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Abstract
Siamese Neural Networks (SNNs) have shown promise in addressing a variety of 
tasks, even with limited data availability. However, their adoption is hindered by 
the lack of transparency in their decision-making processes. A key challenge in 
explaining SNNs lies in the absence of an inverse mapping between high-dimen-
sional input feature vectors and the low-dimensional embedding space. Therefore, 
computing direct distances between input features becomes meaningless. Existing 
autoencoder-based explanation methods face several limitations. These include poor 
image reconstruction quality due to insufficient data and the omission of final dis-
tance layer of the SNN during the explanation process. While the Siamese Network 
Explainer (SINEX) can explain audio and grayscale images, it does not support 
RGB images. To overcome these challenges, we propose a method called Features 
Distance-based eXplanation (FDbX). This approach identifies salient features us-
ing ridge regression, trained on perturbed SLIC-segmented images. To enhance the 
selection of important features, we incorporate Bayesian analysis, which assigns 
importance scores to features. To provide a comprehensive explanation of the deci-
sion route, we construct a mathematical model that represents important features 
and their Hamming distances as a bipartite graph. In this graph, nodes represent 
features and edges denote distances between feature pairs. The resulting explanation 
heatmaps highlight critical image segments, offering more intuitive and visually in-
formative explanations than existing methods. We evaluate stability and faithfulness 
of our method using stability indices such as R2 and mean squared error. To the 
best of our knowledge, this is the first work to introduce Variable and Coefficient 
Stability Indices for image datasets.
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1  Introduction

Deep Neural Networks (DNNs) have gained significant popularity due to their supe-
rior performance in terms of both accuracy and stability. These models enable machine 
learning (ML) systems to deliver reliable predictions, even for highly complex tasks 
such as medical diagnosis and autonomous driving. DNNs often rely on comparing 
objects in pairs—such as data vectors or image pairs—to learn meaningful relation-
ships. Distance metric learning is a key approach used to address this challenge by 
computing pairwise metrics that quantify the similarity or dissimilarity between data 
vectors. The core idea behind metric learning is that dissimilar objects should be 
positioned farther apart in the feature space than similar ones (Leventi-Peetz and 
Östreich 2022). Siamese Neural Networks (SNNs) are among the most fundamental 
architectures for implementing metric learning. They consist of two or more identi-
cal subnetworks and use distance-based learning techniques to distinguish between 
previously unseen classes, categorizing them into semantically similar or dissimilar 
instances (Roy et al. 2019).

SNNs (Bromley et  al. 1993a) were first introduced by Bromley and LeCun to 
address image matching problems, such as signature verification. In this setup, the 
twin network receives two distinct signature images and computes a similarity score 
between them. If the signatures are identical, the network outputs a “Yes”; otherwise, 
it returns a “No” (Bromley et al. 1993b). Extensive research has also been conducted 
on image matching algorithms like Oriented FAST and Rotated BRIEF (Zhao et al. 
2022), which extract features to generate descriptors. These descriptors are then 
compared using Hamming distance to determine image similarity. One of the key 
advantages of SNNs is their robustness to class imbalance, meaning they can perform 
well even with only a few samples per class—making them particularly effective for 
matching and verification tasks. However, despite their strong performance in clas-
sification and matching, SNNs remain largely opaque in terms of interpretability. 
Explaining the predictions or decisions made by SNNs is essential for building trust 
and reliability, especially in safety-critical domains such as medical diagnosis (Wilm-
ing et al. 2022).

Explainable Artificial Intelligence (XAI) [7] is an emerging field focused on mak-
ing machine learning models more transparent by providing insights into how predic-
tions are made, typically through textual or visual explanations. However, popular 
explainability techniques such as Local Interpretable Model-Agnostic Explanations 
(LIME) (Garreau and Mardaoui 2021) are not suitable for Siamese Neural Networks 
(SNNs) due to their unique input structure. SNNs operate on image pairs, whereas 
LIME is designed for single-instance inputs. Although several variants of LIME exist, 
none are specifically designed to handle models that require paired inputs. Explain-
ing SNNs presents several challenges. First, the input instances are either similar or 
dissimilar pairs, making direct comparisons between individual features ineffective. 
Second, there is no inverse mapping from the low-dimensional embedding space 
back to the original high-dimensional input space, which complicates interpretation. 
Finally, due to the high dimensionality of the input data, common perturbation tech-
niques—such as sliding gray squares, superpixel occlusion, or random pattern mask-
ing—cannot be directly applied to paired inputs (Utkin et al. 2021). These limitations 
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highlight the need for specialized explainability methods tailored to the architecture 
and input format of SNNs.

In addition to the challenges mentioned above, existing explanation methods for 
SNNs have several other limitations. For instance, the method proposed in Sheng and 
Huber (2019) introduces a gradient-based approach that involves training a separate 
autoencoder (AE) to generate explanations. However, this method does not incorpo-
rate the final distance layer of the SNN and instead focuses only on the embedding 
layer—a hidden layer that maps high-dimensional input data (such as images) into 
a lower-dimensional vector space. Due to limited data availability, the pre-trained 
decoder in this approach struggles to reconstruct high-quality images, which com-
promises the overall quality of the explanation. Similarly, the method proposed in 
Fedele et al. (2022) claims to effectively explain SNN decisions for audio datasets 
and grayscale images, but it is not suitable for RGB images. Furthermore, none of the 
aforementioned studies provide evaluation metrics to assess the quality or reliability 
of their explanations, leaving a gap in the validation of these methods.

In this paper, we propose a post-hoc, perturbation-based method that provides an 
explanation of the decision-making process from the input layer to the final distance 
layer of a SNN. Each image in a pair, along with its corresponding subnetwork, is 
treated as an independent model. To explain the behavior of each subnetwork, we 
train a regression model using randomly generated samples obtained by perturbing 
a SLIC-segmented version of the image. Simple Linear Iterative Clustering (SLIC) 
(Schallner et al. 2020) is a widely used algorithm that segments an image into super-
pixels, making it easier to analyze and interpret. To enhance the selection of meaning-
ful features, we apply Bayesian statistical analysis, which assigns importance scores 
to features and filters out those that are not statistically significant. This process is 
repeated for the second image in the pair, and the corresponding subnetwork high-
lights the features that contribute to its decision. The final output is a heatmap that 
visualizes the most influential features, offering a clear and interpretable explanation 
of the model’s decision. The next step in our approach involves calculating the Ham-
ming distance between the important features identified in the previous stage. Using 
this information, we construct an undirected raw graph, denoted as Gs, where the 
nodes represent superpixels or features, and the edges represent the Hamming dis-
tances between corresponding features. This graph is structured as a bipartite graph 
(Rong et al. 2022; Caro-Martínez et al. 2023) meaning its nodes can be divided into 
two disjoint sets, with all edges connecting nodes from one set to nodes in the other. 
To enhance interpretability, we apply a similarity threshold of 50%, removing all 
edges whose Hamming distance exceeds this threshold. This filtering process trans-
forms the dense bipartite graph into a sparse bipartite graph, which serves as a visual 
and structural explanation of the SNN’s decision-making process.

We evaluate the quality of the generated explanations using local fidelity, which 
measures how well our proposed method replicates the behavior of the SNN around 
specific predictions. Additionally, we assess the stability of the explanations (Visani 
et al. 2022) to ensure consistency despite minor variations in the data or model. To 
this end, we introduce two metrics: the Variable Stability Index (VSI) and the Coef-
ficient Stability Index (CSI). These indices evaluate the robustness of the explanation 
by analyzing the consistency of selected features and their associated weights across 
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different runs. To the best of our knowledge, this is the first time that VSI and CSI 
have been applied to assess the stability of explanation methods for image datasets.

To summarize, this paper introduces a novel method called Features Distance-
based eXplanation (FDbX) for explaining why a given pair of images is classified as 
belonging to the same class by a Siamese Neural Network (SNN). The key contribu-
tions of this work are as follows: 

1.	 We propose the FDbX method to explain the decision-making process from the 
input layer to the final distance layer of an SNN, applicable to both grayscale and 
RGB images. The method employs model distillation to identify and correlate 
the most influential features contributing to the prediction.

2.	 We construct an explanation bipartite graph, which serves as a deterministic 
model to visualize and interpret the SNN’s decision pathway.

3.	 To the best of our knowledge, this is the first study to introduce and apply expla-
nation stability indices—namely, the Variable Stability Index (VSI) and Coef-
ficient Stability Index (CSI)—for evaluating explanation consistency on image 
datasets.

4.	 We present both visual and stability-based comparisons, demonstrating that the 
proposed FDbX method offers more intuitive, interpretable, and reliable explana-
tions than existing SNN explanation techniques.

The remainder of this paper is organized as follows: Sect. 2 reviews the state-of-
the-art methods for explaining SNN decisions. Section 3 defines the research prob-
lem. Section 4 presents the proposed Features Distance-based eXplanation (FDbX) 
method, which explains the decision-making process of SNNs. Section 5 describes 
the experimental setup, while Sect. 6 discusses the key findings. Comparison of the 
proposed method with existing approaches is discussed in Sect. 7. Finally, Sect. 8 
concludes the paper and outlines directions for future research.

2  Related work

There are numerous attempts to explain the rationale behind DNN’s black-box deci-
sions. However, some approaches explain one particular decision (local explanation) 
while other methods provide a complete roadmap from the architecture to all pos-
sible decisions (global explanation). The XAI methods can be categorised by scope 
(local and global), approach (backpropagation and perturbation), and usage (ante-hoc 
and post-hoc) (Saleem et al. 2022). The few prominent explanation methods such as 
LIME (Garreau and Mardaoui 2021), SHapley Additive exPlanations (SHAP) (Ant-
warg et  al. 2021), and Gradient-weighted Class Activation Mapping (Grad-CAM) 
(Chakraborty et al. 2022) have been used to explain DNN models such as Convolu-
tional Neural Networks (CNNs) and Residual Neural Networks (ResNets) (Riaz and 
Smeaton 2023).

As an agnostic approach, LIME identifies the regions of an image that are most 
likely to influence the decisions of a predictive model (Ribeiro et al. 2016). In order 
to explain the prediction, LIME algorithm decomposes an image into superpixels 
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using quickshift segmentation algorithm based on color or brightness similarities. 
The random perturbation of segmented images generates new samples to train the 
surrogate model for each instance. The coefficients of the trained surrogate model 
help to highlight the important superpixels of the image. Over the past few years, 
there have been a lot of modifications in the LIME algorithm such as D-LIME 
(Zafar and Khan 2019) that is a deterministic way to explain the prediction by using 
Agglomerative Hierarchical Clustering (AHC) to group the training data, instead of 
random sampling. Alpeh-LIME (Rabold et al. 2020) divides the image into irregular 
segments and uses the core concept of Alpeh to extract symbolic rules from images. 
These rules then explain the prediction of a classifier. Next, a hybrid approach, 
Guided-LIME (Sangroya et al. 2020) uses formal concept analysis to structure the 
training data then LIME algorithm explains the outcome predicted with this struc-
tured data. M-LIME (Shi et al. 2020) modified sampling technique of LIME converts 
superpixels into undirected graphs. A clique set construction problem is formalized 
to generate samples and to find the correlation between features whereas Q-LIME 
(Bramhall et al. 2020), a quadratic version, extends the flexibility of LIME to explain 
the non-linear or quadratic relationships. A discussion of improving LIME’s fidelity 
is presented in Smooth (s-LIME) (Gaudel et al. 2022). These versions are used to 
explain different architectures such as random forest, Google’s pre-trained Inception, 
CNNs, MobileNet, XGBoost, and ResNet. Although LIME has a reasonable degree 
of accuracy and is widely used for explaining many DNNs, it still has many limita-
tions. One limitation is that it cannot explain models that deal with pairs as input 
such as in the SNN. As the resultant layer of SNN is the combination of two separate 
networks, a direct relationship between input distances does not exist, therefore, a 
direct implementation of LIME is not possible.

An explanation of SNN’s decision route has been proposed in Utkin et al. (2021) 
where the feature vector is compared with the prototype of the corresponding class 
computed at the embedding level (the SNN output). The important features at this 
level are determined as features that are close to the same features of the prototype. 
Second, an autoencoder is trained to consider the embedding level of the Siamese 
network, and its decoder part is used for reconstructing input data with the corre-
sponding changes. Numerical experiments with the well-known MNIST handwritten 
digits dataset illustrate the efficacy of the proposed method. The extension of this 
explanation method for the weakly supervised learned SNN has been discussed in 
Sheng and Huber (2019). The two well-known datasets, synthetic (randomly gener-
ated images by computer simulation) and MNIST, have been used to explain the 
explanation process of SNN. Both approaches have limitations such as the unsat-
isfactory reconstruction of images due to the limited dataset, and a huge number of 
parameters including the length of feature vectors and the number of important fea-
tures. In Chen et al. (2021), the explanation for the SNN is generated by solving the 
constrained and unconstrained optimization problems. The gradient descent ascent 
and stochastic gradient descent for KL-divergence are used to solve constraint and 
unconstrained optimization problems respectively. The resultant invariant saliency 
map explains the SNN prediction. The faithfulness and counterfactual loss are evalu-
ated on two types of datasets, tabular and graph, by the Lagrangian multiplier. This 
self-learn explanation technique also analyses the robustness of the explanation due 
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to continuous change of reference objects. Above discussed post-hoc approaches are 
all gradient-based and do not consider the last similarity distance layer and produce 
an explanation based on the encoder part of SNN.

Recently, Fedele et al. (2022) proposed a perturbation-based method, SIamese Net-
work EXplainer (SINEX), that explains SNN outcomes for an audio dataset. SINEX 
uses a perturbation approach to evaluate the contribution of segment-weighted aver-
ages to the outcome. The significant contributing area of input can be visualized 
through heatmaps. Additionally, this paper also discussed, SINEXC, a variant of 
SINEX, which explains the effects of other segments on similarity scores. However, 
they claim that the SINEX can be implemented on single-channel grayscale images 
as it is but does not work on RGB images. In this paper, we attempt to address these 
gaps by utilising the basic concept of LIME so that we can explain the decision pro-
cess from the input layer to the last distance layer of SNN. The proposed post-hoc 
approach provides an explanation to solve the issue of an unsatisfactory explanation 
of the SNN’s decisions due to the limited number of samples by perturbing samples 
for each image. Our perturbation-based approach explains both grayscale and RGB 
images. In addition, the tabular information and graph based explainability highlight 
the correlation between the important features of image pairs.

3  Problem formulation

Lets suppose that the image dataset, χ =< I, Y > consists of N- samples 
I = {I0, I1, . . . , IN−1} with associated labels Y = {Y0, Y1, . . . , YN−1}. Each Ii is 
composed of either m × n × 1 (grayscale) or m × n × 3 (RGB) data arrays. Whereas 
each Yi ∈ [0, . . . , E − 1] where E is the total number of classes. In ML, the dataset is 
usually split into two parts: learning (training) and validation (testing).

In the learning phase, SNN model F that takes two images from I = {I0, I1, . . . , IN } 
as input along with its associated labels Y = {Y0, Y1, . . . , YN }. An image-pair passes 
through the twin subnetworks of SNN to transform three-dimensional data into a one-
dimensional feature vector. Euclidean distance is used to find similarities between the 
resultant feature vectors of the image pair. The architecture of the SNN model can be 
shown in Fig. 1.

In this paper, we aim to solve the following problem: We have pre-trained SNN 
F and the objective is to establish a post-hoc explanation model G that can explain 

Fig. 1  The architecture of Siamese Neural Network (SNN)
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the learning process within F. The proposed explanation model takes the pre-trained 
SNN model F and an image pair Ii, and Ij  as inputs and returns an explanation ζ that 
discloses reasons why F has viewed these images as identical or different. Explicitly, 
ζ = G(F, Ii, Ij) is a collection of visual and tabular explanations for each image 
pair. Visualizations such as heatmaps and graphs highlight the significant features, 
while tabular information provides the Feature Distance-based eXplanation behind 
the SNN outputs.1

4  Proposed methodology

4.1  Features distance-based eXplanation (FDbX) method

In this section, a detailed description of the proposed post-hoc Features Distance-
based eXplanation (FDbX) method for SNN has been presented along with the stabil-
ity measure of our explanation approach. We divide FDbX methodology into three 
parts or blocks: (i) Feature block (ii) Correlation block (iii) Graph Construction and 
Explanation block. SNN’s predictions would be explained by using the outputs of 
each block.

Feature block consists of steps mentioned in the first block of Fig. 2 that are used 
to explain the identical subnetworks of the SNN model. The identical subnetworks 
represent the high-dimensional images as low-dimensional feature vectors. The fea-
ture block starts the process by generating the superpixels of the given input image 
pairs. The goal is to represent the images into multiple segments that are more mean-
ingful and easier to analyze. Quickshift (QS) (Garreau and Mardaoui 2021) is one 
of the algorithms used to segment images and used as a default algorithm to gener-
ate superpixels in LIME. QS provides a reasonable explanation for images but this 
algorithm does not offer a control parameter for the number of superpixels. Other 
prominent algorithms for superpixel generation are Felzenszwalb, Watershed, and 

1 For mathematical notations and explanation: see Appendix A.

Fig. 2  Flow diagram of Features-Distance based eXplanation (FDbX) method

 

1 3

Page 7 of 32  73



R. Saleem et al.

Simple Linear Iterative Clustering (SLIC) (Schallner et al. 2020). Only SLIC offers 
control over the number of superpixels (Achanta et  al. 2012). For this paper, the 
superpixels for each image have been generated by SLIC. To explain the decision 
route of the SNN model, we use the concept of a model distillation where a simple 
model is trained to imitate the complex model. In our proposed approach, we distill 
SNN into the ridge regression model. The prerequisite to training the ridge regression 
model is the availability of data samples that can be obtained by segmented images. 
The key to generating new data samples is to split the image into superpixels and 
replace these superpixels with the mean color of the superpixels. These superpixels 
are randomly replaced with two possibilities: on = active = 1 and off = inactive = 

0. With a Bernoulli random variable of parameter 1
2 , each new sample consists of a 

set of random interpretable features that have a 50/50 chance of either being 0 or 1. 
This data generation technique is used in XAI techniques like LIME or SHAP since 
it allows the model to focus on informative regions, rather than assessing the impor-
tance of each region.

In ridge regression, a regularization term is added to the loss function of linear 
regression to avoid overfitting. Hence, the cost function for N-samples ({Xi, Yi}N

i=1) 
where each Xi has l-dimensional features vector can be written as.

	
arg min

β0,β
{ 1

N

N∑
i=1

(Yi − β0 −
l∑

i=1
βjXij)2} + α

l∑
j=1

β2
j � (1)

The β′s in equation 1 are the learned feature weights, also known as coefficients. The 
weight β0 without feature is called intercept. The value of β′s can be determined by 
the following estimator

	 β = (XT X + αI)−1XT Y � (2)

The regularization coefficient α helps shrink the coefficients towards zero to improve 
the performance of the predictive model. Here, we chose these non-zero coefficients 
as K important features. Based on the residual sum of squares, the leave-one-out 
approach has been used to compute the importance of each K feature by removing 
one feature at a time from the final model. The importance score is normalized by 
dividing the score by the sum of all important scores, that is, K̂m = Km/

∑
n Kn to 

improve the integrity of the data. The sum of normalized important scores for all fea-
tures should be 1 and the significance level of choosing K ′ significant features from 
K features is 0.05. Therefore, K ′ is a set of features excluding non-significant and 
unimportant K features. This step allows us to keep only those features that have the 
greatest impact on the SNN’s decisions. Every image from the input of SNN follows 
these steps and explains the functionality of only the twin subnetwork part of SNN, 
i.e. starting from the input image pairs to the resultant feature vectors. To convert the 
multi-dimensional output of the convolutional layers into a one-dimensional feature 
vector, SNN used flatten layers. In the proposed method, after identifying K ′ impor-
tant features, we extract those features from each image, the resultant feature vector 
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is of shape (number of images, K ′) containing only values 0 or 1. The next task is to 
find the correlation between these K ′ important features of image pairs.

Correlation block In SNN, the Euclidean distance between the two feature vec-
tors of given input images decides whether the given image pair belongs to the same 
class or not. In our explanation method, we attempted to explain this decision in a 
correlation block. The main purpose of this correlation block is to present tabular 
information for each image pair. The tabular information consists of the distances 
between the K ′ features of the given image pair. Hamming, Euclidean Minkowski, 
and Manhattan have been commonly used distance metrics in matching problems 
(Suárez et al. 2021). The Hamming distance is widely used in many features match-
ing algorithms such as the brute-force matching method ORB (Zhao et al. 2022) and 
works well when dealing with binary data of the same length. Hence, we select the 
Hamming distance to measure similarity/dissimilarity between feature vectors gener-
ated by activation(1) and inactivation(0) of superpixels. Hamming distances between 
vectors of equal length can range anywhere from 0 to any integer value. In this situ-
ation, we normalize the distance value by taking the ratio of the Hamming distance 
to the length of the vector. Mathematically, we define Hamming distance as follows:

Definition 1  Hamming distance is a metric to find the sum of corresponding elements 
that differ between two equal-length binary vectors say ui and vi.

	

Hdist =
∑k

i=1 |ui − vi| ≥ 0 and
Hdist = 0 ⇐⇒ ui = vi

Ĥdist = Hdist

∥u∥

� (3)

The Hamming distance between feature vectors corresponding to similar images 
should be smaller than the different images. We enclosed information about the fea-
ture importance of image pairs along with their Hamming distances in a tabular for-
mat to understand the relation between superpixels of input images. Next, we discuss 
the construction process of an explanation graph for SNN.

Graph construction and Explanation block We translate the tabular information 
into a raw graph to construct an ’Explanation Graph’ for SNN. The important K ′ fea-
tures from each image are the nodes of the graph and these nodes are linked (edges) 
by the Hamming distance d between them. The number of nodes and edges depends 
on the size and complexity of the object in the given images. It is easy to explain tiny 
objects such as insects with a few features, but larger or more complex images like 
medical images require more details to be understood (Ucer et al. 2022).

Definition 2  An undirected graph GS  is defined as a set of nodes ℵ with O dimen-
sional attributes and edges ε with S dimensional attributes in equation 4.

	

GS = {ℵ, ε}
ℵ = { K ′

i ∈ RO | i = 1, 2, ..., M }
ε = { di ∈ RS | K ′

i, K ′
j ∈ ℵ }

� (4)

1 3

Page 9 of 32  73



R. Saleem et al.

In Fig. 3a, the similarity between tiny insect images can be identified by a few num-
bers of features, say K ′

i and K ′
j  be the two set of important features of the given 

image pair. Note that in Fig. 3b, we have two disjoint sets of nodes (features) K ′
i and 

K ′
j  that are linked with each other by distances between them but there are no edges 

within the same node set. This is the type of graph known as Bipartite graph.
Now, there are ways to explain the decision-making process of SNN. Based on 

the feature distance-based tabular information, we can interpret why the two images 
are predicted as being identical by considering the diagonal values of the tabular. A 
bipartite undirected graph is a visual aid to understanding this explanation. The deter-
ministic way to explain the SNN’s predictions is to develop a mathematical model 
based on the constructed undirected bipartite explanation graph. One of our future 
challenges will be to develop this mathematical model. To explain the SNN outputs, 
there are many possible pairs to choose from the total number of images N.E. Where 
N is the number of samples for E classes. The total number of unique pairs can be 

calculated by the combination formula N.E(N.E−1)
2 .

4.2  Stability and local fidelity of FDbX method

There is an intuitive assumption that the explanation method should adhere faithfully 
to the original model behaviors; otherwise, the explanation results are not acceptable. 
Further, the explanation method must be stable when explaining similar inputs. Due 
to the random sampling in the feature block of our proposed FDbX method, there is 
a high probability of instability in the explanation. Therefore, we discuss stability 
and local fidelity to evaluate the trustworthiness of our proposed FDbX method. To 
ensure the stability of the FDbX method, we need to define a formal description of 
the framework.

Consider a black box B with Q variables, a particular instance x is chosen to 
explain with fixed q variables. The ridge regression model g in the feature block can 
be defined as a mapping between the set of variables ν and corresponding coefficients 
g : ν −→ R. 

1.	 Stability: Weights (coefficients) and features (variables) are vital components 
of our proposed explanation method. Therefore, the stability of coefficients and 

Fig. 3  Graph construction for image pairs: Superpixels are nodes and distance between nodes are edges
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variables ensures the stability of the explanation. In 2020, two statistical stabil-
ity indices, Variable Stability Index (VSI) and Coefficient Stability Index(CSI) 
(Visani et al. 2022), were introduced to check the stability of LIME but for tabu-
lar datasets. Standard Deviation (SD) of the coefficients is another stability met-
ric for the explanation method, discussed in Shankaranarayana and Runje (2019). 
We present below three metrics to check the stability of the FDbX method. To 
our knowledge, this is the first time that VSI and CSI have been presented as 
stability indices for image datasets. Standard Deviation (SD): We iterate the g 
model for p times for a particular instance x. We use p coefficient values to cal-
culate the SD of each feature and then find the average of SD for all features. 
Another stability metric is the SD to mean ratio. Since coefficients tend to have 
a wide range, they can be normalized by dividing them by the mean. To study 
the effect of dataset size on stability, we use these stability metrics with different 
numbers of generated data points to train the ridge regression model. A lower SD 
value would be better as it indicates that data is more clustered around the mean. 
Variable Stability Index (VSI): The variable composition of p generated g mod-
els can be computed by VSI. To calculate this index, we measure concordance 
among p explainable models as (ga, gb) pair. νa and νb represent variables of 
respective ga, gb explainable models. The mathematical formulation to check the 
compatibility of all possible combinations of g models is 

	

pairs = (ga, gb)
νa = {feature ϵ ν : ga(feature) ̸= 0}
νb = {feature ϵ ν : gb(feature) ̸= 0}

Concordance(ga, gb) = |νa ∩ νb|

� (5)

	  This equation with Concordance(ga, gb) returns the number of those variables 
that are common in both ga and gb models. The VSI value varies from 0 to 100 as 
a percentage based on the average concordance value for all possible combina-
tions. When the percentage is higher, it indicates more similar variables in p iter-
ated g explainable models. Coefficient Stability Index (CSI): To investigate the 
similarity between the coefficients of p-generated explanation models, CSI relies 
on the statistical distribution of coefficients and deals with confidence intervals 
(CI). 

	

CI(g(feature)) = [g(feature) − 1.96 × SD(g(feature)),
g(feature) + 1.96 × SD(g(feature))]� (6)

	  Equation (6) helps us in finding the confidence interval for all possible combina-
tions. If the confidence intervals of different model’s features are overlapped to 
some extent, stability is guaranteed under investigated explainable models. For 
this purpose, we use the binary function that takes a pair of confidence intervals 
CI(pair) = (CIa, CIb) as input. 
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Overlap(CI(pair)) =

{
0, CIa ∩ CIb = ∅
1, otherwise � (7)

	  Equation 7 returns value ranges from 0 to 1 based on the presence of overlap. In 
order to better understand the index, consider it as a percentage and scale it from 
0 to 100 (Visani et al. 2022). More stability of coefficients in the neighborhood 
of the chosen feature can be guaranteed if CSI attains a value closer to 100.

2.	 Local Fidelity: Local fidelity describes how closely an explanation method mim-
ics the ML model. An explanation needs to be high-fidelity, as high fidelity must 
have high explanation accuracy. To test how closely the FDbX method mimics 
the SNN model, we compute R2 scores that explain how well the model has fit 
on the generated data points. We also find Mean Square Error (MSE) between 
local model prediction and SNN prediction to test the local fidelity of our pro-
posed FDbX method. To find the best local fit, we compute R2 and MSE values 
by varying numbers of data points and superpixels. Another parameter for com-
parison is to study the impact of different segmentation algorithms on the FDbX 
method. Therefore, we also compute R2 and MSE for these two metrics for SLIC 
and QS segmentation algorithms.

5  Experimental setup

We evaluated the proposed FDbX method using a public dataset (MNIST) as well as a 
new dataset of western flower thrips (WFT). The MNIST is a (28 × 28 × 1) grayscale 
handwritten digit dataset that has 60,000 training and 10,000 testing samples.2The 
second dataset consists of images of tiny insect WFT of size 1.0 - 1.2 mm. The WFT 
dataset contains only 20 training and 10 testings RGB samples as SNN learns and 
performs well with only two to five samples i.e. few-shot learning. All images of 
WFT are (300 × 300 × 3) pixels.3

A conventional SNN consists of two identical subnetworks, for this study, the 
twin subnetwork is a convolutional neural network. Each subnetwork consists of 
three convolutional layers, max-pooling layers, and the relu activation function. The 
flattening layer is followed by a global average-pooling layer. Both CNNs accept 
three-dimensional input image pairs that are transformed into one-dimension by the 
flattening technique, shown in Fig. 4.

The difference between one-dimensional embedding features is calculated by L2 
Euclidean distance metric (see equation 8), which is the output of SNN (see Fig. 2).

	
L2 = ||xi, xj || =

√√√√
n∑

i=0
(xi − xj)2� (8)

2 Data openly available in a public athttp://yann.lecun.com/exdb/mnist/
3 Data available on request from the authors.
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If two feature vectors xi and xj , are dissimilar, then they should be separated by 
a large Euclidean distance. A variety of loss functions are discussed in the article 
(Polela et al. 2020) with particular emphasis on minimizing or maximising distances 
between inputs. For example, the contrastive loss function can be defined for two 
feature vectors as

	
L(xi, xj , zij) =

{
||hi − hj ||22 zij = 0
max(0, ϕ − ||hi − hj ||22) zij = 1 � (9)

Where hi and hj  are new representations of embedding vectors. The Euclidean dis-
tance between these two embedding vectors is zij = 0 for similar inputs and zij = 1 
for dissimilar inputs. Note that ϕ in the above equation is the predefined threshold 
that indicates that dissimilar pairs that are beyond this margin will not contribute 
to the loss. The max function is used to pick the higher value between 0 and ϕ - 
||hi − hj ||22. The total error is defined as

	 L(Ω) =
∑

L(xi, xj , zij) + µR(Ω)� (10)

Where L is a function of Ω which is the matrix of parameters of subnetworks of SNN 
and µ as a hyperparameter to control the strength of regularization. Basically, equa-
tion 10 is formulated by adding the regularization term R(Ω) into the loss function 
(equation 9). The regularization term is added to improve the generalization of neural 
networks. For MNIST, we have selected learning rate= 0.01, batch-size= 16, and 
epochs=50 and achieved 90% training accuracy. For WFT, we have selected learning 
rate = 0.0006, batch-size = 5, and epochs = 100 and achieve 67% training accuracy. 
The learning rate, batch size, and epochs have been selected by trial and error. The 
explanation model’s stability is affected by the accuracy of the model, so we use a 
random search technique to find the best hyperparameter configuration.

To implement the proposed FDbX method on the pre-trained SNN model, we 
used the Google Colab notebook environment for model training and testing pur-
poses which provides free GPU access. The environment offered the Intel Xeon CPU 
@2.20 GHz, 13 GB RAM, Tesla K80 accelerator, and 12 GB GDDR5 VRAM and 
comes with preinstalled Python 3.x packages and Keras API with backend Tensor-
Flow 2.14.0. A statistical tool IBM SPSS Statistics 28.0 has been used for assigning 
importance scores to features [33].

Fig. 4  The architecture of SNN’s subnetworks
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6  Results and discussion

This section discusses the results generated by the proposed FDbX method, applied 
to two datasets, WFT and MNIST. We present a comparison of our proposed FDbX 
method with the existing autoencoder (AE)-based explanation method. We also 
implemented the FDbX method on the CIFAR-10 dataset to explain the SNN’s 
predicitons.4

6.1  FDbX for tiny insect matching

Figure 5 and 6 explain the first six steps of the proposed FDbX method. The refer-
ence image in Fig. 5 is fixed and makes pairs with the given four query images. The 
second and third columns show examples of segmentation and samples generated by 
these segmented images.

For segmentation, we used the SLIC algorithm and divided each image into 100 
segments. The fourth column displays the explanation results returned by training 
the simple model to imitate the complex model (model distillation). The light blue 
areas highlight important features K for explanation while the black area indicates 
segments of zero influence on explanation. To ensure this, we compare our results 
with LIME (fifth column) which highlights the same portion of images while gen-
erating explanations. Figure 6a displays the feature weights of an image for each 
segmented pixel. From this, we picked the top K = 10 important features for the 
WFT. Figure 6b assigns an importance score to each K feature. The first three features 
(VR000041, VR000034, VR000037) have the greatest importance score of 0.969, 
0.028, and 0.002 respectively. Other K features such as VR000004 have zero impor-
tance. The yellow highlighted column represents the result of the significant test that 
determines whether the given features are good predictors or not. Conventionally, if 
p − value < 0.05 features are statistically significant and Fig. 6b shows that only the 
last feature (VR000004) with zero importance is not statistically significant accord-
ing to the rule. The above analysis and importance score allow us to pick K ′ = 3 
features to explain the WFT images.

Based on the importance score, we compute the Hamming distance between 
K ′ features of image pairs (steps 7 and 8 in Fig. 2). Let’s imagine differ-
ent images (RI0, QI1, QI2, QI3, QI4) to make pairs (RI0, QI1), (RI0, QI2), 
(RI0, QI3), (RI0, QI4), (QI1, QI2), (QI3, QI4), (QI1, QI3) and (QI2, QI3). The 
distances between K ′ features of the four image pairs (RI0, QI1), (QI1, QI2), 
(QI3, QI4), (QI1, QI3) are represented in Tables 1, 2, 3, and 4 respectively.5 The 
weight and importance of each feature are presented in parentheses along with the 
feature name. In Table 1, the first feature has 1.00 importance score, and all other 
features have zero importance, so only consider the distance of the feature F30 with 
the first feature F60 of the second image. For all other pairs, the explanation is based 

4 Supplementary file: similarity/dissimilarity between image pairs of CIFAR-10 dataset are explained by 
FDbX method in detail.
5 Supplementary file: see explanation tables of image pairs (RI0, QI2), (RI0, QI3), (RI0, QI4) in sup-
plementary file.
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Fig. 6  Weights and importance score of features for WFT dataset

 

Fig. 5  Visual results of Features Block for four images: namely reference image RI0 in the first row 
and query images from second to fifth row QI1, QI2, QI3, QI4. Features extraction from each image 
involved the following steps a SLIC Segmentation (second column) b Sampling (third column) c Ex-
planation with K′ features (fourth column) d Explanation with LIME (fifth column)
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on the average distance of important features. For this study, we define threshold ϕ as 
H
2  if H is the feature vector’s length.

Table 5 gives a compact form explanation for these image pairs. If the image pair 
is the same the ‘True’ column has a value of 1 otherwise it is 0. SNN’s predictions 
are based on the Euclidean distance and the sigmoid function has been used to dis-
play prediction in the range [0, 1]. A value closer to 1 implies that the image pairs 
belong to the same class while a value closer to 0 implies they are different. The last 
column explains the predictions of SNNs based on our FDbX method. The threshold 
value for this paper is 75, the image pairs belong to different classes if the Ham-
ming distance is greater than 75. From the above discussion, the pairs (RI0,QI1), 
(QI1,QI2), (RI0,QI3) and (RI0, QI4) can be declared as "same images" as they 

Table 1  Weights and Importance of K′ features for the image pair (RI0, QI1)
 Feature (Weight,Importance)
(RI0)

F30 (0.78,1.00) F52 (0.00,0.00) F56 (0.00,0.00) F53 (0.00,0.00)

Feature (Weight,Importance) (QI1)
F60 (0.49,0.70) 2 83 76 85
F54 (0.28,0.30) 71 79 74 87
F06 (0.053,0.00) 80 74 81 62
F96 (0.052,0.00) 62 74 67 80
The highlighted Hamming distances are distances between the K′ important features

Table 2  Weights and Importance of K′ features for the image pair (QI1, QI2)
 Feature
(Weight,Importance)
(QI1)

F60
(0.49,0.70)

F54
(0.28,0.30)

F06
(0.053,0.00)

F96
(0.052,0.00)

Feature (Weight,Importance) (QI2)
F40 (0.044,0.60) 73 71 73 71
F49 (0.041,0.35) 77 73 81 73
F92 (0.021,0.02) 70 68 74 68
F07 (0.020,0.01) 78 72 78 66
The highlighted Hamming distances are distances between the K′ important features

Table 3  Weights and Importance of K′ features for the image pair (QI4, QI3)
 Feature
(Weight,Importance)
(QI4)

F34
(0.59,0.86)

F44
(0.170,0.063)

F03
(0.022,0.007)

F51
(0.012,0.00)

Feature (Weight,Importance) (QI3)
F41
(0.519,0.97)

67 70 68 83

F34
(0.095,0.028)

72 71 79 74

F37
(0.035,0.002)

85 84 70 81

F04
(0.033,0.00)

70 77 81 70

The highlighted Hamming distances are distances between the K′ important features
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satisfy the required threshold condition and all other pairs are "different images" as 
the Hamming distance between image pair is more than the defined threshold. Table 5 
shows that out of 8 predictions, our proposed method explains 6 predictions correctly. 
Next, we initialize the process of constructing an explanation graph by utilizing all 
the extracted information about features and the distances between them.

We discussed in Sect. 4 that graph construction is a way to explain the decision 
in the proposed FDbX method. Next, we will construct a graph with two indepen-
dent sets of nodes without any shared edges to form a special type of graph called a 
Bipartite graph. Therefore, we would discuss a formal definition of a Bipartite graph 
before discussing how an explanation graph can be constructed for the WFT dataset.

Definition 3  A graph GS = {ℵ, ε} is bipartite if it has two independent sets of nodes 
K ′

i and K ′
j  such as K ′

i ∪ K ′
j  = ℵ and K ′

i ∩ K ′
j  = ∅ and every edge connects nodes 

from K ′
i to K ′

j  or from K ′
j  and K ′

i. With K ′ number of nodes bipartite graph has 
1
4 × K

′2
 possible number of edges.

Table 4  Weights and Importance of K′ features for the image pair (QI1, QI3)
 Feature
(Weight,Importance)
(QI1)

F60
(0.49,0.70)

F54
(0.28,0.30)

F06
(0.053,0.00)

F96
(0.052,0.00)

Feature (Weight,Importance) (QI3)
F41
(0.519,0.97)

86 81 69 85

F34
(0.094,0.028)

66 83 69 69

F37
(0.035,0.002)

73 74 74 75

F04
(0.033,0.00)

79 82 86 67

The highlighted Hamming distances are distances between the K′ important features

Image pairs True SNN outcome = 
Prediction

Hamming 
distance = our 
explanation

(RI0, QI1) 0 0.70 = 1 72 = 1
(RI0, QI2) 1 0.71 = 1 74 = 1
(RI0, QI3) 0 0.35 = 0 87 = 0
(RI0, QI4) 1 0.62 = 1 78 =0
(QI1, QI2) 1 0.70 = 1 73 = 1
(QI3, QI4) 1 0.72 = 1 69 = 1
(QI1, QI3) 1 0.40 = 0 84 = 0
(QI2, QI3) 0 0.61 = 1 77 = 0

Table 5  True value, predictions 
and the explanation generated 
by the proposed FDbX method 
for different image pairs
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6.1.1  Construction of explanation graph

Figure 7 depicts a graph where important features of image pairs are nodes that are 
linked (edges) by the distance between them. The green and blue rectangles depict 
the first and second most important features and in the WFT dataset, these rectangles 
explain 90% of the target object. The white hollow rectangles represent features with 
zero importance. Different colors (orange, light green, purple, dark red, and light 
blue) of edges are used to differentiate image pairs while keeping one image fixed as 
the reference image.

For example, orange edges have the Hamming distance values for all image 
pairs (RI0, QI1), (RI0, QI2), (RI0, QI3) and (RI0, QI4) (see Table 5). Similarly, 
the nodes and edges for pairs (RI1, QI2), (RI1, QI3), (RI1, QI4) and (RI2, QI1), 
(RI2, QI3), (RI2, QI4) are mentioned in light blue and light green colour respec-
tively. The purple edges explain the distance between pairs (RI3, QI1), (RI3, QI2), 
(RI3, QI4) and the dark red edges explains the distance for (RI4, QI1), (RI4, QI2), 
(RI4, QI3) pairs. This graph becomes wider and more complex if the number of 
images increases in the dataset. In Fig. 7, we try to explain the concept of the graph 
construction process for every image pair. Our future aim is to convert this con-
cept into a mathematical model to generate a trustworthy deterministic explanation 
for SNN models. Next, to have trust in the explanations generated by the proposed 
method, we check the stability and fidelity of the FDbX method.

Fig. 7  The constructed explanation graph of each image pair
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6.1.2  Trustworthiness of our explainability approach

In this section, We are going to discuss the trustworthiness of the FDbX method 
because, without trustworthiness, users may not be able to take appropriate actions 
based on DNN’s predictions. For this, here we consider the tiny insect WFT dataset.

	● Standard Deviation (SD): In order to measure stability, we run g explanation 
model p = 10 times and compare the standard deviations of the coefficients. First, 
we compute the standard deviation for each feature across ten iterations, and then 
we average all standard deviations. Another stability metric is to compute the SD 
to mean ratio (SD/mean). As coefficients tend to have varying ranges, dividing 
by mean serves as a form of normalization. The explanation method appears to 
be more stable, or consistent when the SD and SD/Mean ratio have low values. 
We repeat the calculation of the aforementioned two stability metrics to check the 
effect of different sizes of data points such as 150, 200, 250, 300, and 350. Figure 
8a, 8bshow that SD and SD/mean values are decreasing with the increasing size 
of the dataset. This shows the stability of the FDbX method in terms of SD and 
SD/mean metrics.

	● CSI and VSI: Presumably, this is the first time these indices have been used to 
check explanation stability for any image dataset. The process of finding VSI 
and CSI for an image dataset is described as follows. We take an image and all 
its generated samples as an instance and then calculate VSI and CSI for each 
generated sample. The explanation stability for that one image is the average 
of VSI and CSI of all generated samples. A higher percentage indicates that the 
same variables and coefficients have appeared for p times leading to an iterative 
explanation method. We compute these two indices for WFT test dataset. Figure 
9 shows the satisfactory stability of the FDbX method for the WFT dataset using 
the CSI and VSI values.

	● Local Fidelity: Other than stability, local fidelity is another criterion to check the 
reliability and trustworthiness of an explanation method. We test local fidelity 

Fig. 8  Standard deviation as stability metrics: a Average SD of all features with the increasing number 
of data points (lower is better) b SD/Mean of all features with the increasing number of data points 
(lower is better)
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by computing R2 scores and mean squared error (MSE) considering the differ-
ent sizes of the data points. We vary the number of data points such as 100, 150, 
200, 250, 300 and 350 to study the effect of the data size. It is evident from Fig. 
10aand 10bthat the proposed FDbX method provides a better local fit with the 
SLIC algorithm. We also compare the R2 score and MSE of our proposed FDbX 
method with SLIC and QS. In terms of both metrics, FDbX method with SLIC 
closely mimics the SNN model. In the next section, we implement the proposed 
FDbX method on the online available digit dataset MNIST. We illustrate the 
FDbX method for different pairs with different SNN outcomes. In addition, we 
present a comparison with one of the existing methods in the following section.

Fig. 10  Comparison between FDbX and LIME methods for local fidelity. R2 score vs datapoints of a 
regression model with different numbers of superpixels(higher is better). MSE vs datapoints of a sur-
rogate model with different numbers of superpixels (lower is better)

 

Fig. 9  VSI and CSI for different Images(range: 0–100 %) for LIME and FDbX method. High values 
for both indices ensure stability
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6.2  FDbX for MNIST digit matching

MNIST is widely used as a benchmark for comparing machine learning algorithms. 
The dataset consists of images of ten classes of digits (from 0 to 9). Each image has 
an associated label that corresponds to a digit. The implementation process of the 
FDbX method is the same as for the WFT dataset. However, the number of important 
features chosen to explain SNN prediction is different in MNIST because of the size 
of the object i.e. digit. Initially, we select K = 20 important features that reduce to 
8 to 10 K ′ features according to the assigned importance scores. Figure 11 presents 
results executed by the FDbX method for an image pair of the same digit 1. The 
heatmaps in the last column highlight important regions of both images that we chose 
from the third column graph. Table 6 calls attention to those features which have the 
highest importance scores.

Next, use the information from Table 6 to generate an undirected graph as shown 
in Fig. 12afor the given digit pair. The raw undirected graph is a bipartite as it is con-
structed with two independent sets of nodes, for digit pair 1, each set has 8 nodes. The 
possible number of edges in the raw undirected graph is 64. The solid black edges 
in Fig. 12aa is the distance less than the threshold and dotted blue edges indicate the 
distance greater than the threshold. Remember for MNIST, we have the same thresh-

Table 6  The highlighted area are Hamming distances between the K′ features for digit pair 1

Fig. 11  Features distance-based eXplanation(FDbX) method for digit pair 1
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old 75. The threshold value controls the number of edges and preserves edges with 
distances less than the threshold. We simplified the graph by removing the edges that 
have a Hamming distance greater than the threshold. Hence, the graph in Fig. 12bis 
the simplified bipartite graph with 34 edges. We outline nodes with the same color 
that is on the diagonal of Table 6 to mention which node and edges we consider to 
explain the SNN’s output. In the future, we will use this constructed graph to provide 
a mathematical explanation that will allow us to pick the most efficient explanation 
path.

Figures 13, 14 and 15 show more examples of explanations returned by the FDbX 
method for the MNIST dataset. Figure 13 presents a correct explanation for digit 
pair 9. Based on SNN, the given digit pair is predicted to belong to the same class. 
Our FDbX method explains the similarity between the given digit pair by explain-
ing that the Hamming distance between important features is less than the threshold 
(see Table 7). On the other side, the FDbx method correctly explains that the digit 
1 and digit 0 belong to different classes. Figure 14 highlights important features of 
different images and Table 8 explains that the distance between them is greater than 
the threshold. The given tabular information explains in terms of distance why SNN 
model predicts these images as different.

Fig. 13  Features distance-based eXplanation (FDbX) for digit pair 9

 

Fig. 12  Explanation graph generated by FDbX method for digit pair 1. a a raw graph with all possible 
edges between nodes b a simplified graph with selected edges under the value of threshold
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Another interesting case is when the same digit from MNIST is incorrectly 
explained by the proposed FDbX method. This case is demonstrated in Fig. 15 and 
Table 9. The SNN predicts that the given images of digit 0 belong to the same class 
but the distance information given in tabular format indicates that the given image 
pair is different. Hence, the proposed FDbX method incorrectly explains the SNN’s 
prediction for digit 0.

In this section, we illustrate four examples from MNIST of which three are cor-
rectly explained by the proposed FDbX method. Next, we present a comparison of 
our method with the existing autoencoder(AE)-based method for the MNIST dataset.

In the next section, we compare our proposed FDbX method with the existing 
XAI methods: LIME and Autoencoder-based SNN explanation method. The first 
Sect. 7.1 compares our explanation with the LIME method on the WFT dataset. In 
the second Sect. 7.2, we present an explanation comparison of the SNN’s predic-
tions on the MNIST dataset with the proposed FDbX method and Autoencoder-based 
explanation.

Fig. 15  Features Distance-based eXplanation (FDbX) for digit pair 0

 

Fig. 14  Features distance-based eXplanation (FDbX) for digit pair 0 and 1
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7  Comparison with the existing XAI method

7.1  Comparison with the existing LIME method

As can be seen in Fig. 5, the fourth column represents the explanation generated by 
the proposed FDbX method using 100 superpixels and K ′ = 4 important features 
for the WFT dataset. Whereas the last column shows the LIME explanation for each 
image. Using Python’s LIME package for images, the quickshift segmentation algo-
rithm generates the random number of superpixels (greater than 100) for the given 
images. Each image takes K ′ = 8, 9, 8, 10, and 15 important features respectively to 
give an adequate explanation by LIME. We further compare the trustworthiness of 
LIME with the FDbX method in Sect. 6.1.2. We run both explanation methods p = 
10 times for each image to check the coefficients and variable stability of LIME and 
FDbX methods. Based on the stability indices (see Fig. 9), our proposed method is 
more stable for most images than LIME. In Fig. 10, we can observe that the FDbX 
method (using SLIC) is locally more faithful than LIME (using QS).

7.2  Comparison with the existing autoencoder-based explanation method

We compare the proposed FDbX method with the existing autoencoder(AE)-based 
explanation method of SNN for the publically available MNIST dataset (Utkin et al. 
2021). In the AE-based method, the feature vector is compared with the prototype 
of the corresponding class computed at the embedding level (the SNN output). The 
important features at this level are determined as features that are close to the same 
features of the prototype. Second, an autoencoder is trained to consider the embed-
ding level of the Siamese network, and its decoder part is used for reconstructing 
input data with the corresponding changes. Essentially, AE-based explanation method 
is trained as a separate autoencoder (AE) for each image of SNN and the decoder part 
reconstructs the image corresponding to the subnetwork.

If the size of the dataset is small the reconstruction of the image using the decoder 
part is not satisfactory, hence the authenticity of the AE-based explanation method 
is compromised. In the comparison, the availability of limited data may not affect 
our explanation as we perturb samples before generating an explanation for each 
instance. Heatmaps in Fig. 16 show the explanation of the MNIST dataset with the 
different number of important features. The first column is actual image pairs that 
are predicted as the same class images. The second and third columns highlighted 
the important 10 and 12 features that FDbX method highlighted while generating the 
explanation. Using the same number of features, the AE-based explanation recon-
structs the images. The heatmaps of FDbX method with the K′ features give a more 
clear explanation for MNIST than the existing autoencoder (AE)-based method. In 
addition, we provide a tabular and graphical explanation based on the K′ feature 
distance. The notation and mathematical expressions used in this paper are listed in 
Table 10.
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8  Conclusions and future directions

In this paper, we proposed a novel method called Features Distance-based eXplana-
tion (FDbX) to interpret the decisions made by Siamese Neural Networks (SNNs) 
by correlating important features from a given input image pair. To generate expla-
nations, we employed a model distillation technique that trains a simpler surrogate 
model to extract and highlight the features contributing to the predictions of the more 
complex SNN. By assigning importance scores to the extracted features, our method 
focuses attention on the most relevant aspects of the input that influence the decision-
making process. Since SNNs base their decisions on the distance between feature 
vectors, our approach mimics this behavior by computing the Hamming distance—
but only between the most important features. These features and their distances 
are represented as nodes and edges in an undirected bipartite explanation graph. A 
threshold is applied to filter out less relevant edges, transforming the dense graph 
into a sparse one that captures only the most critical features. This not only enhances 
interpretability but also reduces the computational cost of model training. We demon-
strate that a few high-precision matches are sufficient to explain a learning decision 
effectively. The implementation of FDbX on two datasets shows that our method 
provides satisfactory explanations of SNN predictions. Through extensive experi-
mentation, we confirmed that FDbX achieves both local fidelity and stability, and 
significantly outperforms existing autoencoder-based approaches in terms of visual 
clarity and interpretability.

In future research, we aim to enhance the representation of the FDbX method to 
identify the most efficient explanation paths and improve confidence in the inter-
pretability of SNNs. One direction involves transforming the bipartite graph into 
a signed bipartite network, where edges are labeled as positive or negative based 
on feature relevance. This will allow the method to focus only on highly impor-
tant nodes with positive edge labels, further reducing computational complexity. We 
also plan to explore mathematical approaches to feature extraction, such as using 
wavelet transforms instead of training a surrogate model for each instance. Wavelet 
transforms decompose an image into coefficients that represent energy distribution 

Table 8  The highlighted area are Hamming distances between the K′ features for digit pair 0 and 1
 Features 
(Importance) 
Digit 0 (1st row 
image)

 F41 
(0.240)

 F49 
(0.173)

 F68 
(0.124)

 F52 
(0.112)

 F58 
(0.087)

 F33 
(0.050)

 F43 
(0.040)

 F56 
(0.036)

 F38 
(0.026)

Features (Importance) Digit 1(2nd row image)
 F59 (0.330)  76  80  71  73  73  77  75  77  84
 F33 (0.244)  72  77  78  82  68  70  82  72  79
 F46 (0.109)  72  75  78  82  68  70  82  72  79
 F24 (0.069)  76  71  60  84  80  64  74  80  69
 F68 (0.055)  85  82  81  73  81  73  70  79  70
 F27 (0.054)  69  76  87  75  83  67  79  71  70
 F15 (0.027)  67  82  77  79  77  83  79  71  78
 F62 (0.027)  80  83  76  62  74  84  60  84  65
 F74 (0.026)  80  73  78  80  68  64  80  74  79
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across different scales and frequencies. These coefficients offer a compact and robust 
representation of the image, invariant to translation, rotation, and scaling, and can be 
used to isolate significant features. Additionally, we will expand our experimental 
setup to apply FDbX to more complex neural networks trained on sensitive medical 
datasets, such as cardiovascular scans collected from real-world hospital environ-
ments. The use of explainable AI in medical applications is crucial for ethical, safe, 
and transparent decision-making. It strengthens doctor-patient trust and helps iden-
tify biases in models—especially those arising from sensitive attributes like race, 
gender, or socioeconomic status. XAI can play a vital role in mitigating these biases 
by revealing how such features influence predictions, ensuring fairness in healthcare 
outcomes. While methods like Grad-CAM and attention mechanisms have success-
fully explained image classification, object detection, and semantic segmentation, 
XAI remains underexplored in the context of image similarity analysis. Developing 
explainable SNNs is essential not only for improving the usability of similarity-based 
applications but also for helping users understand the reasoning behind the results. In 
medical imaging, similarity-based comparisons can support the diagnosis and iden-
tification of diseases and anomalies, making explainable SNNs a valuable tool in 
clinical decision support systems.

Fig. 16  Visual comparison of FDbX method (second and third columns) and autoencoder (AE)-based 
(from fourth to seven columns) explanation of Digit 4 and 5 from MNIST dataset for K′=10 and 12
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Data availability  No datasets were generated or analysed during the current study.

Sections Notation with explanation
Section 3 (prob-
lem formulation)

χ= Image dataset
I= Collection of images
Y= Collection of labels
F= Pre-trained SNN model
G= Explanation method
ζ= Collection of explanations
E= Classes in dataset

Section 4 
(proposed 
methodology)

N= Number of samples
l= dimension of features vector
ui, uj= Binary vectors
Hdist= Hamming distance
K= Important features
K′= SPSS selected important features
x and y = feature and target of regression 
model
β= Feature weight in regression model
α= Regularization coefficient
B= Black box
Q= Collection of variables
p= Iterations
g= Regression model
q= Fixed variable
ν= Set of variables
GS= Undirected graph constructed by 
segmentation
ℵ=Set of graph nodes
ε= Set of graph edges
di=Distance between graph nodes

Section 5 (experi-
mental setup)

L2= Euclidean distance
xi, xj= Feature vectors
hi, hj= Embedding vectors
zij= Euclidean distance between two embed-
ding vectors
ϕ= predefined threshold for Euclidean distance
Ω= Error function
R= Regularization term
µ= Control hyperparameter

Section 6 (results 
and discussion)

∥u∥= Length of feature vector
RI= Reference image
QI= Query Image

Table 10  Section-wise math-
ematical notations used in the 
paper
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