-1

fmatrix = Z (flil © Am) (11)

m=0

M-1
7matrix = Z (flil GZVH) (12)
m=0
where © denotes the element-wise multiplication of two tensors. In this model, we designed
a classifier C composed of fully convolutional layers and batch normalization layers. Using
attention maps for classification, the output Y(;,.,) is expressed as:

M-1

Z (fl—l @Am)

m=0

YA = CUmatrix} =C (13)
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Using the possibility of counterfactual intervention to analyze the direct causal relation-
ship between A and Y after excluding confounding factors, we obtain the final prediction
Y (fiocar) after the intervention A = A:

M-1

Y (oA

m=0

Y = Clfmatrix] = C (14)

The output after counterfactual intervention attention can be represented as Y. By
calculating the difference between Y4 and Y, we can quantify the impact of multi-head
attention features on the prediction results:

Yiue = YA - YZ (15)

Yirue can be understood as the learning objective of the local attention mechanism,
representing the intrinsic correlation between the attention map and prediction results
after excluding false attention interference. Maximizing the likelihood difference forces
the network to focus on fact-based attention learning rather than falling into the chaos
represented by counterfacts. Therefore, Y}, can be used to evaluate the learning quality of
the attention module and serve as a supervision signal for the attention learning process.

We adopt Bilinear Attention Pooling (BAP) as the feature aggregation mechanism in
the CCAM module due to its strong capacity for modeling region-level interactions and
enhancing fine-grained feature representations. Unlike global average or max pooling, BAP
explicitly captures the pairwise multiplicative relationships between attention maps and
feature maps, allowing for a richer and more discriminative encoding of spatial dependen-
cies. This capability is particularly well-aligned with causal reasoning, where the goal is to
assess whether certain regions are necessary for a prediction outcome. In counterfactual
analysis, evaluating the joint effect of localized features is critical for identifying truly causal
areas. By modeling these interactions bilinearly, BAP offers an effective and interpretable
way to support the intervention-based framework of counterfactual reasoning, thereby
enhancing both causal discriminability and model robustness.

3.4. Loss Function

In order to ensure that each Attention Map consistently focuses on the same object
part across different images, we additionally introduce the sum of squared differences
between the feature map and the part center as a penalty term. For example, attention
map A; focuses on the tail fins in different images, and A, focuses on the side wings. This
reduces the randomness of the information captured by each attention map. The following
formula encourages each feature map to be anchored to the center of each part, where
the part centers are also updated during learning based on the feature maps, ensuring
that the features of the same part on the same object are as similar as possible. Therefore,
we propose a region independence loss to reduce the overlap between feature maps and
maintain consistency across different inputs. With the help of center loss, the region
independence loss is defined as follows:

B M o
Lot =) Zmax(”vj} _ C;H% - min(yi),o) + ) max(mout — It = c]t||%, O) (16)
i=1j=1 ij€(M,M),i#]

where B is the batch size, M is the number of attention heads, m;, represents the margin
between features and their corresponding centers, set to 0.1 and 0.05 depending on whether
y; is 0 or 1. myy is the distance between each feature center. ¢ € RMxN denotes the feature
centers of V, updated in each iteration as defined in Equation (8). The first part of L, is
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the intra-class loss that pulls V closer to the center c, while the second part is the inter-class
loss that pushes centers apart.

In this study, the total loss function of the interpretable attention network consists of
attention loss, classification loss, etc., as follows:

Laiy = Lee(Yirue, Y) + Lee(Ya, Y) + Laxt + Lrir (17)

where Lcr denotes cross-entropy loss, Y represents ground truth labels, and Ly measures
the difference between feature maps and center locations. Due to the lack of fine-grained
labels, the network is prone to performance degradation.

4. Results

4.1. Experimental Setup

We adopt two public datasets, FAIRIM and MTARSI 2, as well as a self-constructed
dataset, ARSI120, to train and evaluate the proposed network. The dataset splits are
shown in Table 1. All experiments are conducted based on the PyTorch(2.3.0) deep learning
framework, using Ubuntu 20.04, 32 GB RAM, an Intel(R) Core(TM) i7-6770K CPU, and four
NVIDIA RTX 4090 GPUs.

Table 1. Datasets used in paper.

Name Description
Class Train Test
FAIR1IM 10 32,763 8191
MTARSI2 40 8164 2041
ARSJ120 101 11,553 2889

4.2. Dataset Descriptions

FAIR1IM [39] is a large-scale dataset designed for fine-grained object detection and
recognition in remote sensing imagery. It contains over one million instances across more
than 15,000 images. Given the objectives of this study, we selected only the images that in-
clude complete airplane targets. After processing and filtering, we obtained 40,954 airplane
image patches covering 10 types of airplanes.

MTARSI2 [40] is a reclassified and expanded version of the MTARSI dataset. The data
were reorganized into 40 categories with additional data augmentation for each class.
After filtering and organizing, the resulting dataset includes 10,205 images.

Proprietary Dataset ARSI120: To advance the state-of-the-art method in aircraft classi-
fication from remote sensing imagery, we constructed a large-scale dataset named ARSI120,
consisting of 120 airplane categories. Addressing the issue of limited airplane categories
in existing fine-grained aircraft recognition datasets, we manually collected 22,040 images
representing 120 different airplane types. All sample images are carefully annotated, each
containing exactly one complete airplane. The number of images per category ranges from
50 to 900, depending on the aircraft type. During dataset construction, we carefully selected
representative samples for each category from airports worldwide, including those in the
United States, Russia, Japan, France, and China. These images were captured under diverse
conditions, such as varying times of day, seasons, and imaging settings, which enhances
the intra-class variability of the dataset. We specifically ensured that the same airplane
type was shown with different backgrounds and orientations to further enrich the diversity
within each class. Due to factors such as lighting conditions, cloud cover, and variable
spatial resolutions, remote sensing images may exhibit a range of visual characteristics.
Furthermore, because some aircraft models are rare or sensitive due to their cost, function,
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or restricted availability, sample imbalance is a significant challenge. To address this, we
applied data augmentation techniques for underrepresented classes. Augmentation opera-
tions included simulation of various lighting conditions, image rotation at different angles,
and cropping from the top, bottom, left, and right at different ratios. To meet the practical
requirements of remote sensing aircraft recognition and deep learning, we ensured that
each class in the ARSI120 dataset includes at least 60 images after augmentation. Figure 6
is a statistical display chart of the number of some categories in the dataset.

1000
978

586|585

561560

ol
@ 0 ol b Al b a® K _og® gl Kl a® P 0B gl a® L O A
‘,s, po? \)” WP oA e v@}” IS SRS YA AR SN0 e SN ST G SIS Sl SN S

Figure 6. The number of certain categories in the dataset.

As illustrated in Figure 7, a subset of the dataset images reveals that the wings and tail
structures of different aircraft consistently exhibit highly symmetrical configurations, while
the spatial relationships between these components differ significantly across aircraft types.
By systematically analyzing the variations in their relative positions, it becomes feasible
to effectively distinguish among different categories of aircraft. Accordingly, the pro-
posed model adopts multiple targeted strategies to attend to these critical regions, thereby
enhancing the accuracy and robustness of aircraft type recognition and classification.
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Figure 7. Some images of the dataset are displayed.
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4.3. Ablation Study

To validate the effectiveness of each component of the proposed network, we con-
ducted ablation experiments on three public datasets, employing ResNet101 [41] and
MobileNetV2 [42] as the feature extraction backbones. The detailed results are reported in
Tables 2 and 3.

Table 2. Ablation study in FAIRIM.

Model FAIRIM MTARSI2 ARSI120
Backbone Params (M) FLOPs (G) Top-1 acc Top-5 acc Top-1 acc Top-5 acc Top-1 acc Top-5 acc
CAM — NACAM  CcaM (%) %) (%) (%) %) %)
445 7.82 96.1 99.7 93.1 99.1 95.6 98.6
v 46.1 791 96.7 99.8 94.1 99.8 975 98.9
ResNet101 v 489 7.92 96.8 99.8 944 99.8 97.6 99.1
v 45.2 7.92 96.9 99.9 94.8 100 97.7 99.2
v v 48.8 793 96.4 99.8 94.6 100 97.8 99.2
v v 48.9 7.93 97.7 99.9 95.2 100 98.4 99.5
35 0.32 93.2 99.6 90.8 98.6 93.2 96.7
v 3.9 0.34 94.1 99.7 91.2 99.4 93.3 96.8
v 42 0.34 94.2 99.7 91.3 99.5 93.5 96.8
MobileNet V2 v 4.1 0.34 94.6 99.8 921 99.5 93.8 97.1
v v 4.3 0.34 95.2 99.9 92.0 99.4 94.3 97.2
v v 4.4 0.34 95.8 99.9 92.7 99.8 94.9 97.6
Table 3. Compared with other method.
ACC(O/O)
Models Backbone -
FairlM MTARSI2 ARSI120
Resnet101 96.1 93.1 95.6
MobileNetV2 93.2 90.8 93.2
Vision Transformer [18] 96.8 93.2 95.9
WS-DAN [43] ResNet50 96.9 934 96.1
API-Net [44] DenseNet161 96.4 94.7 97.3
FEVT [45] ViT 97.1 95.1 98.2
HERBS [46] ViT 97.1 95.1 98.1
(Ours) Resnet101 97.7 95.2 98.4
(Ours) MobileNetV2 95.8 92.7 94.9

Table 2 presents the Top-1 and Top-5 accuracy of the networks employing different
modules in the FAIR1IM, MTARSI2, and ARSI120 datasets.

Effectiveness of NACAM: To evaluate the effectiveness of the proposed Normalized
Coordinate Attention Module (NACAM) in fine-grained aircraft classification tasks, we
conducted a series of comparative experiments. Under identical convolutional backbones,
the introduction of NACAM led to consistent improvements in classification accuracy
across different datasets. Specifically, using ResNet101[19] as the backbone, the classifica-
tion accuracy in the FAIRIM, MTARSI2, and ARSI120 datasets increased by 1.6%, 2.1%,
and 2.8%, respectively. Compared to models that used only the CAM module, the accuracy
of Top-1 improved by 0.1%, 0.3%, and 0.1% across these dataset; compared to models
that used the CAM and CCAM modules, the accuracy of Top-1 improved by 1.3%, 0.6%,
and 0.6%, respectively. Similarly, when using MobileNetV2 as the backbone, classification
accuracy improved by 2.6%, 1.9%, and 1.7% on these datasets, with Top-1 accuracy gains
of 0.1%, 0.1%, and 0.2% over the CAM-only models, and 0.6%, 0.7%, and 0.6% over the
CAM+CCAM models. These results demonstrate that integrating the NACAM module
enables the network to more effectively focus on key features tightly associated with the
spatial structure of aircraft images, thereby improving fine-grained classification accu-
racy. Moreover, we observed that incorporating NACAM does not significantly increase
the model’s floating-point operations or parameter count, indicating that the module
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achieves an optimal balance between accuracy and computational efficiency, and offers
advantages in terms of lightweight performance. Overall, the consistent improvements
observed with both ResNet101 and MobileNetV2 backbones confirm the effectiveness of
NACAM in capturing critical features, enhancing classification accuracy, and maintaining
lightweight performance.

Effectiveness of CCAM: Compared to configurations using only NACAM, we further
observed that integrating the Counterfactual Attention Module (CCAM) under the same
convolutional backbone led to additional gains in classification accuracy. Specifically,
with ResNet101 as the backbone, the classification accuracy on the FAIRIM, MTARSI,
and MTARSI2 datasets increased by 1.4%, 1.3%, and 0.6%, respectively, corresponding to
Top-1 accuracy improvements of 1.6%, 1.4%, and 1.4% over models using only NACAM.
Likewise, using MobileNetV2 as the backbone, classification accuracy improved by 1.4%,
1.3%, and 0.6% on these datasets, with corresponding Top-1 accuracy gains of 1.6%, 1.4%,
and 1.4% over NACAM-only models. These experimental results indicate that the randomly
generated Counterfactual Attention Module (CCAM) significantly enhances classification
accuracy under identical convolutional backbones. This improvement can be attributed
to the CCAM module’s ability to make the model’s prediction logic more transparent by
guiding the attention mechanism to explore the true causal relationships between attended
regions and classification outcomes. These findings further validate the effectiveness of
CCAM and its capability to improve performance in fine-grained aircraft classification tasks.

Figures 8 and 9 further demonstrate the effectiveness of the NACAM and CCAM
modules on the two feature extraction networks, ResNet101 [39] and MobileNetV2 [40],
through visual charts.
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Figure 8. The accuracy of the ResNet101 extractor with different network structure configurations.
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Figure 9. The accuracy of the MobileNetV2 extractor with different network structure configurations.

4.4. Comparison with Other Methods

To demonstrate the effectiveness of our proposed network, we conducted a compre-

hensive comparison against several existing fine-grained classification models. Specifically,

we compared our approach with traditional deep learning models, including ResNet101,

MobileNetV2, and Vision Transformer (ViT); attention-based fine-grained classification
models, such as WS-DAN and API-Net; as well as state-of-the-art ViT-based fine-grained
classification models, including FFVT and HERBS. The detailed comparative results are

summarized in Table 3.

ResNet101 : This model introduces residual connections to solve the gradient problem,
making the network training more stable.

MobileNetV2: This lightweight convolutional neural network architecture employs
strategies like depthwise separable convolutions to reduce model parameters and
computational costs while maintaining good performance.

Vision Transformer: As a currently popular backbone model, it utilizes self-attention
to capture both global and local relationships.

WS-DAN: This model adopts a weakly-supervised learning-based image enhancement
method combined with attention mechanisms for fine-grained classification.
API-Net: The model proposes a simple yet effective attention-pairing interaction
network that progressively recognizes pairs of fine-grained images through interaction,
achieving 90% accuracy on the CUB200-2011 dataset.

FFVT: Applying the newer Transformer framework for feature fusion, this visual
transformer compensates for local, low-level, and intermediate information by aggre-
gating important tokens from each transformer layer, reaching 91.6% accuracy on the
CUB200-2011 dataset.

HERBS: Comprising two modules—a high-temperature refinement module and a
background suppression module—this model extracts discriminative features while
suppressing background noise, achieving 93% accuracy on the CUB200-2011 dataset.

In this subsection, we provide a detailed comparison between our method and all

baseline models, summarizing the experimental results on three datasets, as shown in

Table 3. The following is a detailed explanation of these observations: Overall, our method

demonstrates superior performance across all three datasets. From the experimental results,
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we observe that models using the lightweight backbone MobileNetV2 achieve lower accu-
racy compared to models using ResNet101, likely due to the relatively shallow depth of
MobileNetV2, while ResNet101 can more effectively capture deep features from the data.

For the FAIRIM dataset, taking the models with ResNet101 as the backbone as an
example, our method improves accuracy compared to the best-performing baseline methods
by 0.8%, 1.3%, 0.6%, and 0.6%, respectively. For the MTARSI2 dataset, our method achieves
improvements of 1.8%, 0.5%, 0.1%, and 0.1% compared to the best baseline methods. For the
ARSI120 dataset, our method shows improvements of 2.3%, 1.1%, 0.2%, and 0.3%, respectively.

When compared with current attention-based models such as WS-DAN and API-Net,
our proposed Normalized Coordinate Attention Module (NACAM) achieves higher Top-1
accuracy on all three datasets. This demonstrates that our model can more accurately locate
key parts and more precisely leverage the positional information associated with target
features, thereby mitigating the negative impact of irrelevant features and improving its
applicability to fine-grained aircraft classification tasks. Moreover, our proposed model
can capture long-range dependencies and adjust the weights between features at different
positions through positional encoding. Compared to the Vision Transformer baseline model
and self-attention-based models such as FFVT and HERBS, our method achieves higher
Top-1 accuracy across all three datasets. In addition, the proposed NCC-Net offers high
computational efficiency and is easy to implement.

These results further emphasize the superiority of our approach in extracting positional
information, which enhances the model’s focus on local features of the target and effectively
improves accuracy in fine-grained aircraft classification tasks. This indicates that our
counterfactual attention network is a powerful tool for enhancing model performance.

4.5. Interpretability Analysis

We adopted the Gradient-Weighted Class Activation Mapping (Grad-CAM) method
for feature analysis and applied it to three different datasets. The visualization results
in Figure 10 illustrate the impact of various convolutional neural networks in learning
category-specific features, as well as the discriminative power and reliability of the attention
features used during training. These visualizations provide an intuitive explanation for the
performance of our method across different datasets, reinforcing its superior performance
in fine-grained aircraft classification tasks.

ResNet101 |

ResNet101 |
+NACAM |

ResNet101 !
+NACAM |
+CCAM

Figure 10. Gradient-weighted class activation mapping.

By closely examining the key points in the images, we can clearly observe that our
method aligns more accurately with the aircraft contours compared to the conventional
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convolutional backbone network ResNet101. Our approach focuses more precisely on
the aircraft targets, delineating the boundaries between the targets and the background.
For example, on the FAIRIM dataset, our method can more accurately outline the contour
of the A330 aircraft, reducing overlap with the background. Similarly, on the MTARSI2
dataset, our approach can more precisely depict the outline of the F-15 aircraft and reduce
background interference, thereby improving classification accuracy.

The NACAM module enables the network to more accurately capture the key parts of
the aircraft while ignoring other irrelevant regions in the image. The CCAM module further
directs the network’s focus toward the aircraft target, reducing attention to background
information and showing a lower interest in irrelevant areas. These visualization results fur-
ther highlight the superiority of the proposed NACAM and CCAM modules in fine-grained
aircraft classification tasks. They help the network better understand and focus on the
critical features of the aircraft, thereby enhancing classification performance. This suggests
that our approach holds promising potential in fine-grained classification, particularly in
distinguishing aircraft from the background, demonstrating excellent performance and
clearer feature representations.

In order to more directly evaluate the model’s performance, we used the t-SNE
algorithm to generate two-dimensional feature distribution maps for visual analysis of the
model. t-SNE is an unsupervised nonlinear dimensionality reduction technique that can
capture the complex manifold structure of high-dimensional data and is widely used for
exploring and visualizing such data.

By comparing the feature distributions in Figures 11-13, we can clearly observe that the
feature distribution of the NCC-Net model is more compact compared to that of using only
ResNet101. This means that our proposed model can more effectively separate different
semantic information, making the feature kernels with similar semantic information closer
together in the feature space. This further verifies that our network can reduce the mutual
interference between discriminative features of different target parts, provide higher-quality
local features, and thus significantly improve classification performance. By observing the
feature distribution on ARSI20, we find that even when facing more than 100 categories,
our classification algorithm still shows excellent inter-class clustering performance. This
further confirms the effectiveness of our proposed ResNet101 + NACAM + CCAM model
in the fine-grained aircraft classification task. This kind of visual analysis provides intuitive
and strong support for our research, further emphasizing the superiority of the model in
capturing category-specific features.
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Figure 11. Feature distribution of some filter groups learned on the FAIRIM dataset. (a) Feature
visualization of ResNet101. (b) Feature visualization of ResNet101 + NACAM + CCAM.
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Figure 12. Feature distribution of some filter groups learned on the MTARSI2 dataset. (a) Feature
visualization of ResNet101. (b) Feature visualization of ResNet101 + NACAM + CCAM.
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Figure 13. Feature distribution of some filter groups learned on the ARSI20 dataset. (a) Feature
visualization of ResNet101. (b) Feature visualization of ResNet101 + NACAM + CCAM.

5. Conclusions

In our study, we proposed a novel normalized coordinate attention-based counterfac-
tual fine-grained classification network for remote sensing aircraft. This network integrates
the basic fine-grained classification framework while leveraging normalized coordinate
attention to emphasize the positional information of aircraft parts. It can better capture
subtle differences between aircraft and obtain long-range dependencies between different
positions, enabling more precise classification. By using causal guidance to adjust the
predictions between the original image representation and the counterfactual representa-
tion, the classification model becomes more focused on invariant foreground information
while ignoring varying background information, effectively eliminating the influence of
co-occurring backgrounds and further addressing the problem of the fine localization of
aircraft targets. We conducted extensive experiments on multiple remote sensing aircraft
classification datasets to demonstrate the effectiveness of this model.

In future work, we aim to further optimize both NACAM and CCAM modules to
better handle scale variations and background interference. We also plan to explore the gen-
eralization of NCC-Net to multi-object and multi-category scenarios in remote sensing, in-
corporating few-shot learning and cross-domain causal reasoning to enhance performance
under data-scarce or dynamic conditions. In addition, we will also focus on the reasoning
efficiency of the proposed network, including optimizing the model complexity, reducing
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memory usage, and accelerating the prediction speed without affecting the accuracy rate.
Meanwhile, we will explore the promotion capability of this network on other remote
sensing targets such as ships and vehicles and verify its cross-task migration performance.
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