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The accurate and efficient evaluation and classification of situational images is fundamental to 
making informed and effective decisions. However, current classification approaches based on 
convolutional neural networks often suffer from limited generalization and robustness, particularly 
when processing data characterized by abstract class features and pronounced spatial attributes. 
Additionally, the “black-box” nature of deep neural network architectures poses significant challenges 
to their application in fields with stringent security requirements. To address these limitations, 
this paper introduces a novel Spatially Invariant Self-Attention Capsule Network (SISA-CapsNet), 
designed to encode interpretable spatial features for classification tasks. SISA-CapsNet employs 
capsules to encode spatial features from specific image regions and classifies these features through 
a self-attention routing mechanism. Specifically, spatially invariant feature surfaces with dimensions 
identical to the input image are generated and stacked to form feature capsules, each encoding 
spatial features from distinct regions. The self-attention mechanism calculates coupling coefficients, 
clustering feature capsules into class capsules. This architecture integrates a spatially invariant feature 
extraction structure, facilitating pixel-level encoding of regional spatial features, and leverages self-
attention to effectively capture the relative importance of different spatial regions for classification. 
Together, these two mechanisms constitute an interpretable classification framework. Experimental 
validation on benchmark datasets and battlefield situational image datasets with pronounced spatial 
characteristics demonstrates that the proposed method not only achieves superior classification 
performance but also offers interpretability closely aligned with human cognitive processes. 
Furthermore, comparative analyses with existing visual interpretability method underscore the 
enhanced interpretability of SISA-CapsNet.
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Situation assessment involves the extraction of features, recognition of patterns, and estimation of intent 
from observational data to construct a comprehensive situational image. This process is widely utilized in 
domains such as command and control decision-making, traffic management, and cybersecurity1. The accurate 
differentiation of situational images across diverse categories is essential for enabling rapid, stable, and effective 
decision-making2. Computer vision has emerged as a key technology for addressing this challenge. Traditional 
computer vision methods rely on feature extraction operators within classifiers; however, their performance 
is often limited by environmental factors such as viewpoint variation, object posture, and occlusion3, leading 
to reduced robustness and generalization. Moreover, semantic features, which include abstract concepts and 
spatial relationships, are challenging to capture using feature operators4, thereby restricting the applicability of 
traditional methods to tasks like situational image classification. Recently, artificial intelligence, particularly deep 
learning-based approaches, has demonstrated superior feature extraction and nonlinear fitting capabilities5–7, 
offering effective solutions to these limitations8–12.

The remarkable capabilities of deep learning arise from its complex nonlinear structures and numerous 
parameters, resulting in an opaque “black-box” architecture13,14. This lack of interpretability hinders 
understanding of its operational principles and reasoning mechanisms, significantly limiting its application in 
situational image classification tasks within domains requiring high security and sensitivity. In response to this 
challenge, explainable artificial intelligence (XAI) techniques have gained increasing attention and development. 
Existing XAI methods can be broadly categorized into three types, model self-explanation, specific model 
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explanation, and model-agnostic explanation. Model self-explanation methods, such as linear regression15 and 
decision trees16, build transparent linear networks in advance to achieve interpretable classification. However, 
the linear nature of these models limits their ability to capture the complex nonlinear features inherent in 
situational image classification, resulting in suboptimal performance in both classification and generalization. 
Specific model explanation methods involve visualizing the internal structure and parameters of neural networks 
to interpret decision-making, as seen in techniques like Class Activation Mapping (CAM)17, Grad-CAM18, and 
Activation Sensitivity19. Although these methods allow for the direct visualization of gradient information, 
they do not capture the spatial semantic information critical to situational images. Model-agnostic explanation 
methods, such as LIME20, Kernel SHAP21, and knowledge distillation22, provide indirect explanations based on 
input-output relations. These methods are limited in that they offer only local approximations and fail to provide 
global explanations of the model’s decision-making process, making it difficult to generate the trustworthy neural 
networks desired for such tasks. In the context of situation image classification, interpretability is particularly 
critical for the following reasons, (a) Situational image classification requires not only accurate predictions but 
also transparency in the model’s decision-making process and causal reasoning to prevent scenarios where 
correct results arise from flawed reasoning. (b) Effective situational image classification involves human-
machine collaboration, where machines must incorporate expert knowledge and humans rely on machines for 
data processing. Limited interpretability hampers the synergy between human and machine intelligence. (c) 
Situational image classification tasks demand models that can extract interpretable, semantically meaningful 
spatial features from high-noise, small-sample datasets, ensuring robust and generalizable performance in 
complex, dynamic environments. In light of these limitations, our objective in the context of situational image 
classification is to develop a transparent classification model that encodes spatial features interpretably, thereby 
transforming the decision-making process into a linear combination of these features.

Capsules, a novel neural unit introduced by Hinton23,24, present an alternative to traditional neural units 
and can be utilized to construct explainable capsule network models. Each capsule encodes the instantiation 
parameters of a specific entity type as an activity vector, where the vector’s length reflects the probability of 
the entity’s occurrence25. This vectorized feature representation, along with the linear combination of capsules, 
fulfills the requirements for addressing the interpretability challenges discussed in this paper. However, existing 
research on capsule networks predominantly concentrates on optimizing the routing mechanism to enhance 
performance26–28, with relatively little focus on their interpretability29–31, especially regarding spatial feature 
interpretability. Current studies have primarily explored the use of capsule vectors to encode features, yet they 
have not addressed how these features correspond to interpretable spatial information. Achieving intuitive 
interpretability hinges on constraining the sources of features encoded by capsules at the spatial level, ensuring 
that these encodings possess clear spatial semantics that can be directly matched with the input image.

Based on this, this paper proposes the Spatial Invariant Self-Attention Capsule Network (SISA-CapsNet), 
which visually provides the interpretable classification features in situational image classification, as shown 
in Fig. 1. SISA-CapsNet constructs feature surfaces that match the dimensions of the original input image, 
stacking feature surfaces of varying dimensions to form feature capsules. A self-attention mechanism is applied 
between feature capsules to compute the routing coefficients relative to the class capsules, which are then linearly 
combined to generate the class capsules. Furthermore, the spatial feature activation weight mask, derived from 
the routing coefficients, enables intuitive visualization of the influence of different spatial feature capsules, 
thereby facilitating visual interpretability. To evaluate the accuracy and interpretability of SISA-CapsNet, a 
series of controlled experiments were conducted across multiple datasets. First, the MNIST dataset was used 
to assess the basic performance of SISA-CapsNet. Next, the MSTAR dataset was employed to examine the 
model’s classification performance and interpretability in scenarios with moderate spatial feature dependence 
and noise. Finally, a situational image classification dataset was utilized to test SISA-CapsNet’s performance in 
tasks involving semantic abstraction and strong spatial feature dependence. The results demonstrate that SISA-
CapsNet not only excels in classification tasks but also provides a classification rationale that aligns with human 
understanding. The contributions of this paper can be summarized as follows:

•	 We propose a novel interpretable image classification network, SISA-CapsNet, which provides intuitive visu-
alizations of the primary spatial features leveraged by the neural network during image classification.

•	 SISA-CapsNet introduces an innovative integration of spatially invariant convolution to constrain feature 
capsules to encode specific spatial regions and incorporates a capsule self-attention mechanism to facilitate 
the linear combination of feature capsules. This design establishes a linear, transparent, and interpretable 
classification pathway.

•	 Additionally, we develop a novel spatial feature activation weight mask to enhance the visualization of SI-
SA-CapsNet’s interpretability. Comparative evaluations against existing image classification algorithms and 
interpretable classification methods demonstrate the effectiveness of the proposed approach.

The remainder of this paper is organised as follows. Section Related Work reviews related work pertinent to 
this paper. Section Methods provides a detailed explanation of the proposed method, including the SISA-
CapsNet network architecture and its interpretability framework. Section Experiments and Results presents 
the datasets and experimental setup used for validation, showcasing both the classification performance and 
visual interpretability of SISA-CapsNet. Finally, Section Conclusion concludes the paper and discusses potential 
avenues for future research.
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Related work
Capsule network
Hinton et al.23 introduced capsule networks, which replace traditional scalar neurons with vectorized neurons 
that encode specific entity types32. This approach effectively mitigates the loss of relative spatial information 
between features caused by pooling operations in convolutional neural networks (CNNs). However, the 
dynamic routing mechanism in capsule networks imposes constraints on both representational capacity and 
computational efficiency. To enhance the routing mechanism and improve training efficiency, Rajasegaran 
et al.26 proposed a novel dynamic routing algorithm that integrates 3D convolutions to reduce the parameter 
count. Mazzia et al.27 introduced a self-attention-based, non-iterative routing algorithm designed to improve 
both performance and computational efficiency. Gu et al.28 developed Aff-CapsNets, which replace dynamic 
routing with a shared transformation matrix between all lower-level and higher-level capsules, thereby reducing 
computational resource consumption. Additionally, Liu et al.29 incorporated attention mechanisms into pre-
trained convolutional capsule networks, enhancing both recognition accuracy and efficiency in complex, variable 
tasks. The vectorized feature representation of capsule networks is also considered promising for improving 
interpretability within feature space, prompting further research in this domain. Huang et al.30 introduced a 
dual-attention mechanism, integrating attention modules after convolutional and lower capsule layers to 
enhance image feature extraction, thereby improving the contribution of significant image features to capsule 
representations and increasing interpretability. Jung et al.31 proposed an interpretable capsule framework, iCaps, 
which addresses challenges such as classification-irrelevant information within capsules and entity overlap. 
Afshar et al.33 demonstrated the interpretability of capsule networks in brain tumor image classification, while 
Sezavar et al.34 developed DCapsNet, a deep neural network that employs five convolutional layers and a capsule 
network to capture local spatial features from sensor input data while preserving spatial relationships. This 
approach has yielded superior interpretability in human activity and gait recognition. Although these studies 
have contributed to advancing the interpretability of capsule networks, they primarily focus on generalized 
feature encoding. A key challenge remains in constraining the source of interpretable features directly from 
input data to enable end-to-end interpretability, an open problem that warrants further investigation.

Self-attention
The self-attention mechanism, introduced by Vaswani et al.35, has demonstrated remarkable capabilities in 
modeling contextual dependencies36,37, making it highly effective for capturing long-range dependencies in 
sequential data and explicitly representing intrinsic correlations among multidimensional features38. Its global 
receptive field and dynamic feature selection mechanism have further facilitated its application in computer 

Fig. 1.  The schematic framework of SISA-CapsNet.
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vision39,40. For example, Guo et al. proposed the Vision Attention Network (VAN)41, which is based on Large 
Kernel Attention (LKA) and effectively addresses the limitations of traditional self-attention mechanisms in 
image tasks. These limitations include the neglect of 2D structural information, high computational complexity, 
and a lack of channel adaptability. Cheng et al. introduced the Class Attention Network (CANet)42, which utilizes 
attention encoding learning to achieve class-aware attention encoding by disentangling feature entanglement. 
This approach overcomes the challenge of traditional attention mechanisms in explicitly extracting class-
discriminative features. Wu et al. proposed the Dual-Branch Residual Attention Network (DRANet)43, which 
employs parallel branches-namely, the Residual Attention Block (RAB) and the Hybrid Dilated Residual 
Attention Block (HDRAB)-to capture both global and local features while filtering out irrelevant information, 
thereby enhancing image denoising performance. Recently, the integration of capsule networks with self-
attention mechanisms has emerged as a growing research trend, as self-attention enhances the feature encoding 
capability of capsules. For instance, Hoogi et al. incorporated a self-attention mechanism following the 
convolutional layers of a capsule network44, improving global feature extraction and enhancing the integration 
of capsule feature encoding with salient image features, thereby boosting image classification performance. 
Similarly, Yu et al. introduced a self-attention mechanism into the feature extraction layers of capsule networks45, 
improving feature representation and addressing the limitations of conventional convolutional networks. Ke 
et al. employed multi-head self-attention (MSA)46 to derive richer feature representations from image data, 
while similar contributions have been made by Mazzia et al.27 and Huang et al.30. Despite these advancements, 
existing research on integrating capsule networks with self-attention has primarily focused on performance 
improvements and feature extraction optimization, with limited attention to interpretability. A key challenge 
that this study seeks to address is how to leverage self-attention to integrate pixel-level spatial features, thereby 
enabling end-to-end interpretability.

Methods
This section provides a detailed explanation of the SISA-CapsNet architecture proposed in this paper, along with 
a discussion of its interpretability. Furthermore, a visualization method is designed to intuitively demonstrate 
the model’s interpretability.

Spatially invariant self-attention capsule network
SISA-CapsNet comprises two primary components: the spatially invariant capsule generator (SI-Generator) 
module and the self-attention capsule routing (SA-Routing) module, as illustrated in Fig. 2. The network processes 
an input image through spatially invariant convolutional layers to generate feature maps, which are then stacked 
to form feature capsules. These feature capsules are weighted by the self-attention routing mechanism to generate 
class capsules. After training, the correct class capsule exhibits the maximum length, while the feature capsules 
are assigned normalized weights.

The SI-Generator module extracts features from the input image across multiple dimensions using convolution, 
compresses them, and stacks them to form feature vectors, referred to as capsules. In SISA-CapsNet, capsules are 
specifically constrained to encode spatial features of designated regions. They are generated by stacking multiple 
feature surfaces of the same size as the input image, as illustrated in Fig. 3.

To achieve this, the spatial invariant padding strategy is employed to pad an input image of size K ∗ K
. Under the condition that the stride is restricted to 1, the padding size SP is related to the size of the capsule 
encoding spatial region KEnc,

	
SP = KEnc. − 1

2 .� (1)

The padded image is subjected to 2D convolution to generate a feature matrix with C channels. Feature capsules 
si are then formed by stacking the results of convolution and 1 ∗ 1 compressed convolutions,

Fig. 2.  The architecture of SISA-CapsNet algorithm.
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	 vi = [conv∗ (conv(XSP ))]lf .� (2)

Here, XSP  represents the input image after padding, conv(·) denotes feature extraction convolution, and 
conv∗(·) indicates compressed convolution. The parameter lf  refers to the number of stacking operations, 
which corresponds to both the number of feature surfaces and the length of the feature capsule si. Thus, in SI-
Generator, spatial feature encoding is achieved through the first layer of spatial convolution, while the second 
layer of compressed convolution enables the stacking of features across different dimensions. This process 
ultimately produces multiple feature surfaces of the same sizes as the input image, which are then stacked to 
form spatially invariant feature capsules, with each capsule encoding features from a fixed spatial region.

In capsule networks, the linear relationship between lower-level feature capsules and higher-level class 
capsules is established through routing24,47. Traditional iterative dynamic routing24, which utilizes similarity-
based inner product metrics, not only constrains the clustering capacity of capsules but also faces challenges in 
parallelization, limiting computational efficiency. Additionally, as the number of capsules increases, the receptive 
field for clustering in traditional routing diminishes significantly, preventing effective clustering on spatially 
invariant feature surfaces where the number of capsules corresponds to the number of pixels in the input image.

To address this issue, we propose the SA-Routing module that replaces traditional routing for the linear 
clustering of feature capsules into class capsules. The self-attention mechanism captures the correlations among 
all feature capsules on a feature surface, providing a robust global receptive field. For a feature capsule si (of 
length lf ), the capsule correlation prediction matrix qij  and key prediction matrix kij  for N class capsules sJ  (of 
length lc) are computed using transformation matrices W q

ij  and W k
ij , respectively,

	 qij = si ∗ W q
ij [lf ∗ lc],� (3)

	 kij = si ∗ W k
ij [lf ∗ lc].� (4)

The capsule correlation prediction matrix qij  and the key prediction matrix kij  are transposed, multiplied, and 
scaled. A softmax operation is then applied to generate the coupling coefficient matrix cij  between the class 
capsules and feature capsules,

	
cij = softmax

(
qij ∗ (kij)T

√
dk

)
,� (5)

where dk  represents the scaling factor. The shape prediction matrix vij  for feature capsule si with respect to the 
different class capsules sj  is computed,

	 vij = si ∗ W v
ij [lf ∗ lc].� (6)

The class capsules are derived by applying the coupling coefficient matrix and shape predictions matrix, which 
are then weighted and subsequently computed using the squashing function,

	 sj = squash (cij ∗ vij) .� (7)

Fig. 3.  The space invariant capsule extract module SI-Generator.
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Here, squash(·) refers to the squashing function. Unlike the definition in literature24, this function has been 
augmented with non-linearity to more effectively capture the correlations between attention capsules on spatially 
invariant feature surfaces, as expressed in equation (8),

	
squash(s) = ∥s∥2

0.4 + ∥s∥2 · s

∥s∥ .� (8)

The network is trained using the margin loss function Lj , which directs the length of the class capsules to 
approximate the probability of the correct classification.

	 Lj = Tj max
(
0, m+ − ∥sj∥

)2 + λ(1 − Tj) max
(
0, ∥sj∥ − ·m−)2

.� (9)

In equation (9), m+, m− and λ are hyperparameters, with values set as 0.9, 0.1 and 0.5, respectively. The target 
Tj = 1 is assigned a value of 1 when the predicted class is correct, and 0 otherwise.

Algorithm 1.  SISA-CapsNet.

Interpretability description
SISA-CapsNet achieves interpretable clustering from feature capsules to class capsules through its spatially 
invariant capsule extraction module and capsule self-attention routing module. Its interpretability is 
demonstrated in the following ways: (a) Feature capsules are constrained to encode spatial features from fixed 
regions and are represented as vectors; (b) Class capsules are generated through the linear combination of feature 
capsules, facilitated by coupling coefficients derived from the self-attention mechanism. The coupling coefficient 
matrix offers an intuitive means of evaluating the activation level of each feature capsule during the routing 
process; (c) Spatially invariant capsules are positioned on feature surfaces that match the size of the input image, 
enabling pixel-level interpretability of the spatial feature encoding sources.

Building on this, a spatial feature activation weight mask is constructed using the feature capsule coupling 
coefficient matrix. This mask provides an intuitive visualization of the activation levels of feature capsules during 

Fig. 4.  Schematic representation of spatial feature activation weight mask application.
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the classification task, as exemplified in Fig. 4 which demonstrates the application of this mask through a case 
study on the MNIST dataset.

For any given input image, the spatial feature activation weight mask is computed for different categories. 
Initially, the coupling coefficient matrix used to construct the mask is randomly initialized. As training 
progresses, the coupling coefficient matrix for incorrect categories fails to capture relevant features of the input 
image, leading to uniform activation across all feature capsules. In contrast, the coupling coefficient matrix for 
the correct category will strongly activate the feature capsules that align with the input image, while suppressing 
the activation of unrelated capsules. The coupling coefficient matrix is set as a red (R) channel mask and 
overlaid onto the input image using a Gaussian mixture. This approach allows for a visualized and interpretable 
representation of the classification process: In the mask corresponding to incorrect categories, all pixels exhibit 
the same average R channel value, resulting in a uniform gray mask. For the correct category, the regions with 
strong activations display high R channel values, while the non-activated regions exhibit low values. The stark 
contrast between these areas appears as red in the activated regions, providing an intuitive and human-readable 
rationale for the classification decision.

Experiments and results
Dataset
MNIST dataset
The MNIST dataset is a widely used benchmark for handwritten digit recognition, comprising 60,000 training 
samples and 10,000 test samples. Each sample is a 28 × 28 pixel grayscale image representing a digit label 
between 0 and 9. Due to its moderate scale, accurate annotations, and broad applicability, MNIST is commonly 
used to evaluate and compare the performance of various deep learning algorithms. It serves as an ideal dataset 
for validating the baseline performance of SISA-CapsNet model.

MSTAR dataset
The MSTAR (Mobile SAR Target Recognition) dataset is a widely used standard in synthetic aperture radar 
(SAR) image processing, primarily designed for target detection and recognition tasks, as shown in Fig. 5. 
It includes 10 types of military targets48, such as the self-propelled howitzer (2S1), armored reconnaissance 
vehicle (BRDM2), and tank (T62). These targets are captured from various azimuth and elevation angles using 
X-band SAR imagery with a resolution of approximately 0.3 meters by 0.3 meters and an image size of 100 × 
100 pixels. The MSTAR dataset is divided into training and testing sets, which were collected at 17◦ and 15◦ 
pitch angles, respectively. This provides a diverse range of target categories and imaging conditions, making it a 
reliable benchmark for SAR image recognition research. Due to factors like small sample size, inherent speckle 
noise, and geometric distortions, MSTAR presents challenges that make it ideal for testing the generalization 
and robustness of models like SISA-CapsNet, especially in the context of interpretable spatial feature-based 
classification.

USCS (Unmanned swarm combat situation) dataset
The Unmanned Swarm Combat Situation (USCS) image dataset is constructed based on battlefield situational 
dynamics in the confrontational processes of unmanned system swarms, as illustrated in Fig. 6. The dataset 
encapsulates situational information, including various combat unit types from both red and blue forces, intent 
trajectories, and operational interference. It is categorized into four situational classes: offensive, defensive, 
encirclement, and maneuver situations. Each image has a resolution of 77 × 77 pixels. By establishing a 

Fig. 5.  The MSTAR image dataset (a) 2S1, (b) BRDM2, (c) T62.
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standardized visual representation framework, USCS serves as a reliable benchmark for unmanned swarm 
combat situation analysis and decision-making. Additionally, it facilitates the validation of SISA-CapsNet’s 
explainability in situational image classification tasks.

•	 Offensive Situation (Fig. 6a): The red and blue combat units are randomly distributed in the right and left 
regions of the image, respectively. The assignment of offensiveunits and their corresponding targets follows a 
random selection mechanism. The red arrows indicate the direction of offensive, with blue units targeted by 
multiple red units represented by enlarged circular markers, signifying a heightened threat level.

•	 Defensive Situation (Fig. 6b): The blue base is denoted by a blue pentagram. Blue units are randomly posi-
tioned in the center of the image, forming a defensive line, while red units are scattered across the right region. 
The situational image clearly delineates the offensive vectors of red units targeting the blue base, as indicated 
by the offensive arrows.

•	 Encirclement Situation (Fig. 6c): Blue units form combat clusters at random locations within the image, while 
red units are positioned along the periphery, creating an encirclement. A polygonal encirclement is formed 
by connecting the red units with straight lines, visually illustrating the encirclement range and the tactical 
deployment strategy.

•	 Maneuver Situation (Fig. 6d): Both red and blue units are randomly positioned on opposite sides of the im-
age. The red offensive strategy exhibits nondeterministic features, with some offensive directions targeting 
specific blue units, while others are directed toward random locations within the blue region. This strategy 
incorporates a range of tactical possibilities, including feigned offensives, flanking maneuvers, and firepower 
suppression.

Classification performance analysis
This section evaluates the classification accuracy of SISA-CapsNet using four benchmark datasets, with the deep 
learning networks ResNet-18 and AlexNet, Capsule Network (CapsNet)24, as well as the self-attention-based 
capsule network Efficient-CapsNet27 serving as comparative baseline models. The computational experiments 
were developed in PyTorch, with training executed on an Intel i5-9400F CPU paired with an NVIDIA GeForce 
RTX 2060 GPU.

MNIST performance
Figure 7 presents the training and testing accuracy of ResNet18, AlexNet, CapsNet, Efficient-CapsNet, and SISA-
CapsNet on the MNIST dataset. After 100 epochs of training, the final training and testing accuracies were 
98.72% and 98.73%, respectively. Compared to other deep learning-based and capsule-based networks, SISA-
CapsNet exhibits a moderate gap in quantitative metrics such as classification accuracy. However, it maintains 
fundamental classification performance while demonstrating significant advantages in interpretability. In the 
next section, we will validate the interpretability improvement achieved by SISA-CapsNet, alongside its usability, 
through visualization methods.

Fig. 6.  The USCS image dataset (a) Offensive Situation, (b) Defensive Situation, (c) Encirclement Situation, (d) 
Maneuver Situation.
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MSTAR performance
Figure 8 shows the training and testing accuracy of ResNet18, AlexNet, CapsNet, Efficient-CapsNet, and SISA-
CapsNet on the MSTAR dataset. After 100 epochs of training, the final training and testing accuracies were 
99.75% and 93.35%, respectively. On the training set, the networks performed similarly, with all networks 
successfully completing the MSTAR classification task. However, on the test set, ResNet and AlexNet exhibited 
significant fluctuations compared to the capsule-based networks, indicating that traditional deep learning 
architectures struggle with generalization and understanding when handling the high spatial feature demands 
and noise inherent in the MSTAR dataset. In contrast, SISA-CapsNet’s feature encoding capabilities resulted in 
more stable performance, demonstrating stronger robustness on the small sample dataset.

USCS performance
Figure 9 illustrates the training and testing accuracy of ResNet18, AlexNet, CapsNet, Efficient-CapsNet, and 
SISA-CapsNet on the USCS dataset. After 100 epochs of training, the final training and testing accuracies were 
99.99% and 99.93%, respectively. On the training set, the performance of various capsule-based networks was 
similar and superior to that of deep learning-based networks. However, on the test set, ResNet exhibited severe 
overfitting, rendering it incapable of performing situational image classification inference. Among the remaining 
networks, the proposed SISA-CapsNet demonstrated a more stable accuracy curve, highlighting its stronger 
generalization capability.

Additionally, we analyzed the parameter count of each network and measured the training time per batch 
across different datasets. These parameters, along with classification performance and interpretability metrics, 
are summarized in Table 1. As shown, the proposed SISA-CapsNet has a higher parameter count than other 
capsule networks. However, by utilizing parallel computation instead of iterative routing, it achieves reduced 
training time. Despite this improvement, SISA-CapsNet remains less efficient than EfficientNet, which leverages 
self-attention to enhance computational efficiency. This limitation becomes more pronounced on larger datasets 
but represents a necessary trade-off to achieve pixel-level interpretability.

Fig. 8.  Comparison of training and testing accuracy for ResNet-18, AlexNet, CapsNet, Efficient-CapsNet and 
SISA-CapsNet on the MSTAR dataset.

 

Fig. 7.  Comparison of training and testing accuracy for ResNet-18, AlexNet, CapsNet, Efficient-CapsNet and 
SISA-CapsNet on the MNIST dataset.
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Interpretability analysis
Leveraging the interpretable mask construction methodology detailed in Section Methods, SISA-CapsNet is 
sequentially deployed on the MNIST, MSTAR, and USCS datasets, using feature capsule coupling coefficients to 
construct spatial feature activation weight masks. Figure 10 presents the inference results for the MNIST dataset. 
In the class mask, only the correctly classified category is prominently activated and highlighted in red, while 
the masks for other categories remain uniform. For example, in the case of the digits 3 and 4, SISA-CapsNet 
effectively identifies the distinctive spatial features of these digits from various angles and forms, utilizing these 
features as key classification criteria. This process closely aligns with human interpretation, offering a clear and 
interpretable reasoning for the classification. Specifically, the curvature in the upper part of the digit 3 serves as 
a unique feature that distinguishes it from other categories, while the distinct starting and crossing points in the 
digit 4 represent unique features specific to that category.

Figure 11 displays the inference results on the MSTAR dataset. As with the previous example, the significant 
activation areas are visible in the class mask. It is apparent that SISA-CapsNet effectively differentiates between 
various vehicles based on the shadow and shape characteristics inherent in the SAR images.

Figure 12 illustrates the inference results for the USCS dataset. From the figure, it is evident that SISA-CapsNet 
effectively identifies the key distinguishing features for different categories: (a) In the Offensive Situation, SISA-
CapsNet extracts the critical feature of the intent curve, which only appears between combat units, differentiating 
it from the Maneuver Situation, where the combat units themselves are treated as the primary features in the 
Offensive Situation; (b) In the Defensive Situation, SISA-CapsNet recognizes the defensive intent curve as 
the key feature, while the offensive intent curve is regarded as irrelevant, showcasing its ability to distinguish 
between primary and secondary spatial features; (c) In the Encirclement Situation, SISA-CapsNet identifies both 
the combat units and the encirclement intent curve as the significant features for this category of images; (d) In 

Model
Name

Dataset
Name

#Param.
(M)

Batch
Time (ms)

Training
Accuracy (%)

Testing
Accuracy (%)

GPU
Friendliness

Spatial
Interpretability

ResNet18

MNIST 11.18 15 100.00 99.59 Yes No

MSTAR 11.17 17 99.79 95.60 Yes No

USCS 11.17 17 99.98 97.81 Yes No

AlexNet

MNIST 57.03 6 99.63 99.35 Yes No

MSTAR 57.03 6 98.21 88.70 Yes No

USCS 57.02 7 99.17 99.43 Yes No

CapsNet

MNIST 6.80 24 99.92 99.48 No No

MSTAR 21.47 53 99.93 93.32 No No

USCS 5.90 22 99.98 99.91 No No

Efficient-CapsNet

MNIST 1.48 12 99.57 99.39 Yes No

MSTAR 0.74 12 99.82 93.46 Yes No

USCS 1.18 11 99.98 99.95 Yes No

SISA-CapsNet
(Ours)

MNIST 8.85 11 98.72 98.73 Yes Yes

MSTAR 153.60 52 99.75 93.35 Yes Yes

USCS 32.74 18 99.99 99.93 Yes Yes

Table 1.  Comparison of algorithm performance across diverse datasets

 

Fig. 9.  Comparison of training and testing accuracy for ResNet-18, AlexNet, CapsNet, Efficient-CapsNet and 
SISA-CapsNet on the USCS dataset.
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the Maneuver Situation, SISA-CapsNet successfully highlights the non-directional intent curve as the significant 
feature of this category.

In summary, across multiple datasets, SISA-CapsNet effectively extracts spatial features that carry interpretable 
semantic information, aligning well with human understanding. This provides a safer and more reliable method 
for interpretable situational classification, offering clear decision rationale that is accessible to human users.

To further validate the interpretability of SISA-CapsNet in situational image classification, a comparison 
experiment was conducted using the widely recognized explainable image classification method, Class 
Activation Mapping (CAM)17, on the USCS dataset. CAM generates a heatmap related to a specific class by 

Fig. 11.  Interpretability of SISA-CapsNet on the MSTAR dataset visualized using spatial feature activation 
weight masks (a) 2S1, (b) BRDM2, (c) T62.

 

Fig. 10.  Interpretability of SISA-CapsNet on the MNIST dataset visualized using spatial feature activation 
weight masks (a) Handwritten Digit 3, (b) Handwritten Digit 4.
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extracting and combining the weighted features from the final convolutional feature surfaces of a convolutional 
neural network. This heatmap visually highlights the key areas in the input image that influence the classification 
decision. However, CAM has several limitations: (a) Global Average Pooling Issue. CAM relies on the global 
average pooling operation, which often causes feature loss or mixing. This makes it difficult to accurately localize 
fine-grained spatial features. (b) Network Structure Dependence. CAM is limited by its reliance on specific 
network architectures, such as CNNs with global average pooling layers. To achieve accurate interpretability, the 
baseline network must perform well on the situational image classification task.

Figure 13 compares the interpretability of CAM’s activation heatmap with SISA-CapsNet’s spatial feature 
activation weight mask on the USCS dataset. From this comparison, we observe that CAM’s activation areas do 
not align well with human understanding. Specifically, we note:

•	 Interference Activation: CAM incorrectly activates irrelevant background elements, such as lines in the Of-
fensive and Defensive Situations.

•	 Inability to Recognize Typical Features: CAM fails to effectively identify key features of certain categories, 
such as the encirclement curve in the encirclement scenario or the movement intention curve in the mobility 
scenario.

In contrast, SISA-CapsNet aligns much better with human interpretation, providing clearer and more accurate 
explanations for the classification decisions.

Fig. 12.  Interpretability of SISA-CapsNet on the USCS dataset visualized using spatial feature activation 
weight masks (a) Offensive Situation, (b) Defensive Situation, (c) Encirclement Situation, (d) Maneuver 
Situation.
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Ablation study
This section validates the contributions of the spatially invariant capsule extraction module (SI-Generator) 
and the capsule self-attention routing module (SA-Routing) in SISA-CapsNet to overall network classification 
performance and interpretability through ablation experiments. Specifically, we construct two ablation networks, 
SI-CapsNet and SA-CapsNet, to examine their effects on classification and interpretability performance. SI-
CapsNet retains SI-Generator while replacing SA-Routing with the dynamic routing mechanism of the original 
capsule network. In contrast, SA-CapsNet preserves SA-Routing while substituting SI-Generator with traditional 
convolution to generate feature capsules. Additionally, to assess interpretability, the feature planes in SA-CapsNet 
are set to match the input image dimensions. Table 2 presents the results of the ablation experiments on the 
MNIST dataset, demonstrating that removing any individual module leads to a certain degree of degradation in 
the classification performance of SISA-CapsNet.

Furthermore, we focus primarily on the impact of ablation on the interpretability of SISA-CapsNet, as this is 
the key objective in designing the network architecture. Figure 14 displays the results of the ablation experiments 
on interpretability using the MNIST dataset, revealing that only SISA-CapsNet can effectively extract key 
interpretable semantic features from handwritten digits. In contrast, networks with any ablated module exhibit 

Fig. 14.  Ablation study results of SISA-CapsNet on interpretability.

 

SISA-CapsNet SI-CapsNet SA-CapsNet

Training Accuracy (%) 98.72 98.04 97.39

Testing Accuracy (%) 98.73 98.15 96.85

Table 2.  Ablation study results of SISA-CapsNet on classification performance.

 

Fig. 13.  Comparative interpretability of CAM and SISA-CapsNet on the USCS dataset.
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unclear and difficult-to-interpret classification criteria. These findings indicate that both SI-CapsNet and SA-
CapsNet play an indispensable role in achieving the interpretability of SISA-CapsNet.

Conclusion
This paper proposes a novel Spatial-Invariant Self-Attention Capsule Network (SISA-CapsNet) to achieve 
explainable situational image classification. The network encodes interpretable features with clear semantic 
information using spatial-invariant capsules, and performs classification by linearly combining features via 
capsule self-attention routing, enabling explainable classification of situational images. Experiments were 
conducted on several datasets: the handwritten digit dataset (MNIST), the SAR image military target dataset 
(MSTAR), and the situational image dataset (USCS). The results show that SISA-CapsNet effectively identifies 
significant spatial features in the USCS dataset, which contains rich semantic information and prominent spatial 
features, and successfully performs situational classification. Compared to CapsNet and traditional deep neural 
networks, SISA-CapsNet demonstrates more stable performance. Moreover, it outperforms CAM in terms of 
clearer and more intuitive interpretability, providing a reliable solution for situational image classification.

However, our method employs a substantial parameter volume and entails significant computational 
complexity to achieve pixel-level interpretability. This limitation becomes increasingly pronounced as image 
dimensions expand, revealing an inherent trade-off between fine-grained interpretability and computational 
efficiency. Moving forward, we aim to further investigate potential solutions to this challenge. Prospective 
approaches may include introducing sparsity constraints or implementing hierarchical architectures to selectively 
activate key feature capsules. Such optimizations would maintain the network’s interpretability while enhancing 
computational efficiency, thereby improving applicability in higher-resolution imaging scenarios.

Data availability
The MNIST datasets used and/or analysed during the current study are available from the MNIST repository. 
(https://github.com/Rujiyuan/MNIST-Dataset) The MSTAR datasets used and/or analysed during the current 
study are available from the MSTAR repository. (​h​t​t​p​s​:​​​/​​/​w​w​​w​.​s​d​m​​s​.​a​f​​r​l​.​​​a​f​.​​m​i​​l​/​i​n​​d​​e​x​​.​p​h​p​​?​c​o​l​l​​e​c​​t​i​o​n​=​m​s​t​a​r) The 
USCS datasets generated and/or analysed during the current study are available in the Rujiyuan repository. 
(https://github.com/Rujiyuan/USCS-Dataset)

Code availability
The Code used and/or analysed during the current study are available from the corresponding author on 
reasonable request.
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