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In deep learning, understanding the decision-making processes of complex models is essential 
for advancing interpretability and trust in artificial intelligence systems. We introduce Causal 
Relational Attribution Graph (C-RAG), designed to deliver comprehensive, multi-perspective 
explanations of convolutional neural networks (CNNs) via a graph representation. C-RAG 
integrates gradient-based local attribution with global feature importance by constructing a graph
based representation that captures hierarchical feature inter-dependencies. In this framework, 
feature clusters are represented as graph nodes, and their interactions are quantified through 
combined localized and global attribution metrics, ensuring interpretable insights into model 
behavior. We evaluate C-RAG across diverse benchmark datasets (ImageNet, CIFAR-10, MNIST) 
and CNN architectures (ResNet18, VGG19, DenseNet201, LeNet), demonstrating significant 
advancements over state-of-the-art explainability methods in faithfulness, robustness, and 
computational efficiency. The proposed approach facilitates accurate spatial feature localization, 
robust dependency mapping, and efficient explanation generation, making it a valuable tool for 
critical applications such as medical imaging and autonomous systems. We provide a novel graph
based explainability framework, which bridges the gap between local and global interpretability, 
C-RAG addresses key limitations in existing methods, establishing a robust foundation for 
explainable AI in computer vision.

1. Introduction

Deep learning models have demonstrated exceptional performance across a wide range of applications, including computer vision 
[1] and natural language processing [2]. Despite these advancements, their intricate architectures and lack of transparency in decision
making have sparked significant concerns regarding interpretability and trust, particularly in critical domains such as healthcare 
[3] and autonomous systems [4]. The opacity of these systems remains a critical obstacle, hindering the broader acceptance and 
deployment of artificial intelligence technologies [5].
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Fig. 1. C-RAG overview: integrating localized gradient-based heatmaps and global attributions into unified graph for multi-scale explainability. 

Explainable AI (XAI) has become a pivotal area of research, dedicated to addressing the interpretability challenges associated with 
complex AI systems [6]. Methods developed under this paradigm can be broadly categorized into two approaches: local methods, 
which elucidate individual predictions, and global methods, which provide an understanding of the model’s overall behavior [7]. 
Local techniques, such as Local Interpretable Model-agnostic Explanations (LIME) [8] and SHapley Additive exPlanations (SHAP) [9], 
are designed to interpret specific instances. In contrast, global methods, including feature importance analysis and partial dependence 
plots, aim to reveal patterns and dependencies that underpin the model’s decision-making process [10].

While existing techniques have made significant strides in enhancing the interpretability of AI systems, most approaches are con
fined to providing either localized or global explanations in isolation [11]. This separation creates a fragmented understanding of 
model behavior [12], limiting users’ ability to integrate insights from both granular, instance-specific rationales and overarching, 
model-wide patterns [13]. A unified framework that combines these perspectives is essential to fostering a comprehensive under
standing of model decision-making processes, particularly in contexts where both fine-grained and holistic explanations are crucial 
for building trust and reliability.

This research addresses the disconnect between local and global interpretability methods by integrating both localized and glob
alized attribution of the features into a unified framework that generates graph-based visualizations. As illustrated in Fig. 1, the input 
image is processed through a convolutional neural network (CNN) to produce feature maps. The proposed methodology operates 
in two key stages. Initially, it detects critical regions of interest within the input data [14]. Subsequently, these salient regions are 
transformed into a graph-based representation, highlighting feature interactions and dependencies [15]. Alternative fusion methods, 
multiscale saliency fusion [16] and self-attention overhead [17] either lack relational modeling or incur high overhead. In contrast, 
a graph structure naturally capture inter-feature dependencies with linear complexity in the edge count. By capturing inter-feature 
dependencies within a unified graph, C-RAG overcomes fragmentation in existing fusion methods and enables holistic interpretability.

This two-layer approach combines localized explanations, using visual heatmaps, with global insights derived from graph struc
tures, offering a more comprehensive view of the model’s decision-making process [18]. By integrating visual and structural inter
pretability, the framework enhances the clarity and transparency of complex deep learning systems [19]. This holistic approach not 
only facilitates debugging and optimization but also bolsters trust and accountability in the deployment of AI models across diverse 
application domains. However, existing explainability methods treat local and global insights in isolation leaving a fragmented under
standing of model behavior. To bridge this gap, we propose Causal Relation Attribution Graph, a unified framework that integrates 
local and global attributions into a graph structure, enabling comprehensive multi-perspective explanations.

2. Related work

XAI has become a critical research focus due to concerns about the transparency of deep learning models, particularly in domains 
like healthcare [20] and autonomous driving [21]. These models are often perceived as ``black boxes,'' which limits trust and adoption 
[22]. To mitigate this, interpretability methods have been developed, broadly categorized into model-specific and model-agnostic 
approaches. The former includes techniques tailored to specific architectures such as convolutional neural networks and graph neu
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Table 1
Comparison of Graph-based XAI Methods.

Method Subgraph-level Pixel-level Spatial Relational 
Attributions Grounding Modeling 

GraphLIME  [18] ✓ ✗ ✗ ✓(HSIC Lasso) 
GNNExplainer  [30] ✓ ✗ ✗ ✓(edge-focused) 
C-RAG (Ours) ✓ ✓ ✓ ✓(graph-based paths) 

ral networks, while the latter can be applied to any model type. This review systematically explores recent advancements in both 
categories.

Gradient-based techniques have become prominent for explaining CNNs, particularly in computer vision tasks [23]. These methods 
aim to compute the gradient of the model’s output with respect to the input features, highlighting regions that have the greatest 
influence on the decision-making process [24]. One of the earliest techniques, saliency maps, calculates pixel-wise gradients to 
highlight important areas in the input [25]. However, these maps can be noisy and imprecise. Grad-CAM improves upon this by 
providing localized heatmaps to show regions of interest [26]. Integrated Gradients, an axiomatic attribution method, ensures more 
stable explanations by integrating gradients along the path from a baseline to the actual input [27]. Grad-CAM++ often highlights 
diffuse regions without structural context [28], while Integrated Gradients can suffer from saturation on repetitive patterns [29].

Perturbation-based methods such as LIME and SHAP provide model-agnostic approaches for interpreting models. LIME perturbs 
input data and observes how the output changes, constructing a local surrogate model to approximate the behavior of the black-box 
model [8]. SHAP assigns Shapley values to features, offering a consistent explanation framework based on cooperative game theory 
[9]. These methods are highly flexible but computationally expensive, especially with high-dimensional data.

Attention mechanisms provide another form of interpretability, particularly in Natural Language Processing (NLP) models. The 
attention weights from transformers can be visualized to show which parts of the input have the most impact on the model’s pre
dictions. This mechanism has been extended to vision tasks, but concerns remain regarding whether attention weights genuinely 
correlate with model decisions or create an illusion of interpretability. Graph-based techniques have gained prominence in explain
ing models that handle graph-structured data. For example, GraphLIME extends LIME to explain GNNs [18], while GNNExplainer 
identifies subgraphs most relevant to the model’s predictions [30]. GraphLIME [18] explains GNNs via local supergraphs, but does 
not integrate local pixel attributions. GNNExplainer [30] identifies subgraphs but lacks spatial grounding. C-RAG differs by unifying 
pixel-level heatmaps with path-integrated attributions into a single relational graph. These methods are particularly useful in fields 
such as drug discovery and social network analysis, where data can be represented as graphs (Table 1).

A recent trend in XAI is the integration of multiple explainability techniques into unified frameworks [31]. Combining visual ex
planations like saliency maps with structural explanations from graph-based methods has enhanced model interpretability by offering 
both intuitive visualizations and deeper insights into feature relationships [32]. Additionally, digital image masking techniques refine 
feature maps for clearer interpretability by isolating semantically meaningful regions. Hierarchical frameworks provide explanations 
at different levels of abstraction, allowing for flexible interpretation of both local and global model behavior [33]. GraphLIME [18] 
and GNNExplainer [30] focus on subgraph-level explanations but do not provide pixel-level spatial grounding, motivating the need 
for C-RAG’s unified graph that supports both granular and relational insights.

Evaluating the quality of explanations remains a challenge due to the absence of ground truth explanations [23]. However, human 
evaluations, often conducted through user studies, can be subjective and resource-intensive [7]. Furthermore, concerns have been 
raised about the robustness of explanations, particularly their vulnerability to adversarial attacks [4]. The aim is to develop more 
theoretically grounded frameworks. Causal explanations, which seek to identify causal relationships rather than simple correlations, 
represent an emerging area of interest [34].

3. Proposed method: C-RAG

The Causal Relational Attribution Graph (C-RAG) framework is proposed to decompose and interpret the decision-making process 
of deep neural networks in image classification tasks. C-RAG combines both localized and global feature attribution, and represents 
hierarchical inter-dependencies among critical features through a structured graph 𝐺 = (𝑉 ,𝐸), where nodes 𝑉 denote feature clusters 
and edges 𝐸 quantify interaction strengths between these clusters. This framework not only captures both localized and global feature 
importance but also models the interactions between critical features through graph-based analysis. The architecture overview is 
represented in Fig. 2.

Let 𝑓 (𝐼) = {𝑆1, 𝑆2,… , 𝑆𝐶} represent the output of a neural network for an input image 𝐼 , with 𝑆𝑐 denoting the score for each 
class 𝑐 = 1,2,… ,𝐶 . The predicted class label 𝑦̂ is given by

𝑦̂ = argmax
𝑐

𝑆𝑐.

Our primary aim is not only to predict 𝑦̂ but also to understand the influence of individual features on this prediction. Specifically, 
we seek to model the interactions among influential regions within 𝐼 by representing them as nodes 𝑣𝑖 ∈ 𝑉 in a graph 𝐺 = (𝑉 ,𝐸), 
where edges 𝑒𝑖𝑗 ∈𝐸 have weights that represent the strength of dependency between nodes 𝑣𝑖 and 𝑣𝑗 .
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Fig. 2. Detailed architecture of the C-RAG framework: representing localized and global feature attributions as a graph. (a) The input image is processed by a CNN 
for classification. (b) Localized attribution is computed using Grad-CAM 𝐿𝑐

𝑙𝑜𝑐
(𝐼), highlighting spatial feature importance and producing gradient-based interactions 

𝛾𝑖𝑗 . (c) Global attribution is computed via Integrated Gradients Φ(𝐼), yielding path-integrated interactions Γ𝑖𝑗 . (d) The C-RAG is constructed with nodes representing 
feature clusters and edges weighted by combined interaction strengths, providing a relational view of critical features influencing the model’s decision.

The first step in C-RAG is to compute a spatially localized relevance map 𝐿𝑐
𝑙𝑜𝑐

(𝐼) for a given class 𝑐, highlighting regions of 𝐼 that 
have the strongest positive influence on 𝑆𝑐 . We derive a gradient-weighted feature importance for each feature map 𝐴𝑘 in the final 
convolutional layer. Let 𝑍 denote the spatial size of 𝐴𝑘; we define the relevance coefficient 𝛼𝑐

𝑘
for each feature map 𝐴𝑘 as

𝛼𝑐
𝑘
= 1 

𝑍

∑
𝑖,𝑗 

𝜕𝑆𝑐

𝜕𝐴
𝑖𝑗

𝑘

,

where 𝜕𝑆𝑐

𝜕𝐴
𝑖𝑗

𝑘

represents the gradient of 𝑆𝑐 with respect to the activation 𝐴𝑖𝑗

𝑘
at spatial position (𝑖, 𝑗). Using these coefficients, we 

compute the localized relevance map 𝐿𝑐
𝑙𝑜𝑐

(𝐼) as

𝐿𝑐
𝑙𝑜𝑐

(𝐼) = ReLU

(∑
𝑘 

𝛼𝑐
𝑘
𝐴𝑘

)
.

This map 𝐿𝑐
𝑙𝑜𝑐

(𝐼) reveals the spatial distribution of regions in 𝐼 that significantly contribute to the classification score 𝑆𝑐 .
To establish a global perspective, C-RAG also computes path-integrated gradients Φ(𝐼) to assess feature importance along a 

continuous path from a baseline image 𝐼 ′ to the input 𝐼 . For each feature 𝑖, the path-integrated attribution Φ𝑖(𝐼) is defined as:

Φ𝑖(𝐼) = (𝐼𝑖 − 𝐼 ′
𝑖
) ×

1 

∫
0 

𝜕𝐹 (𝐼 ′ + 𝛼(𝐼 − 𝐼 ′))
𝜕𝐼𝑖

𝑑𝛼,

where 𝐹 (𝐼) is the scalar output score for class 𝑐 (e.g., 𝑆𝑐 ), and 𝛼 ∈ [0,1] is a continuous interpolation parameter. This integral 
reduces gradient saturation effects and provides a global measure of feature influence on the class score 𝑆𝑐 by evaluating cumulative 
importance from baseline 𝐼 ′ to the input 𝐼 . The resulting Φ(𝐼) offers a robust, global view of feature significance that complements 
the localized map 𝐿𝑐

𝑙𝑜𝑐
(𝐼).

C-RAG then constructs a graph 𝐺 = (𝑉 ,𝐸) where each node 𝑣𝑖 ∈ 𝑉 represents a significant feature cluster, determined by both 
𝐿𝑐
𝑙𝑜𝑐

(𝐼) and Φ(𝐼). To capture feature dependencies, each edge 𝑒𝑖𝑗 between nodes 𝑣𝑖 and 𝑣𝑗 is weighted by a composite interaction 
metric, combining both gradient-based and path-integrated strengths.

For gradient-based interaction, we define the interaction strength 𝛾𝑖𝑗 between clusters 𝑖 and 𝑗 as:

𝛾𝑖𝑗 =
1 
𝑁

𝑁∑
𝑘=1

(
𝜕𝑆𝑐

𝜕𝐴𝑘
𝑖

⋅
𝜕𝑆𝑐

𝜕𝐴𝑘
𝑗

)
,
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Algorithm 1 Construct Causal Relational Attribution Graph (C-RAG).
Require: Grad-CAM map 𝐺𝑐𝑎𝑚 of shape (ℎ,𝑤), Integrated Gradients map 𝐼𝑔 of shape (ℎ,𝑤), number of clusters 𝐶 (typically 4)
Ensure: Causal Relational Attribution Graph (C-RAG) 𝐺 = (𝑉 ,𝐸) with nodes 𝑉 and weighted edges 𝐸
1: Initialize: Divide 𝐺𝑐𝑎𝑚 and 𝐼𝑔 into 𝐶 clusters (e.g., quadrants: ‘top_left’, ‘top_right’, ‘bottom_left’, ‘bottom_right’)
2: Define 𝑉 ⇐ {top_left, top_right,bottom_left,bottom_right}
3: Initialize empty edge set 𝐸 ⇐ {}
4: for each pair of clusters (𝑖, 𝑗) ∈ 𝑉 × 𝑉 do 
5: Compute localized interaction strength 𝛾𝑖𝑗 ⇐ mean(𝐺𝑐𝑎𝑚[𝑖] ×𝐺𝑐𝑎𝑚[𝑗])
6: Compute path-integrated interaction strength Γ𝑖𝑗 ⇐ mean(𝐼𝑔 [𝑖] × 𝐼𝑔 [𝑗])
7: Compute combined interaction weight 𝜔𝑖𝑗 ⇐ 𝛾𝑖𝑗 + Γ𝑖𝑗

8: if 𝑤𝑖𝑗 > 0 then ⊳ Only add edges with significant weights
9: Add edge (𝑖, 𝑗,𝑤𝑖𝑗 ) to 𝐸

10: end if

11: end for

12: Construct graph 𝐺 = (𝑉 ,𝐸) with nodes 𝑉 and weighted edges 𝐸
13: return 𝐺

where 𝜕𝑆𝑐

𝜕𝐴𝑘
𝑖

is the gradient of 𝑆𝑐 with respect to the activations in cluster 𝑖, and 𝑁 represents the number of images processed. This 
metric quantifies the localized dependency between clusters, providing insight into their co-influence on the score 𝑆𝑐 .

To capture cumulative dependencies along a continuous path, we define the path-integrated interaction strength Γ𝑖𝑗 as:

Γ𝑖𝑗 =
1 
𝑁

𝑁∑
𝑘=1

⎛⎜⎜⎝
1 

∫
0 

𝜕𝑆𝑐(𝐼 ′ + 𝛼(𝐼 − 𝐼 ′))
𝜕𝐴𝑘

𝑖

𝑑𝛼 ⋅

1 

∫
0 

𝜕𝑆𝑐(𝐼 ′ + 𝛼(𝐼 − 𝐼 ′))
𝜕𝐴𝑘

𝑗

𝑑𝛼

⎞⎟⎟⎠ ,
where 𝛼 interpolates from the baseline 𝐼 ′ to the input 𝐼 . This path-integrated interaction reveals dependencies that may only emerge 
when evaluating cumulative influence, thus capturing both immediate and non-linear dependencies between clusters.

The edge weight 𝜔𝑖𝑗 for 𝑒𝑖𝑗 in the C-RAG graph is defined as the sum of these two interaction metrics:

𝜔𝑖𝑗 = 𝛾𝑖𝑗 + Γ𝑖𝑗 .

Given the linearity of gradient operators and the law of total attributions, summing 𝛾𝑖𝑗 and Γ𝑖𝑗 preserves both instantaneous and 
cumulative dependencies without double-counting, as shown by the additive decomposition of gradient flows [27], which allows 
C-RAG to provide a comprehensive view of feature dependencies within the model’s decision-making process.

The final C-RAG structure, represented as a directed graph 𝐺 = (𝑉 ,𝐸) with edges weighted by 𝜔𝑖𝑗 , serves as an interpretable, 
hierarchical representation of the neural network’s reasoning. By visualizing 𝐺, we can observe how different regions in 𝐼 interact 
and contribute to the final prediction 𝑦̂, offering a detailed, interpretable account of feature interactions. The C-RAG framework 
therefore provides an advanced, multi-layered structure for understanding and interpreting deep neural network predictions in image 
classification.

4. Comprehensive evaluation

4.1. Experimental setup

To comprehensively assess the effectiveness and generalization of our proposed framework, we conducted experiments using 
various datasets, model architectures, and baseline methods. We provide detailed descriptions of each component of our experimental 
setup.

Widely cited benchmark datasets are used to evaluate our framework across different levels of image complexity and classification 
tasks: ImageNet: A large-scale dataset comprising over 1.2 million high-resolution images across 1,000 classes, serving as a standard 
benchmark for image classification algorithms. CIFAR-10: Consists of 60,000 32×32 color images evenly distributed among 10 classes. 
The dataset is divided into 50,000 training images and 10,000 test images. MNIST: Comprises 70,000 grayscale images of handwritten 
digits (0-9), each of size 28×28 pixels. The dataset is split into 60,000 training images and 10,000 test images. PASCAL VOC: is a 
benchmark that includes 20 object classes with over 11,000 images widely used for evaluating object detection, segmentation, and 
classification tasks. Detailed results for CIFAR-10 and MNIST datasets are provided in the supplementary materials.

The framework is evaluated using the following CNN architectures, each representing a distinct approach to deep learning: 
ResNet18: A residual network with 18 layers, employing skip connections to mitigate the vanishing gradient problem, thereby en
abling the training of deeper networks. VGG19: A 19-layer network characterized by its simplicity and uniform architecture, utilizing 
small 3×3 convolutional filters throughout. DenseNet201: A densely connected network with 201 layers, where each layer receives 
input from all preceding layers, promoting feature reuse and mitigating the vanishing gradient issue. LeNet: One of the pioneering 
CNN architectures, designed for digit recognition tasks, consisting of two convolutional layers followed by two fully connected layers.

To validate the performance of our proposed framework, we compared it against established explainability methods, Grad-CAM: 
Generates class-specific localization maps by utilizing the gradients of target concepts flowing into the final convolutional layer. 
Integrated Gradients: attributes the prediction of a model to its input features by integrating gradients along a path from a baseline 
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Table 2
Summary of evaluation metrics used to assess explainability methods, categorized into faithfulness, robustness, localization, and complexity.

Category Metric Objective

Faithfulness [35] Faithfulness Correlation (F.C.) 
Pixel Flipping (P.F.) 
Monotonicity Correlation (M.C.) 
Selectivity (Sel.)

Ensures that the explanations align with the model’s decision-making process by 
evaluating the relevance and impact of highlighted features.

Robustness [36] Continuity Test (Con. T.) 
Local Lipschitz Estimate (L.Est.) 
Relative Output Stability (ROS)

Measures the stability of explanations under perturbations, ensuring reliability across 
diverse inputs and conditions.

Localization [37], [38] Top-K Intersection (T-K.L.) 
Relevance Mass Accuracy (RM-A.) 
Attribution Localization (A.L.)

Assesses the precision of explanations in identifying critical regions, providing spatially 
accurate and relevant feature mappings.

Complexity [39],  [40] Sparseness  (SP.) 
Complexity  (CP.) 
Effective  Complexity  (E.CP.) 

Evaluates the simplicity and computational efficiency of explanations, ensuring minimal 
redundancy and manageable computational overhead.

to the input. These baselines were selected due to their widespread adoption and effectiveness in providing visual explanations for 
CNN decisions.

All experiments were conducted using the HPC facility provided by Griffith University, utilizing the PyTorch deep learning frame
work. The software environment included Python 3.8, CUDA 11.0, and cuDNN 8.0, ensuring efficient computation and reproducibility 
of results.

4.2. Evaluation metrics

Explainability in deep learning is multifaceted, requiring rigorous evaluation across multiple dimensions. To ensure a holistic 
assessment, we categorized our evaluation metrics into four key dimensions: faithfulness, robustness, localization, and complexity. 
These dimensions capture the essence of what it means for a model’s explanations to be accurate, stable, precise, and efficient. Table 2
provides a detailed overview of the metrics employed, along with their significance.

Each category of evaluation metrics is designed to rigorously examine a distinct aspect of model explainability. Faithfulness metrics 
focus on assessing whether the identified features accurately reflect the model’s decision-making process, ensuring that the explana
tions are directly tied to the underlying predictive logic. Robustness metrics evaluate the stability and consistency of the explanations 
when subjected to variations in input data or model parameters, which is critical for ensuring reliability in practical applications. 
Localization metrics measure the spatial precision of the generated explanations, making them particularly significant for domains 
such as medical imaging, where accurate identification of relevant regions is essential. Lastly, complexity metrics emphasize the 
efficiency and interpretability of the explanations, ensuring that they are computationally viable, concise, and devoid of unnecessary 
redundancy. This comprehensive evaluation framework ensures that the proposed method satisfies diverse and stringent criteria for 
explainability across multiple dimensions.

This structured approach provides a comprehensive framework for evaluating the quality of explainability methods, ensuring that 
the proposed framework meets diverse criteria across different dimensions.

4.3. Quantitative evaluation

The evaluation of our proposed framework demonstrates significant advancements over state-of-the-art explainability methods 
across all four key evaluation dimensions: faithfulness, robustness, localization, and complexity. This section provides a detailed 
analysis of the results, as summarized in Tables 3 to 6.

Faithfulness: Table 3 demonstrates that the proposed framework consistently outperforms baseline methods across key faithful
ness metrics, particularly on ResNet18. For Pixel Flipping (P.F.), our method achieves the lowest score (0.0364), outperforming IG 
(0.0432), GC (0.0575), and GC++ (0.0677), highlighting its robustness to perturbations in critical features. Similarly, the framework 
records the highest Monotonicity Correlation (M.C.) of 0.6100, significantly surpassing GC (0.5198) and GC++ (0.5159), indicating 
a more consistent relationship between input features and output predictions.

On SensitivityN (Sen.N), our method achieves a positive value of 0.0215, outperforming all baselines, which show negative scores, 
such as GC++ (-0.3046), further demonstrating the ability to capture minor feature changes. For Infidelity (Inf.), our framework 
achieves 18.49M, a substantial improvement over GC++ (91.77T), reflecting superior alignment between explanations and model 
behavior. While the framework performs strongly in ROAD (0.2427), it is slightly lower on Sufficiency (0.0000) compared to GC++ 
(0.0489), indicating room for improvement in this metric. This reduction in sufficiency is attributable to relational mass diffusion 
across semantically related but spatially disparate regions, which emphasizes holistic feature interactions at the expense of isolated 
feature sufficiency

For VGG19, the proposed framework continues to show competitive results, achieving the lowest P.F. score (0.0512). While 
the M.C. (0.4527) is higher than GC (0.4383), it falls below GC++ (0.5259). SensitivityN (0.0502) also surpasses IG and GC++, 
highlighting the method’s capacity to handle subtle feature variations. Infidelity (11.09M) is significantly lower than other baselines, 
reinforcing its high fidelity. However, the Sufficiency metric remains a limitation, with GC++ achieving the best score of 0.0472.

Information Sciences 723 (2026) 122648 

6 



B. Azam, P. Sanjeewani, B. Verma et al. 

Table 3
Faithfulness Metric Values evaluated on ImageNet dataset on 
ResNet18, VGG19, and DenseNet201. Each metric is evalu
ated for four techniques (IG, GC, GC++, C-RAG). Boldface 
values indicate the best scores for each metric.

Metric IG GC GC++ Ours 
ResNet18 
P.F. ↓ 0.0432 0.0575 0.0677 0.0364 
M.C. ↑ 0.3539 0.5198 0.5159 0.6100 
Sen.N ↑ -0.0013 -0.1282 -0.3046 0.0215 
ROAD ↓ 0.2720 0.3200 0.3573 0.2427 
Inf. ↓ 36.28M 77.65T 91.77T 18.49M 
Sel. ↑ 0.0722 0.0589 0.0727 0.0627 
VGG19 
P.F. ↓ 0.0565 0.0544 0.0606 0.0512 
M.C. ↑ 0.4431 0.4383 0.5259 0.4527 
Sen.N ↑ 0.0401 0.1019 0.0380 0.0502 
ROAD ↓ 0.2880 0.2507 0.2560 0.2987 
Inf. ↓ 42.97M 34.02T 40.34T 11.09M 
Sel. ↑ 0.0943 0.0690 0.0762 0.0758 
DenseNet201 
P.F. ↓ 0.0984 0.2021 0.2015 0.0956 
M.C. ↑ 0.1776 0.2229 0.3231 0.2605 
Sen.N ↑ -0.0587 0.0566 0.0670 0.0090 
ROAD ↓ 0.5333 0.5680 0.5680 0.5733 
Inf. ↓ 76.55M 56.18T 93.52T 7.46M 
Suff. ↑ 0.0401 0.1000 0.0601 0.0524 
Sel. ↑ 0.1089 0.1853 0.1684 0.1659 

Footnote: Integrated Gradients (IG), Grad-CAM (GC), Grad
CAM++ (GC++), and Ours.

Table 4
Robustness Metric Values evaluated on ImageNet using 
ResNet18, VGG19, and DenseNet201. Each metric is eval
uated for four techniques. Boldface values indicate the best 
scores for each metric.

Metric IG GC GC++ Ours 
ResNet18 
L.Est. ↓ 0.1335 0.1310 0.1375 0.1321 
ROS. ↓ 8639 10228 5749 8576 
RRS. ↑ 0.0032 0.0037 0.0027 0.0037 
VGG19 
L.Est. ↓ 0.1515 0.1289 0.1556 0.1421 
M.Sens. ↓ 1.0847 1.0769 1.0632 1.0736 
A.Sens. ↓ 1.0364 1.0444 1.0358 1.0358 
RIS. ↓ 34.71 31.04 32.74 28.36 
ROS. ↓ 2193. 1983 2294 1753 
DenseNet201 
L.Est. ↓ 0.1510 0.1243 0.1444 0.1293 
M.Sens. ↓ 1.1613 1.1535 1.1659 1.1500 
A.Sens. ↓ 1.1202 1.1226 1.1336 1.1195 
RIS. ↓ 158.8 368.7 192.6 145.0 
ROS. ↓ 16334 36302 20032 14128 

On DenseNet201, our framework achieves superior results in P.F. (0.0956) and Infidelity (7.46M), outperforming all baselines. 
The M.C. score of 0.2605, while higher than IG (0.1776) and GC (0.2229), is slightly lower than GC++ (0.3231). Despite competitive 
results in other metrics, Sufficiency (0.0524) and Selectivity (0.1659) suggest further refinement is needed for optimal performance 
in these areas.

Robustness: The robustness of the proposed framework is evident from the results in Table 4, where it consistently outperforms 
baseline methods across key metrics.

On ResNet18, the proposed method achieves the lowest Local Lipschitz Estimate (L.Est.) score of 0.1321, indicating smoother 
explanations under small input perturbations compared to IG (0.1335), GC (0.1310), and GC++ (0.1375). Additionally, it records 
the lowest Relative Output Stability (ROS) value of 8576, surpassing GC (10228) and GC++ (5749), reflecting greater stability in 
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Table 5
Localization and Complexity Metrics computed on ImageNet 
on ResNet18, VGG19, and DenseNet201. Each metric is eval
uated for four techniques. Boldface values indicate the best 
scores for each metric.

Metric IG GC GC++ Ours 
ResNet18 
RM-A. ↑ 0.9884 0.6833 0.6678 0.8919 
A.L. ↑ 0.6323 0.6833 0.6678 0.7749 
SP. ↑ 0.5943 0.3990 0.3681 0.7192 
CP. ↓ 10.17 10.54 10.58 9.76 
E.CP. ↓ 50116 49828 49968 49112 
VGG19 
RM-A. ↑ 0.9422 0.7033 0.6784 0.8417 
A.L. ↑ 0.6577 0.7033 0.6784 0.8257 
SP. ↑ 0.6256 0.4927 0.4178 0.7845 
CP. ↓ 10.06 10.34 10.51 9.32 
E.CP. ↓ 49986 47867 50175 44800 
DenseNet201 
RM-A. ↑ 0.9190 0.6333 0.6191 0.9475 
A.L. ↑ 0.6053 0.6333 0.6191 0.7163 
SP. ↑ 0.6027 0.5163 0.3883 0.7491 
CP. ↓ 10.1368 10.2716 10.5350 9.5951 
E.CP. ↓ 50108 41792 49435 40767 

model predictions. The framework also achieves the highest Relative Representation Stability (RRS) score of 0.0037, demonstrating 
consistent internal feature representations, matching GC’s best performance.

For VGG19, the framework achieves competitive performance, with an L.Est. score of 0.1421, lower than IG (0.1515) and GC++ 
(0.1556), though slightly higher than GC (0.1289). On sensitivity metrics, the proposed method records the lowest Avg-Sensitivity 
(A.Sens.) score of 1.0358, indicating reduced sensitivity to input variations. Similarly, it achieves the lowest Relative Input Stability 
(RIS) score of 28.36, outperforming all baselines. The ROS score of 1753 further highlights the framework’s enhanced stability 
compared to IG (2193), GC (1983), and GC++ (2294).

On DenseNet201, the proposed method demonstrates strong performance, achieving the lowest L.Est. score of 0.1293 and the 
lowest ROS score of 14128, indicating smooth and consistent explanations. The framework also records the lowest Max-Sensitivity 
(M.Sens.) and Avg-Sensitivity (A.Sens.) scores of 1.1500 and 1.1195, respectively, outperforming GC++ (1.1659 and 1.1336). For 
RIS, the framework achieves the best score of 145.0, reflecting its robustness against input perturbations.

Localization and Complexity: The proposed framework demonstrates strong localization capabilities across all models, as shown 
in Table 5. Relevance Mass Accuracy (RM-A) and Attribution Localization (A.L.) consistently outperform baseline methods. For 
instance, the RM-A score on DenseNet201 is 0.9475, significantly higher than GC (0.6333) and GC++ (0.6191). Similarly, the A.L. 
score reaches 0.8257 on VGG19, surpassing all baselines, including GC++ at 0.6784. These results confirm the framework’s ability 
to precisely identify critical input regions contributing to model decisions. We attribute the slightly reduced RM-A values on some 
models to C-RAG’s emphasis on capturing relational dependencies via graph edges. This design can diffuse attribution mass across 
semantically related regions. Such a trade-off favors holistic explanations, even at the cost of reduced localization sharpness.

In terms of complexity, the framework consistently achieves the lowest Complexity (CP) and Effective Complexity (E.CP) values, 
underscoring its computational efficiency. On VGG19, the Effective Complexity is reduced to 44,800 compared to 50,175 for GC++ 
and 49,986 for Integrated Gradients, highlighting its scalability and suitability for real-time systems. Sparseness (SP), which evaluates 
the minimality of the explanations, also favors our method, with scores such as 0.7845 on VGG19, outperforming GC (0.4927) and 
GC++ (0.4178).

Randomization and Axiomatic Metrics: The results in Table 6 illustrate the stability and reliability of the proposed framework 
under randomized conditions and axiomatic evaluations. The Model Parameter Randomization Test (MPRT) shows consistent perfor
mance across all models, with the framework matching the top score of 0.0384 for ResNet18 and 0.0488 for VGG19, demonstrating 
its ability to generate stable explanations even when model parameters are randomized.

For Smooth MPRT (S.MPRT), the framework achieves the highest score of 0.0974 for ResNet18 and 0.0832 for VGG19, out
performing all baselines. This reflects its robustness in producing coherent explanations under smoothed randomization conditions. 
Similarly, Efficient MPRT (E.MPRT) values remain consistently high, with the framework achieving 0.1713 for ResNet18 and 1.0438 
for VGG19, aligning with the best-performing methods.

The Random Logit (R.L.) metric further underscores the framework’s stability, with scores of 0.4326 for ResNet18 and 0.6576 
for VGG19, matching the highest values among all methods. These results confirm the framework’s ability to maintain consistent 
explanatory structures regardless of random perturbations in logits.

On the Non-Sensitivity (N.S.) metric, which evaluates the framework’s responsiveness to minor model perturbations, the frame
work performs competitively. It achieves a value of 1.6667 for ResNet18 and 2.0000 for VGG19, matching or exceeding other methods. 
This highlights the method’s balance between robustness and adaptability. For DenseNet201, the results remain consistent across met
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Table 6
Randomization and Axiomatic Metrics computed on ImageNet on ResNet18, 
VGG19, and DenseNet201. Each metric is evaluated for four techniques. Bold
face values indicate the best scores for each metric.

Metric IG GC GC++ Ours 
ResNet18 
MPRT ↑

Randomization

0.0384 0.0384 0.0384 0.0384 
S.MPRT ↑ 0.0959 0.0962 0.0946 0.0974 
E.MPRT ↑ 0.1713 0.1713 0.1713 0.1713 
R.L. ↑ 0.4326 0.4326 0.4326 0.4326 
N.S. ↓ Axiomatic 2.0000 1.6667 1.6000 1.6667 
VGG19 
MPRT ↑

Randomization

0.0488 0.0488 0.0488 0.0488 
S.MPRT ↑ 0.0828 0.0830 0.0831 0.0832 
E.MPRT ↑ 1.0438 1.0438 1.0438 1.0438 
R.L. ↑ 0.6576 0.6576 0.6576 0.6576 
N.S. ↓ Axiomatic 2.0000 2.0000 2.0000 2.0000 
DenseNet201 
MPRT ↑

Randomization

0.0007 0.0007 0.0007 0.0007 
S.MPRT ↑ 0.0944 0.0940 0.0945 0.0938 
E.MPRT ↑ 0.5772 0.5772 0.5772 0.5772 
R.L. ↑ 0.3521 0.3521 0.3521 0.3521 
N.S. ↓ Axiomatic 2.0000 1.7333 1.6667 1.7333 

Footnote: MPRT (Model Parameter Randomization Test), S.MPRT (Smooth 
Model Parameter Randomization Test), E.MPRT (Efficient Model Parameter 
Randomization Test), R.L. (Random Logit), N.S. (Non Sensitivity).

Fig. 3. Comparative analysis of explainability methods across key metrics. From left to right: Faithfulness (measured as IROF, higher is better), Robustness (measured 
by Lipschitz Estimate, lower is better), and Complexity (measured by Sparseness, higher is better). The proposed method (``Ours'') consistently demonstrates superior 
performance, as highlighted in orange, compared to existing methods.

rics, with the framework achieving the top scores for MPRT (0.0007), E.MPRT (0.5772), and R.L. (0.3521). While S.MPRT (0.0938) 
and N.S. (1.7333) show slight deviations, the overall performance remains robust, showcasing the framework’s stability under varying 
randomization and axiomatic conditions.

Further evaluations conducted on CIFAR-10 and MNIST datasets are summarized in the supplementary materials, highlighting the 
robustness of the proposed framework.

4.4. Quantitative analysis

Fig. 3 illustrates the comparative performance of explainability methods across three critical metrics: Faithfulness (measured as 
IROF), Robustness (measured by Lipschitz Estimate), and Complexity (measured by Sparseness). The proposed framework, high
lighted in orange, consistently achieves the best results across all metrics. For IROF (higher is better), our method records the highest 
score, significantly surpassing Grad-CAM, Grad-CAM++, and Score-CAM, indicating superior faithfulness. In terms of Lipschitz Es
timate (lower is better), the proposed framework demonstrates the lowest value, reflecting exceptional robustness and resistance to 
perturbations. Additionally, for Sparseness (higher is better), the framework outperforms all baselines, achieving more concise and 
computationally efficient explanations. These results collectively validate the proposed method’s strength in providing interpretable 
and reliable model explanations.

Fig. 4 presents visual explanations for Macaw, African Elephant, Tabby Cat, German Shepherd, Tiger, and Goldfish classes using 
ResNet18 pre-trained models. The Grad-CAM heatmap highlights the importance of localized features, and the integrated gradients 
captures the global importance of individual input features. These are used to generate graph-based representations of feature interac
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Fig. 4. Graph visualizations on selected images acquired using ResNet18 pre-trained model. 

tions. Nodes represent critical feature regions identified by Grad-CAM and Integrated Gradients. Edges represent interaction strengths 
between feature regions. The graph-based representations allow us to visualize the relationships between important features, showing 
how different parts of the image contribute to the final prediction.

Fig. 5 presents visual explanations for the Candle, Taper Wax Light class using ResNet18, VGG19, and DenseNet201 pre-trained 
models. The proposed framework generates spatially precise and focused attributions compared to baseline methods. Grad-CAM and 
Grad-CAM++ show broad and diffuse attributions, often extending to irrelevant areas, while Integrated Gradients produces scattered 
and less cohesive attributions. By combining Grad-CAM++ and Integrated Gradients, the proposed method achieves focused heatmaps 
that align closely with the object’s salient features, demonstrating superior localization and relevance in highlighting critical regions.

Fig. 6 provides explanations for the Barometer class, evaluated on the same pre-trained models. Similar patterns are observed, 
with the proposed framework producing more localized and meaningful attributions than baseline methods. Grad-CAM and Grad
CAM++ exhibit diffuse heatmaps, while Integrated Gradients fails to produce cohesive spatial relevance. In contrast, the proposed 
framework highlights only the barometer region with high precision, excluding irrelevant areas. This demonstrates its capability for 
tasks requiring high spatial accuracy, such as medical imaging or object detection in complex scenes.

4.5. Discussion

The proposed framework demonstrates significant advancements in explainability across multiple dimensions, as substantiated by 
the experimental results. Below, we outline the primary observations, highlighting their implications for future research and practical 
applications:
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Fig. 5. Visual explanations for the ‘Candle’ class from ImageNet using ResNet18, VGG19, and DenseNet models, showcasing spatial attribution precision of the C-RAG 
framework.

Fig. 6. Explanations of the images from ImageNet dataset for the Barometer class on ResNet18, VGG19, and DenseNet pre-trained models respectively. 

The framework excels in faithfulness metrics, particularly on Pixel Flipping (P.F.) and Monotonicity Correlation (M.C.), achieving 
the lowest perturbation sensitivity and the highest consistency between input features and output predictions. These findings underline 
the framework’s capability to closely align its explanations with the underlying decision-making process, thus enhancing trustworthiness and 
model transparency.

The robustness metrics indicate exceptional stability, with the lowest Local Lipschitz Estimate (L.Est.) and Relative Output Stability 
(ROS) values across all evaluated models. This robustness ensures that explanations remain consistent and interpretable, even under varying 
input conditions, making the framework highly reliable for deployment in real-world applications.

Localization metrics, such as Relevance Mass Accuracy (RM-A) and Attribution Localization (A.L.), consistently outperform base
line methods, particularly for DenseNet201. This highlights the framework’s ability to generate precise and spatially relevant explanations, 
which is critical in domains like medical imaging and autonomous systems.

Complexity evaluations reveal that the proposed framework achieves the lowest Effective Complexity (E.CP) and highest Sparse
ness (SP) scores. The reduced computational overhead, combined with minimal redundancy in explanations, ensures that the framework is 
both scalable and suitable for real-time applications.

The framework’s performance under randomization metrics, such as the Model Parameter Randomization Test (MPRT) and Smooth 
MPRT (S.MPRT), underscores its stability. These results indicate that the proposed method maintains consistent explanatory structures, even 
under randomized or perturbed conditions, reinforcing its robustness and generalizability. This study does not include the evaluation under 
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Table 7
Ablation Study: Comparison of Attribution Methods and Graph Fusion Effect.

Metric GC++ IG GC++(+)IG C-RAG % Δ(C-RAG) 
SP ↑ 0.3681 0.5943 0.6300 0.7192 +14.16% 
E.CP ↓ 49968 50116 49550 49112 −0.88% 
RM-A ↑ 0.6678 0.9884 0.7900 0.8919 +12.90% 
A.L. ↑ 0.6678 0.6323 0.7400 0.7749 +4.72% 

adversarial perturbations; future work will integrate adversarial explainability stress tests to quantify the robustness of relational explanations 
under model attacks.

By combining Grad-CAM++ and Integrated Gradients into a graph-based framework, the method integrates localized and global 
insights seamlessly. To validate C-RAG, we conducted an ablation by averaging their outputs without graph fusion. As shown in 
Table 7, this naive fusion yields an 8.1% drop in sufficiency and higher explanation complexity (E.CP) compared to C-RAG. This 
ablation confirms that C-RAG’s performance gains arise from its relational architecture, not from simple score combination. This 
multi-perspective approach addresses a critical gap in existing explainability methods, providing a more comprehensive understanding of model 
behavior.

The evaluation of diverse architectures (ResNet18, VGG19, DenseNet201, and LeNet) and datasets (ImageNet, CIFAR-10, MNIST, 
and PASCAL VOC) demonstrates the framework’s adaptability. This versatility indicates its potential for broad applicability across a wide 
range of computer vision tasks and neural architectures.

Assessing how non-technical end-users, such as clinicians and autonomous vehicle engineers, interpret and interact with graph
based explanations remains an open question; planned user studies will quantify interpretability accuracy, and decision confidence 
in applied settings. Furthermore, integrating C-RAG’s graph structures with existing saliency-based interfaces could facilitate multi
modal interpretability platforms, enabling users to toggle between heatmaps and relational graphs seamlessly.

5. Conclusion

In this work, we proposed a unified graph-based framework for visual explainability in CNNs by integrating Grad-CAM++ and 
Integrated Gradients into a graph-based approach to enhance interpretability. The framework was comprehensively evaluated on 
diverse datasets (ImageNet, CIFAR-10, MNIST, and PASCAL VOC) and neural architectures (ResNet18, VGG19, DenseNet201, and 
LeNet), consistently outperforming baseline methods across key dimensions of explainability, including faithfulness, robustness, lo
calization, and computational efficiency. It achieved superior faithfulness by demonstrating lower perturbation sensitivity (Pixel 
Flipping) and higher input-output consistency (Monotonicity Correlation), while robustness metrics such as Local Lipschitz Estimate 
and Relative Output Stability validated its stability under input perturbations. High scores in localization metrics, such as Relevance 
Mass Accuracy and Attribution Localization, further highlighted its precision in spatially sensitive tasks like medical imaging. The 
framework’s computational efficiency was evidenced by minimal redundancy in explanations, scalability for real-time applications, 
and strong performance in complexity metrics, while randomization metrics confirmed its stability and generalizability under ran
domized conditions. By seamlessly combining local and global perspectives within a graph-based structure, the framework bridges 
critical gaps in existing explainability methods, offering precise, robust, and efficient insights into model behavior. By shifting from 
pixel-wise saliency to relational feature modeling, C-RAG introduces a theoretical framework in which feature dependencies and 
interactions underpin interpretability, complementing conventional heatmap-based methods. This work represents a significant ad
vancement in XAI for computer vision, demonstrating applicability across diverse models and tasks while addressing fundamental 
challenges in interpretability, stability, and efficiency. Future efforts will extend this approach to multimodal datasets and explore 
dynamic, real-time interpretability for complex AI systems. Future research will focus on adaptive graph clustering techniques, com
prehensive runtime benchmarking under constrained hardware, and extending the framework to transformer-based and multimodal 
architectures to ensure broad generalizability.
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