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Abstract- The remarkable success of deep neural 

networks in computer vision tasks has been 

accompanied by a critical challenge: understanding why 

these "black box" models make specific predictions. 

This paper presents a comprehensive review of 

explainability methods for computer vision systems, 

focusing on four major interpretation techniques: 

Gradient-weighted Class Activation Mapping (Grad-

CAM), SHapley Additive exPlanations (SHAP), Local 

Interpretable Model-agnostic Explanations (LIME), and 

attention visualization mechanisms. We provide detailed 

mathematical formulations, implementation strategies, 

and comparative analyses of these approaches. Our 

investigation reveals that while Grad-CAM excels at 

speed and computational efficiency, SHAP provides 

theoretically sound explanations grounded in 

cooperative game theory. LIME offers model-agnostic 

interpretability, and attention mechanisms provide 

inherent explainability through learned attention 

weights. Furthermore, we discuss applications in high-

stakes domains including medical imaging, autonomous 

driving, and facial recognition, where explainability is 

not merely beneficial but legally and ethically mandated. 

This survey provides practitioners and researchers with 

comprehensive guidance for selecting and implementing 

appropriate explainability methods for their specific 

applications. 

 

Index Terms- Explainability, Interpretability, Grad-

CAM, SHAP, LIME, Attention Mechanisms, Deep 

Learning, Computer Vision, Neural Network 

Interpretability, Feature Importance 

 

I. INTRODUCTION 

 

Deep neural networks have revolutionized computer 

vision, achieving superhuman performance on 

image classification, object detection, semantic 

segmentation, and numerous other tasks. However, 

this remarkable predictive power comes at a 

significant cost: interpretability. Modern 

convolutional neural networks (CNNs) and 

transformer-based models operate as inscrutable 

"black boxes," making predictions without 

providing clear explanations of their reasoning [1]. 

This interpretability gap presents substantial 

challenges in high-stakes applications such as 

medical diagnosis, autonomous driving, and 

criminal justice systems, where humans require 

trustworthy, understandable decisions. 

 

The urgency of explainable AI (XAI) has intensified 

with regulatory frameworks such as the European 

Union's General Data Protection Regulation 

(GDPR) and emerging AI governance initiatives 

requiring "right to explanation." Furthermore, 

deploying opaque systems in healthcare, finance, 

and autonomous systems raises ethical concerns 

about accountability and bias mitigation [2]. 

 

Explainability in computer vision addresses 

fundamental questions: Which image regions most 

influenced the model's decision? How sensitive is 

the prediction to perturbations in input features? 

What visual patterns has the network learned to 

associate with specific classes? Multiple 

complementary approaches have emerged to answer 

these questions, each with distinct mathematical 

foundations and practical advantages. 

 

This paper provides a comprehensive treatment of 

four major explainability methodologies: (1) Grad-

CAM, a gradient-based approach offering 

computational efficiency, (2) SHAP, grounded in 

cooperative game theory providing principled 

feature attribution, (3) LIME, a model-agnostic local 

approximation technique, and (4) attention 

visualization leveraging learned attention weights. 

We examine theoretical foundations, algorithmic 

details, computational characteristics, and practical 

applications across diverse domains. 
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II. BACKGROUND AND MOTIVATIONS 

FOR EXPLAINABILITY 

 

A. The Black Box Problem in Deep Learning 

Deep neural networks achieve superior performance 

through non-linear transformations across numerous 

hidden layers. While individual layers have 

interpretable functions (convolution, pooling, 

normalization), the composition of thousands of 

such operations creates impenetrable decision 

boundaries. A single ResNet-50 network contains 23 

million parameters; understanding how these 

parameters collectively influence predictions 

remains an unsolved challenge [3]. 

 

B. Critical Applications Requiring Explainability 

Medical Imaging: AI systems detecting tumors, 

lesions, or abnormalities must justify their diagnoses 

to radiologists and patients. A model achieving 95% 

accuracy is worthless if clinicians cannot understand 

why it recommends intervention [4]. 

 

Autonomous Vehicles: When autonomous systems 

make safety-critical decisions (emergency braking, 

lane changes), post-hoc accident analysis requires 

understanding the decision rationale. 

 

Facial Recognition: Deployment of face recognition 

systems by law enforcement raises fairness 

concerns, making algorithmic transparency essential 

for accountability and bias detection [5]. 

 

C. Definitions and Foundational Concepts 

Interpretability refers to the extent to which a 

model's decisions can be understood by humans. 

Explainability describes methods that generate 

understandable explanations of model behavior. 

Feature attribution determines the contribution of 

input features to specific predictions. Saliency maps 

visualize regions in images most relevant to model 

decisions. These concepts, while related, are not 

synonymous—a model may be interpretable (simple 

decision trees) without requiring explainability 

methods, while complex models require post-hoc 

explainability techniques. 

 

III. EXPLAINABILITY METHODOLOGIES 

FOR COMPUTER VISION 

 

A. Gradient-weighted Class Activation Mapping 

(Grad-CAM) 

Grad-CAM extends the Class Activation Mapping 

(CAM) methodology by eliminating the 

requirement for global average pooling in the final 

classification layer, enabling application to arbitrary 

CNN architectures [6]. The method computes 

gradient-weighted combinations of feature maps to 

generate visual explanations. 

 

The Grad-CAM algorithm proceeds as follows: 

Given an image and a target class c, compute 

gradients of the class score with respect to feature 

maps in the final convolutional layer: 

∂y^c / ∂A^k 

where y^c is the model output for class c, and A^k 

represents the k-th feature map. The importance 

weights for each channel are computed by global 

average pooling over the gradients: 

α_k^c = (1/Z) ∑_i ∑_j (∂y^c / ∂A_ij^k) 

where Z is the number of spatial locations (i, j). The 

Grad-CAM saliency map is computed as: 

L_Grad-CAM^c = ReLU(∑_k α_k^c · A^k) 

Strengths: Grad-CAM achieves exceptional 

computational efficiency (millisecond inference) 

and produces intuitive visualizations. It requires 

only forward and backward passes through the 

network, making it compatible with production 

systems [7]. 

 

Limitations: Grad-CAM operates at feature map 

resolution, typically 14×14 or 7×7 pixels, producing 

coarse explanations. The ReLU operation discards 

negative gradients, potentially losing important 

information about negative influences on 

predictions. 

 

B. SHapley Additive exPlanations (SHAP) 

SHAP provides a theoretically principled approach 

to feature attribution grounded in cooperative game 

theory. The Shapley value, originating from 

economics, measures each player's contribution to a 

coalition's total value. In machine learning, each 

feature is a "player," and the model's prediction is 

the "coalition value" [8]. 

 

The Shapley value for feature i is computed as: 

φ_i = (1/M) ∑_{m=1}^{M} [f(S_m^+ ∪ {i}) - 

f(S_m^-)] 

where S_m^+ and S_m^- represent subsets of 

features with and without feature i, respectively, 

sampled uniformly from all possible permutations. 

The exact computation requires evaluating the 

model on 2^n feature subsets, where n is the number 

of features, making exact Shapley values 
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computationally intractable for high-dimensional 

data. 

 

SHAP employs efficient approximations: (1) Kernel 

SHAP uses weighted local regression around the test 

instance, (2) Tree SHAP leverages tree model 

structure for exact computation in polynomial time, 

and (3) Deep SHAP combines DeepLIFT with 

SHAP theory for neural network acceleration [9]. 

 

Strengths: SHAP provides theoretically justified 

feature attributions satisfying desirable properties 

(local accuracy, missingness, consistency). Results 

are directly interpretable as marginal contributions 

to predictions. 

 

Limitations: Computational cost remains prohibitive 

for high-dimensional image data (∼200,000 pixels). 

Approximations require hyperparameter tuning 

affecting explanation quality. Background dataset 

selection substantially influences results, 

introducing subjective bias [10]. 

 

C. Local Interpretable Model-agnostic 

Explanations (LIME) 

LIME explains individual predictions by 

approximating the model locally with interpretable 

models (linear regression, decision trees). The core 

insight: although global models are complex, 

predictions in local neighborhoods around test 

instances can be approximated by simple models 

[11]. 

 

The LIME algorithm operates as follows: (1) 

Sample perturbed versions of the input by toggling 

superpixels on/off (for images), (2) Obtain 

predictions for each perturbed input from the black-

box model, (3) Train a weighted, sparse linear model 

on perturbed inputs and their predictions: 

ξ(x) = arg min_g ∑_z π(x)(f(z) - g(z))^2 + λ||g||_0 

where π(x) provides exponential weights based on 

distance to the test instance, g is a simple 

interpretable model, and λ||g||_0 enforces sparsity. 

The resulting linear model coefficients directly 

indicate feature importance for the specific 

prediction [12]. 

 

Strengths: LIME is model-agnostic, functioning 

with any black-box model without accessing 

internal parameters. Resulting explanations are 

genuinely interpretable (linear coefficients). 

Computational cost is modest compared to SHAP. 

Limitations: Explanations are inherently local, not 

explaining global model behavior. The "fidelity" of 

local approximations is not guaranteed. Superpixel 

selection and kernel width choice substantially 

affect explanations, introducing hyperparameter 

sensitivity [13]. 

 

D. Attention Visualization and Self-Attention 

Mechanisms 

Vision Transformers and modern attention-based 

architectures provide built-in explainability through 

attention weights. Attention mechanisms compute 

weighted aggregations of input elements: 

 

Attention(Q, K, V) = softmax(QK^T / √d_k) · V 

The softmax-normalized attention weights naturally 

form probability distributions over input patches or 

positions, indicating which regions the model 

attends to when making decisions [14]. Multi-head 

attention stacks multiple attention mechanisms in 

parallel, each potentially capturing different spatial 

relationships. The resulting attention maps provide 

direct visualization of model focus. 

 

Strengths: Attention visualizations are inherently 

interpretable—softmax normalization ensures non-

negative weights summing to one. Computation is 

automatic (no post-hoc analysis required). Multiple 

attention heads provide diverse perspectives on 

decision-making [15]. 

 

Limitations: High attention weights do not 

guarantee causal influence on predictions—

attention may attend to irrelevant regions if they 

provide useful context for downstream layers. 

Attention maps visualize intermediate processing, 

not necessarily final decision rationale. Layer-wise 

interpretation requires careful aggregation across 

attention heads and layers [16]. 

 

IV. COMPARATIVE ANALYSIS AND 

EMPIRICAL EVALUATION 

 

A. Computational Efficiency Comparison 

 

Table I compares computational characteristics of 

explainability methods on ResNet-50 models 

processing 224×224 pixel images [17]. 
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Table I: Computational Characteristics of 

Explainability Methods 

Method Inference 

Time (ms) 

Memory 

(MB) 

Scalability 

Grad-CAM 12-15 240 Excellent 

SHAP 

(Approx.) 

8000-12000 1200 Poor 

LIME 2000-3000 480 Moderate 

Attention 

(ViT) 

25-30 800 Excellent 

 

Grad-CAM achieves the lowest latency (12-15ms), 

making it suitable for real-time applications. SHAP 

provides theoretically grounded explanations at 

substantial computational cost. LIME occupies a 

middle ground. Attention visualization for Vision 

Transformers is surprisingly efficient, as attention 

computation is part of the standard forward pass. 

 

B. Explanation Quality Assessment 

Evaluating explanation quality is inherently 

challenging, as ground truth explanations generally 

do not exist. Researchers employ several proxy 

measures: 

 

Perturbation-based Evaluation: Remove top-k 

important pixels identified by the explanation 

method, measuring prediction degradation. 

Effective explanations should cause rapid accuracy 

drops [18]. 

 

Human Evaluation: Humans judge whether 

explanations are intuitive and align with their own 

reasoning, introducing subjective bias but capturing 

pragmatic interpretability. 

 

Faithfulness Metrics: Assess whether explanations 

accurately reflect model internals, measuring 

correlation between explanation saliency and actual 

gradient magnitude. 

 

Table II presents perturbation-based evaluation 

results on ImageNet-1K classification [19]: 

 

Table II: Explanation Quality Metrics 

Method Accuracy Drop 

(Top-10%) 

Human 

Alignment 

Grad-CAM 38.2% 0.72 

SHAP 51.7% 0.81 

LIME 44.3% 0.76 

Attention 

(ViT) 

42.1% 0.74 

SHAP achieves the highest degradation rate 

(51.7%), indicating that identified important 

features are indeed critical for predictions. Human 

alignment ratings (0-1 scale) reveal SHAP's superior 

alignment with human intuition. These results 

suggest trading computational efficiency (Grad-

CAM) for explanation quality (SHAP) depends on 

application requirements. 

 

V. APPLICATIONS IN HIGH-STAKES 

DOMAINS 

 

A. Medical Imaging Diagnosis 

In medical imaging, explainability is paramount. 

When a deep learning model recommends that a 

patient undergo biopsy for suspected cancer, 

radiologists require visual evidence justifying the 

recommendation. Grad-CAM has been extensively 

deployed in clinical settings, highlighting suspected 

tumor regions [20]. SHAP applications quantify 

which imaging features (texture, location, density) 

contribute most to diagnostic decisions, enabling 

radiologists to verify clinical plausibility before 

relying on AI recommendations. 

 

However, medical applications reveal important 

limitations: saliency maps may highlight regions 

distant from actual pathology, or emphasize 

clinically irrelevant features correlated with disease 

in the training data [21]. This phenomenon, termed 

"shortcut learning," demonstrates that explanations 

require human expert validation. 

 

B. Autonomous Vehicle Decision-Making 

Autonomous vehicles rely on deep learning for 

perception (detecting pedestrians, vehicles, traffic 

signals) and decision-making (planning safe 

trajectories). In accident scenarios, post-mortem 

analysis of model outputs and explanations is 

essential for liability determination and systematic 

improvement [22]. 

 

Attention visualization proves particularly valuable 

for temporal decision-making: tracking how a 

model's focus evolves across video frames reveals 

whether critical objects (occluded pedestrians, 

sudden obstacles) received appropriate attention. 

SHAP attribution to specific sensor inputs (camera, 

LiDAR, radar) explains which sensor information 

most influenced safety-critical decisions. 
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C. Bias Detection and Fairness 

Explainability methods reveal model biases, 

particularly in facial recognition systems. Studies 

using Grad-CAM and LIME identified models that 

disproportionately attend to skin tone when 

classifying demographic attributes [23]. SHAP 

analysis quantified feature importance disparities 

across demographic groups, enabling targeted 

debiasing interventions. 

 

Without explainability tools, such biases would 

remain latent, perpetuating discriminatory 

outcomes. Conversely, explainability enables 

proactive fairness assessment and mitigation before 

deployment in sensitive applications. 

 

VI. CHALLENGES AND FUTURE 

RESEARCH DIRECTIONS 

 

A. Explanation Reliability and Faithfulness 

A critical challenge: can we trust explanations? 

Adversarial perturbations can manipulate attention 

maps while maintaining predictions [24]. SHAP 

explanations depend critically on background 

dataset selection, yet optimal background selection 

remains unsolved. Grad-CAM's gradient-based 

nature may miss fine-grained details. This concern 

raises philosophical questions: if we cannot validate 

explanations independently, how can they build 

trust? 

 

B. Scalability to Large-Scale Models 

Modern foundation models (CLIP, DINO, large 

vision transformers) contain billions of parameters. 

Generating explanations for such models at scale 

remains computationally prohibitive. Efficient 

approximations require new theoretical frameworks 

balancing explanation quality against computational 

cost. 

 

C. Unified Explainability Frameworks 

Different explanation methods often produce 

conflicting interpretations of the same prediction. 

Developing principled frameworks unifying 

multiple explanation perspectives remains an open 

problem. Ensemble explainability approaches 

aggregating explanations across methods show 

promise [25]. 

 

VII. CONCLUSION 

 

This comprehensive review examined four 

complementary explainability methods for 

computer vision models. Each approach offers 

distinct advantages and limitations: 

 

Grad-CAM excels in computational efficiency and 

practical deployment, generating intuitive 

visualizations in milliseconds. SHAP provides 

theoretically principled explanations grounded in 

cooperative game theory, achieving superior 

explanation quality despite computational overhead. 

LIME offers model-agnostic interpretability through 

local linear approximations, balancing theoretical 

soundness with practical applicability. Attention 

visualization mechanisms provide inherent 

explainability in transformer architectures, 

eliminating post-hoc analysis requirements. 

 

Critical findings include: (1) No single method 

universally dominates—selection should depend on 

application requirements (real-time vs. high-quality 

explanations), (2) Explanation quality and 

computational cost present fundamental trade-offs, 

(3) High-stakes applications benefit from multiple 

complementary explanation methods, (4) 

Explanation reliability remains an open challenge 

requiring further investigation, and (5) Integration 

with human expertise is essential, particularly in 

safety-critical domains. 

 

Future research should prioritize: (1) Developing 

efficient exact explanation methods for large-scale 

models, (2) Establishing rigorous evaluation 

protocols for explanation quality, (3) Creating 

domain-specific explanation guidelines for medical, 

automotive, and legal applications, (4) Investigating 

causal interpretability beyond correlative 

associations, and (5) Integrating explainability into 

model training (inherently interpretable 

architectures) rather than relying solely on post-hoc 

analysis. 

 

As deep learning systems increasingly influence 

high-stakes decisions affecting individual lives and 

societal wellbeing, explainability transitions from an 

academic curiosity to an essential requirement. The 

methodologies reviewed in this paper represent 

significant progress toward trustworthy AI, yet 

substantial challenges remain in realizing fully 

interpretable, reliable, and fair deep learning 

systems. 
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