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Abstract

Deep learning models have achieved remarkable performance in various tasks. How-
ever, these models often operate as a black box and the reasoning behind the model’s
decisions is unknown. To ensure these predictions are based on valid evidence, ex-
plainability methods are implemented to interpret the model’s internal logic and
foster trust.

This thesis evaluates visual explainability methods for image classification tasks
using a ResNet-18 model trained on ImageNet-1k. We evaluate these methods
using qualitative and quantitative approaches. An evaluation framework that in-
tegrates budget attention into IoU metrics is introduced to allow for a fair com-
parison between di!erent output types, such as coarse heatmaps and segmented
explanations. The analysis shows that Grad-CAM and LIME successfully focus on
correct regions, such as the faces of mammals or the functional parts of artifacts.
However, our study also reveals that the model learned shortcuts. Furthermore,
Grad-CAM generally performs better than LIME across all metrics. This suggests
that model-specific methods leveraging internal gradients are currently more faithful
than model-agnostic perturbation approaches.

Overall, our results demonstrate that both quantitative and qualitative evaluation
approaches are necessary when investigating the performance of visual explainability
methods to ensure that the model’s correct predictions are based on the correct focus,
rather than on hints or shortcuts.

The code written for this thesis can be found at a GitHub repository. 1

1https://github.com/KeakPS/thesis-bachelor
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1 INTRODUCTION 1

1 Introduction

In recent years, artificial intelligence (AI) has gained significant attention and has
become more popular each year (Xu et al., 2021). Deep learning (DL) is a subset of
machine learning (ML) that performs well and even exceeds human capabilities on
specific datasets in the areas of computer vision (CV). This is because DL models
utilize multiple layers of neural networks, which are able to extract patterns and cor-
relations from complex data quickly and e”ciently (Udegbe et al., 2024). However,
the challenges of DL models include a lack of interpretability due to their ”black-
box” nature (Wan et al., 2026). The complexity of these models leads to di”culty
in understanding how they make decisions or why they fail (La Rosa et al., 2023).

DL models do not explain their predictions, thus we need explainability methods
to interpret them (Molnar, 2025). It is important to understand the decision logic
behind the models, especially in the healthcare domain (Akgündoğdu and Çelikbaş,
2025). Explainability methods can generate visual explanations by highlighting the
most important features in the input data (Dugăes,escu and Florea, 2025). Thus,
these methods can enhance generalizability, transparency and the accurate compre-
hension of predictions, thereby fostering trust in DL models and their deployment
across various domains.

There are various visual explainability methods that can interpret the model’s de-
cisions (Gupta et al., 2023). In this study, we focus on exploring di!erent visual ex-
plainability methods, including Gradient-weighted Class Activation Mapping (Grad-
CAM) (Selvaraju et al., 2017) and Local Interpretable Model-agnostic Explanations
(LIME) (Ribeiro et al., 2016), on a ResNet-18 model pretrained on the ImageNet-1k
dataset for image classification tasks.

We explore whether these post-hoc visual explainability methods can make the
model’s decisions easier to understand and reveal misclassification or failure sce-
narios. This is because predictions given by the model are not always accurate. By
using these methods, we can analyze whether the model’s predictions are based on
the correct focus and reasoning. The evaluations are conducted both qualitatively
and quantitatively, including an approach that integrates budget attention using
Top-K% important pixels into the Intersection over Union (IoU) metric to ensure a
fair evaluation due to the di!erent outputs generated by the Grad-CAM and LIME
explainability methods.

2 Related Work

There are many explainability techniques that can interpret the model’s decisions
and they can be categorized into di!erent classes based on their mechanisms (Gupta
et al., 2023). Gradient-weighted Class Activation Mapping (Grad-CAM) (Selvaraju
et al., 2017), Integrated Gradients (Sundararajan et al., 2017), Guided Backpropa-
gation (Springenberg et al., 2015) are some of the common gradient-based explain-
ability methods. The Grad-CAM method utilizes the weighted gradients of the
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target class with respect to the last convolutional layer and generate a heatmap
highlighting the important sections in the image for that predicted class (Selvaraju
et al., 2017). The Integrated Gradients technique di!ers by backpropagating to the
input layer of the model and integrating those gradients to provide a pixel-level
attribution map (Sundararajan et al., 2017). The Guided Backpropagation uses the
same backpropagation process as Integrated Gradients, but adds a filter to prevent
the backward flow of negative gradients (Springenberg et al., 2015).

The core mechanism of these gradient-based explainability methods is based on
the calculation of the network gradient of the output with respect to the input
image, focusing on the features with the highest gradients to explain the individual
classification. All these explainability methods provide heatmap visualizations as an
explanation (Gupta et al., 2023). The main di!erence between these gradient-based
methods is how they propagate the gradients (Molnar et al., 2020).

Another class of explainability methods consists of perturbation-based methods,
including Local Interpretable Model-agnostic Explanations (LIME) (Ribeiro et al.,
2016), Randomized Input Sampling for Explanation of Black-box Models (RISE)
(Petsiuk et al., 2018), SHapley Additive exPlanations (SHAP) (Lundberg and Lee,
2017). The LIME method generates multiple variants of the original image by using
image segmentation technique and employs a surrogate model to approximate the
predictions (Ribeiro et al., 2016). The RISE technique performs occlusion by using
randomly sampled binary masks to observe changes in the output (Petsiuk et al.,
2018). The SHAP method tests the presence or absence of feature combinations
in the original image and assigns each feature an importance value (Shapely) for a
particular prediction (Lundberg and Lee, 2017).

These perturbation-based methods modify parts of the image by blurring them or
replace them with occlusion masks to observe how much this a!ects the model’s
decision (Zhang et al., 2025). A notable advantage of perturbation-based methods
is that nearly all methods are model-agnostic and can be applied to any architecture,
whereas most of the gradient-based methods require access to the internal structure
of the model to interpret the decisions (Gupta et al., 2023).

We will analyze two popular and widely used, but very di!erent, local interpretation
methods, which are Gradient-weighted Class Activation Mapping (Grad-CAM) (Sel-
varaju et al., 2017) and Local Interpretable Model-agnostic Explanations (LIME)
(Ribeiro et al., 2016). Both are post-hoc visual explainability methods, meaning
they are applied after the model has been trained to highlight the important fea-
tures in the image based on the model’s output (Zhang et al., 2025).

Figure 1 shows a brief categorization of explainability methods (Gupta et al., 2023).
In our study, we focus on analyzing the model classifications of image data.

There are two main categories of explainability techniques, which are global ex-
planation or local explanation (Henninger and Strobl, 2025). Global explainability
methods tend to understand the mechanisms of the model for general decisions, while
local explainability methods focus on specific individual predictions. For example, a
local explanation shows why the model classifies a specific image as a ”cat” instead
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Figure 1: A diagram of high-level categorization of explainability methods (Gupta
et al., 2023).

of a ”dog”, whereas a global explanation tries to interpret the model to show which
features generally contributed the most across all predictions. Both Grad-CAM and
LIME are categorized as local explainability methods.

Explainability methods can also be classified into model-specific or model-agnostic
based on their dependency on the architecture (Gupta et al., 2023). Grad-CAM is
an example of model-specific method. It utilizes the feature maps of the final con-
volutional layer and their corresponding gradients to compute importance weights.
Thus, the explanation is dependent on the structure of the model. In contrast,
model-agnostic methods, such as LIME, are able to explain any model by treating
it as a black box (Ribeiro et al., 2016).

In this study, we selected Grad-CAM and LIME as our visual explainability meth-
ods to evaluate and interpret the image classifications output of the deep learn-
ing model. Out of those gradient-based methods, we chose Grad-CAM because it
performs significantly better than pixel-based gradient visualizations like Guided
Backpropagation, especially in localizing objects in images (Gupta et al., 2023). Its
heatmap visualization can discriminate between classes more accurately and helps in
identifying biases (Selvaraju et al., 2017). This is highly suitable for our evaluation,
as it allows us to detect whether the model relies on the background or other noise
when making incorrect predictions.
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On the other hand, LIME was chosen among those perturbation-based explainability
methods because it is popular and widely used. The LIME method is able to show
both visual explanations and rank feature importance indices, which are suitable for
identifying the most important regions of the input image (Kondaveeti and Simhadri,
2025). Its explanation provides intuitive visualizations of the influential features in
segments, unlike SHAP, which provides Shapley values that represent the numerical
importance of those features (Henninger and Strobl, 2025). Thus, by using LIME,
we can identify specific features like the eyes or ears of a cat, that contribute to the
prediction.

The ImageNet dataset was used for this study because it is the gold standard for
training and evaluating the performance of deep learning models (Deng et al., 2009).
The ImageNet-1k subset, specifically, is a benchmark for various computer vision
tasks due to its large scale and diverse labels (Russakovsky et al., 2015). More-
over, the dataset was collected from natural image data, meaning real-world ob-
jects commonly encountered in daily life, which makes our analysis approachable to
non-experts while e!ectively demonstrating the performance of visual explainability
methods in realistic scenarios.

In this experiment, we utilized the Deep Residual Learning architecture, also widely
known as the Residual Network (ResNet), a popular deep convolutional neural net-
work in image recognition tasks (He et al., 2016). This architecture won the first
place in the ILSVRC 2015 competition and this excellent achievement is evidence
that it performs well in visual tasks. While ResNet has five standard depths (18,
34, 50, 101 and 152 layers), we chose the 18 layers variant in this study. Our ob-
jective is to analyze how visual explainability methods interpret the decisions of the
model, instead of maximizing classification accuracy at this stage. By understand-
ing the reasons behind the model’s decisions, we can eventually refine and improve
the performance. Hence, we employed the ResNet-18 architecture and it is more
computationally e”cient.

Figure 2 illustrates the workflow of the study and evaluates the interpretability of
the ResNet-18 model using both qualitative and quantitative measures. Our pipeline
starts with data preparation by filtering the ImageNet-1k Russakovsky et al. (2015)
validation set and only images with a single object and a single bounding box an-
notation were selected for the experiments. We used a ResNet-18 model He et al.
(2016) pretrained on ImageNet-1k from the PyTorch Image Models timm open-source
library (Wightman, 2019) for image classification for consistent evaluation. Then,
we employed explainability methods to interpret the prediction of the model and
identify the features that are considered important by the model. Finally, we per-
formed both qualitative and quantitative evaluations to compare these explanation
methods.
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ImageNet-1k Validation Data Preparation

ResNet-18 Image Classification
(Class Probability, Recall)

Visual Explainability Methods
(Grad-CAM, LIME)

Qualitative Evaluation

• Visual Heatmap Comparison

Quantitative Evaluation

• Intersection over Union (Localization)
• Pointing Game (Localization)
• Deletion and Insertion AUC (Faithfulness)

Figure 2: Workflow for evaluating visual explainability methods on ResNet-18 image
classification on the ImageNet-1k validation dataset.

3 Visual Explainability Methods

The purpose of employing explainability methods on a complex model is to pro-
vide explanations for its predictions in order to build trust in the model (Ribeiro
et al., 2016). It is important to ensure the predictions provided are reliable, espe-
cially when integrating artificial intelligence (AI) into the healthcare domain (Zhang
et al., 2025). If an image is predicted to be ”cancerous”, the AI model should focus
on the lesion areas, meaning the prediction should be based on correct reasoning.
Thus, explainability methods are helpful in interpreting the model’s decisions and
providing human-readable reasoning (Gupta et al., 2023).

One model-specific and one model-agnostic methods were chosen for our study to
evaluate their interpretations of a ResNet-18 model He et al. (2016) on image classi-
fication tasks using the ImageNet-1k validation dataset (Russakovsky et al., 2015).
These methods are Gradient-weighted Class Activation Mapping (Grad-CAM) (Sel-
varaju et al., 2017) and Local Interpretable Model-agnostic Explanations (LIME)
(Ribeiro et al., 2016).
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3.1 Grad-CAM

Gradient-weighted Class Activation Mapping (Grad-CAM) was introduced by Sel-
varaju et al. (2017). Grad-CAM is a post-hoc explainability method that interprets
any Convolutional Neural Network (CNN) architecture. This framework aims to ad-
dress the architectural limitations of a previous study on the Class Activation Map
(CAM) procedure proposed by Zhou et al. (2016). Both interpretable approaches
are designed for explaining CNN model predictions.

Class Activation Map (CAM) is a foundational approach in visualizing the regions
of an image that a CNN model focuses on to make a decision (Zhou et al., 2016).
A standard CAM explanation relies on a CNN model having a specific internal
structure, which is Global Average Pooling (GAP) (Cao et al., 2023). This GAP
layer is placed before the final output layer, which is softmax layer for classification
task. This specific structure ensures that each feature map’s weight corresponds
directly to a particular class (Fayyaz et al., 2025).

Thus, CAM can only be applied to CNN architectures that possess this specific
GAP followed by softmax structure. However, Grad-CAM is applicable to any
CNN architecture because it is a generalized version of CAM by combining CAM
technique along with gradient-based method (Cao et al., 2023). While CAM uses the
final layer weights of the model, the Grad-CAM explanation is based on gradients
derived from backpropagation (Gupta et al., 2023). Grad-CAM uses the gradients
of the target class to calculate importance weights, e!ectively performing a global
average pooling operation on the gradients rather than requiring a GAP layer within
the model’s structure (Selvaraju et al., 2017). Thus, Grad-CAM is more flexible
compared to the CAM technique because it can generate visual activation maps
for any CNN architecture without requiring a specific structural component (Gupta
et al., 2023).

Grad-CAM is a popular explainability method that can generate visual explanation
highlighting the important regions of an image (Devireddy, 2025). Grad-CAM is also
class-discriminative, meaning it helps in localizing distinct features. For example, if
an image is predicted as a ”dog”, Grad-CAM method can reveal which features of
the dog played a decisive role (Fayyaz et al., 2025). It highlights the regions of the
input that most characterize the prediction (Ventura et al., 2024). Thus, the visual
explanation from Grad-CAM can perform a direct qualitative visual comparison
with other methods.

Figure 3 demonstrates how the Grad-CAM explainability method works in classifica-
tion (Fayyaz et al., 2025). The implementation of Grad-CAM starts with a selected
input image passed through a deep neural network model to get a prediction. Then,
the gradients of the target class score are backpropagated to the feature maps of
the last convolutional layer (Yoon and Lin, 2025). These gradients indicate the sig-
nificance of each feature map in the model’s decision. Then, global average pooling
is applied to obtain one weight for each feature map. Finally, a linearly weighted
combination of the maps is passed through a Rectified Linear Unit (ReLU) activa-
tion to remove all negative values because only the features with a positive influence
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on the prediction are of interest (Molnar, 2025). Grad-CAM generates a heatmap
based on these positive weights and overlays it on the original image to highlight
the model’s attention area (Sun et al., 2022).

Figure 3: The visualization of internal working process of Grad-CAM (Fayyaz et al.,
2025).

Grad-CAM heatmap as explanation on the model’s decision, revealing the regions of
the image that have the most influence on the model’s prediction (Nazir et al., 2024).
Figure 4 shows a Grad-CAM visual explanation on the ResNet-18 model prediction
of an image as ”Goldfish”. The Grad-CAM heatmap uses color coded gradients
(Nazir et al., 2024). Warmer colors like red indicate areas of high activation in the
model’s feature maps (Yoon and Lin, 2025). In contrast, cooler colors like blue
represent the least important regions (Ventura et al., 2024).

3.1.1 Mathematical Formulation of Grad-CAM

The goal of the Grad-CAM explainability method is to find a localization map
Lc
Grad-CAM → Ru→v of width u and height v for a specific class c (Selvaraju et al.,

2017). First the gradient of the class score yc before the softmax layer is computed
with respect to the feature map activations Ak. Then, these gradients are global-
average-pooled to obtain the neuron importance weights ωc

k, which is defined as
Equation 1. This weight ωc

k represents the importance of a particular feature map
k for a target class c.

ωc
k =

global average pooling︷ ︸︸ ︷
1

Z

∑

i

∑

j

εyc

εAk
ij︸ ︷︷ ︸

gradients via backprop

(1)
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Figure 4: A Grad-CAM visualization showing an explanation of the image in pre-
dicting the target class ”Goldfish”. The visual explanation highlights the regions
contributing to the target class, revealing that the head is the decisive feature for
the ResNet-18 model prediction.

Where:

• yc is the score for class c (before the softmax layer).

• Ak
ij is the activation value at location (i, j) in feature map k.

• Z is the total number of pixels in the feature map (the normalizing factor).

Once we have the weights ωc
k, we perform a weighted combination of forward acti-

vation maps and follow it with a ReLU function to pick positive values in order to
produce the final heatmap, which is defined as Equation 2.

Lc
Grad-CAM = ReLU

(
∑

k

ωc
kA

k

)

︸ ︷︷ ︸
linear combination

(2)

The ReLU is important because we are only interested in the features that have
a positive contribution to the class score, meaning an increase in pixel intensity
leads to an increase in the class score yc. Negative weights usually represent other
classes. Thus, the ReLU improves localization in Grad-CAM and prevents high-
lighting classes other than the predicted class.

3.1.2 Workflow of Grad-CAM

In this experiment, we implemented the Grad-CAM explainability method using the
pytorch-grad-cam library (Selvaraju et al., 2017). The mechanism of Grad-CAM
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is based on using the gradients from the last convolutional layer to create saliency
maps through linearly aggregated activation maps to highlight the most influential
regions (Sun et al., 2022). This process involves one forward pass and one backward
pass (Selvaraju et al., 2017). Figure 5 demonstrates the Grad-CAM pipeline of the
experiment. The specific aspects of each step are discussed in more detail below.

1. Forward Pass

• Original Image (x) ↑ ResNet-18 Model
• Feature Extraction: Extract activation maps A from the last
convolutional layer.
• Target Class: Identify raw logit score yc for class c.

2. Gradient Computation

• Backward Pass: Compute gradients of target score yc with re-
spect to feature maps: ωyc

ωAk .
• Weighting: Apply Global Average Pooling (GAP) to obtain im-
portance weights ωc

k.
• ωc

k represents the global influence of filter k on the target class c.

3. Linear Combination & ReLU

• Aggregation: Compute weighted sum of feature maps:
∑

ωc
kA

k.
• ReLU Activation: Keep only features with positive influence
(where Lc > 0).
• Formula: Lc

Grad-CAM = ReLU(
∑

ωc
kA

k).

4. Interpretation

• Upsampling: Resize coarse 7 ↓ 7 heatmap to match original image
resolution.
• Visualization: Warmer colors (red) indicate high importance,
cooler colors (blue) denote low importance.

Figure 5: Workflow of the Grad-CAM pipeline for ResNet-18 interpretability on
ImageNet-1k.



3 VISUAL EXPLAINABILITY METHODS 10

Step 1: Forward Pass

The implementation of Grad-CAM explainability method starts with selecting a
sample image x from the ImageNet-1k validation dataset, which is then passed
through the ResNet-18 model to obtain its classification prediction (Selvaraju et al.,
2017). Next, the final convolutional layer of the deep neural network is identified.
For the ResNet-18 architecture, the target layer is the second convolutional layer
(conv2) within the final residual block of the fourth stage (layer4) (Arias-Duart
et al., 2022). There are 512 feature maps, also known as activation maps A, with
7 ↓ 7 resolution in this final convolutional layer of ResNet-18. During the forward
pass, these activation maps are extracted.

Grad-CAM provides an explanation based on the final convolutional layer as this
layer contains high-level semantics learned by the network (Selvaraju et al., 2017).
The spatial information of this layer enables Grad-CAM to localize the regions
containing the distinct features of the object in the image, such as a bird’s beak, a
dog’s tail or a cat’s eyes.

The raw logit scores of all 1000 classes are obtained after the ResNet-18 model
classifies the input image. The class with the highest score is identified as the
predicted class, which is also known as the target class c (Selvaraju et al., 2017).

Step 2: Gradient Computation

After the target class c is identified, a backward pass is performed to the last con-
volutional layer before the fully connected layers in order to compute the gradients
of the logit score yc with respect to the extracted feature maps Ak (Yoon and Lin,
2025). Each feature map k collects di!erent information for classifying the input
image.

These gradients are denoted as ωyc

ωAk and represent the importance of each pixel in
the corresponding feature map k toward the final classification of class c (Selvaraju
et al., 2017). Thus, these gradients reveal how much each pixel influences the score
(Yoon and Lin, 2025). In this experiment, the ClassifierOutputTarget object
from the pytorch-grad-cam library is utilized to handle the gradients, ensuring
that the backpropagation process focuses only on the target class while ignoring
other class activations (Selvaraju et al., 2017).

Then, the Global Average Pooling (GAP) in Equation 1 is applied to obtain the
mean of the gradients of each of the 512 feature maps (Molnar, 2025). Figure
6 illustrates how the GAP technique works. GAP is a dimensionality reduction
technique designed to reduce the total number of parameters (Gupta et al., 2023).
In this experiment, the GAP operation is applied to reduce the spatial dimensions
(7 ↓ 7) of the gradients into a single value, ωc

k for each feature map k (Yoon and
Lin, 2025). This is performed by averaging across the width (i = 7) and the height
(j = 7) dimensions, where the total number of pixels in each feature map is Z = 49.
Thus, the importance of each feature map is summarized into one weight, which is
known as the neuron importance weight ωc

k.
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Figure 6: Global Average Pooling (GAP) reduces the dimension by taking the aver-
age of each feature map, meaning only one value represents each feature map. Thus,
the dimension of each feature map is reduced from 49 to 1 (Gupta et al., 2023).

Step 3: Linear Combination & ReLU

Grad-CAM generates a heatmap by utilizing a weighted linear combination of activa-
tion maps (Sun et al., 2022). Each feature map Ak is multiplied by its corresponding
neuron importance weight ωc

k (Yoon and Lin, 2025). Thus, the highly contributed
feature maps for the target class are identified. These 512 weighted feature maps
are then aggregated to form a single combined map (Fayyaz et al., 2025).

Next, this combined map is passed through a Rectified Linear Unit (ReLU) acti-
vation function in Equation 2. The ReLU function sets all negative value to zeros
(Fayyaz et al., 2025). This is because Grad-CAM explanation is only interest in
regions that support the target class, which have a positive influence on the target
class score (Molnar, 2025). Usually the negative values indicate features of other
classes. Thus, the Grad-CAM heatmap visualizes and explains the evidence for the
predicted class c.

This result is stored as a grayscale saliency map in the Grad-CAM implementation,
where the pixel values range from 0 to 1, representing the normalized importance of
each region 6 (Selvaraju et al., 2017).

Step 4: Interpretation

The output of Grad-CAM (7 ↓ 7) has smaller dimensions than the original input
image (224↓ 224) as it was derived from the last convolutional layer of the ResNet-
18 model (Yoon and Lin, 2025). Thus, an upsampling process is carried out using
bilinear interpolation in order to match the input size. Then, the heatmap can be
overlaid on the original image.

The heatmap is then normalized. Thus, a value of 0 indicates that a pixel has a
minimum importance and is assigned with a cooler color, such as blue, while a value
of 1 indicates maximum importance and is assigned with a warmer color, such as
red (Nazir et al., 2024). Figure 7 shows an example of the Grad-CAM heatmap.
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Thus, Grad-CAM explainability method can provide class-discriminative heatmap
and show which image regions influenced the prediction (Devireddy, 2025).

Figure 7: A Grad-CAM heatmap visualization is shown on the right with its original
input image on the left. The ResNet-18 shows high confidence in this classification.
Warmer-colored regions, such as red, indicate the areas focused on by the model,
representing the important features that contributed to the prediction. Thus, based
on the heatmap, we can observe that the eyes and the pointy part of the beak are
evidence that the model predicted this image as a ”Hornbill”.

3.2 LIME

Local Interpretable Model-agnostic Explanations (LIME) was introduced by Ribeiro
et al. (2016). LIME is a post-hoc explainable technique that aims to interpret
predictions from any model. The core mechanism is based on approximating the
complex ”black-box” model behavior using a simpler, interpretable local surrogate
model. The authors of the LIME approach believe that a simple model is su”cient
to explain predictions from a complex model (Gupta et al., 2023).

Figure 8 illustrates the LIME interpretation process. The concept behind the LIME
explainability method is intuitive (Molnar, 2025). LIME tracks the changes in pre-
dictions of the complex model by giving some variations of the original input. For
images, these perturbed inputs are created by segmenting the original image into
superpixels and randomly hiding them. Then, LIME uses these resulting proba-
bilities on the target class from the complex model, mapped to their corresponding
perturbed image, to train a simpler surrogate model that explains the local decision.
LIME explanation highlights the segments that support the target class in green and
the segments that decrease the probability of the target class in red (Ribeiro et al.,
2016).

For example shows in Figure 9, when a perturbed image with the segment containing
the dog’s ear being hidden, the probability of the target class ”German Shepherd”
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Figure 8: The visualization of LIME interpretation process from left to right, show-
ing the original input followed by the perturbation process used to obtain variations
of the input. The final image displays the LIME explanation highlighting the top-n
segments contributing to the target class ”toucan” (Ng et al., 2022).

drops. Conversely, if the snow background segment is being hidden, the probability
of the target class ”German Shepherd” increases. This result shows that the fea-
ture of the dog’s ear supports the prediction of ”German Shepherd”, but the snow
decreases the confidence of the model in predicting that class. Thus, LIME visu-
alization highlights the segment containing the dog’s ear in green, showing that it
has a positive weight, while highlighting the segment with snow in red, indicating a
negative weight toward the prediction.

Figure 9: A LIME visualization showing an explanation of the image in predicting
the target class ”German Shepherd”. The image on the left shows the original input.
The image in the middle shows the top 5 segments that contributed positively to
the target class. The image on the right shows the top 10 segments with the highest
absolute weight. The segment in green represents a segment that supports the target
class ”German Shepherd” and the segment in red means it confused the model when
predicting for that target class.
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The LIME method is an interesting explainability technique within the social science
domain (Henninger and Strobl, 2025). For example, LIME can explain why certain
treatments are more e!ective for specific patients or why certain teaching methods
are more suitable for specific students. These scenarios require selecting a specific
person of interest for the explanation.

The LIME method gives a local explanation, meaning it focuses on interpreting
an individual prediction Garreau and Luxburg. Instead of explaining the global
reasoning, which is a significant challenge when the gradient is near to zero, the
LIME method aims to solve feasible tasks by using a surrogate model to approximate
the original model locally (Ribeiro et al., 2016). The LIME evaluation framework
supports any architectures, including explanation model, also known as ”white-
box” models, such as Decision Trees and Linear Regression. In many cases, LIME is
mainly utilized to interpret ”black-box” models, such as deep learning models. Thus,
LIME is considered as a model-agnostic approach that can explain the predictions
from any classifier or regressor in a faithful way. Moreover, most of the model-
agnostic explainability techniques are also perturbation-based, meaning they make
predictions on modified input features (Molnar et al., 2024).

3.2.1 Mathematical Formulation of LIME

LIME is expressed as Equation 3 and its specific aspects in more detail further below
(Ribeiro et al., 2016). The goal of LIME is to find an explanation model g → G,
where G is a set of potentially interpretable models, including all linear regression
models, decision tree or sparse linear models (Lasso), that is able to provide intuitive
presentations, such as visual or textual artifacts (Molnar, 2025).

ϑ(x) = argming↑G L(f, g, ϖx) + #(g) (3)

Where:

• f represents the complex, ”black-box” model being explained.

• g is the simple, interpretable surrogate model.

• ϖx(z) is a proximity measure that defines the size of the neighborhood around
the original input x.

• L(f, g, ϖx) is a measure of how unfaithful g is in approximating f within the
locality defined by ϖx.

• #(g) represents the complexity of the explanation model g.

LIME uses a local interpretable model g for instance x that minimize loss L, which
measures how close the explanation is to the prediction of the original model f
(Ribeiro et al., 2016). #(g) should be kept low, meaning having less features in the
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explanation, in order to be interpretable by humans. The proximity measure ϖx

assigns higher weights to perturbed samples that are closer to x (Devireddy, 2025).
LIME needs to balance between interpretability and local fidelity (Ribeiro et al.,
2016).

In practice, LIME can only optimize the loss L under a fixed complexity #(g)
(Molnar, 2025). The user is required to define the number of active features for the
explanation. For example, in the image context, this is the maximum number of
segments that the surrogate model may use in the explanation.

3.2.2 Workflow of LIME

In this experiment, we implemented the LIME explainability method using the lime
library (Ribeiro et al., 2016). The idea behind the LIME is to build a simpler and
more explainable surrogate model, such as a linear function, trained on perturbed
variations of the original input (Gupta et al., 2023). Then, LIME identifies the
specific feature weights within the perturbed neighborhood that quantify the contri-
bution of each feature to that particular prediction by analyzing these local samples.
The details of each step in the process are discussed below and Figure 10 illustrates
the LIME workflow used in the experiment.

Step 1: Image Segmentation

First, an original input x is selected from the ImageNet-1k validation dataset. The
approach of randomly perturbing individual pixels would not have a noticeable
change in model’s confidence in the target class, since usually more than one pixel
contributes to the prediction (Molnar, 2025). Thus, a segmentation algorithm is
applied in order to group pixels into superpixels based on their similarities to create
more meaningful interpretable components (Gupta et al., 2023).

In our experiment, we chose Simple Linear Iterative Clustering (SLIC), which is
widely adopted in the LIME method for image data (Achanta et al., 2012). This
superpixel algorithm adapts the k-means clustering technique with consideration
of the three color channels plus two spatial coordinates to generate perceptually
homogeneous regions. Thus, by including joint color and spatial features, the SLIC
algorithm divides an image into superpixels that are not only the same color but
are also physically close to each other.

The authors conducted some tests on three di!erent approaches in generating super-
pixels, including the SLIC, Felzenszwalb and Q-Shift, found that the SLIC algorithm
is more stable in segment ordering (Ng et al., 2022). Stability in the context of LIME
means the explanation output is consistent when running LIME multiple times on
the same image and the SLIC algorithm is better at ensuring the same segment
index consistently represents the same image region and is approximately equally
sized.

The SLIC algorithm is simple because it only has one parameter to tune, which is
the number of desired segments (Achanta et al., 2012). This parameter determines
the granularity of the explanation in LIME, thereby determining its resolution. Too
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1. Image Segmentation

• Original Image (x) ↑ Superpixels
• Method: SLIC Algorithm
• Configuration: number of segments = 100 and compactness = 10

2. Sampling & Model Inference

• Perturbation: Generate N = 1000 masked samples z
• Inference: Pass perturbed samples through the ResNet-18 model
to collect target class probabilities f(z)

3. Local Surrogate Model

• Model: Weighted Ridge Regression model g
• Weights: Proximity kernel εx assigns higher influence to samples z
most similar to original image x.
• Output: Learned coe!cients w

4. Interpretation

• Map learned weights w back to image space
• Visualization: positive weight (green), negative weight (red)

Figure 10: Workflow of the LIME pipeline for ResNet-18 interpretability on
ImageNet-1k.

many segments will cause ”over-segmentation”. Each segment becomes so small that
it may fail to capture meaningful textures and patterns, instead focusing on tiny
details that make the overall pattern di”cult to identify. Conversely, a low number
of segments leads to ”under-segmentation”, where object features and background
may exist within one segment or distinct features may be grouped together. After
testing across a range of values of segment, including 30, 50, 80, 100, 150 and 300, we
observed that the range between 50 and 150 provides an optimal balance for LIME
visualizations. Figures 11 through 13 illustrate the impact of varying segment counts
on a sample image using LIME explanation. Consequently, we fixed the parameter
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at 100 segments for this experiment as it consistently yielded visual components
with distinct, interpretable features.

Another parameter is the compactness. We used a compactness value of 10, which is
the default in the scikit-image implementation and was kept constant throughout
our experiments. Superpixels in uniform and regular shape are more intuitive to
analyze but may not align with the actual boundaries in the image well (Achanta
et al., 2012). We chose a compactness value that balances clean shapes with accurate
boundary adherence.

Figure 11: A LIME explanation with 30 segments shows that some superpixels in
the middle merge the features of the dog with the road background. Consequently,
the entire segment is highlighted in green, even though the road may not be relevant
to the ”Golden Retriever” target class.

Figure 12: A LIME explanation with 100 segments provides a balanced representa-
tion as it e!ectively separates the features of the dog from the background. More-
over, the dog’s distinct features are more identifiable. For example, the ears, eyes
and mouth are grouped into di!erent segments.
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Figure 13: A LIME explanation with 200 segments shows that the size of each
segment is too small and may not represent a meaningful, interpretable component.
When observing the top 5 positive segments, it is di”cult to relate them to the
”Golden Retriever” target class.

Step 2: Sampling & Model Inference

After the chosen original image is segmented using the SLIC superpixel algorithm,
LIME generates multiple variations of the input image z by perturbing the segments
(Devireddy, 2025). In this experiment, we fixed the number of perturbed samples
N at 1000 for each input image. This value is chosen because it can produce a
stable LIME explanation output, while maintaining a manageable computational
cost. A higher number of perturbed variations ensures better stability in the LIME
framework, meaning more consistent LIME explanation outputs across multiple runs
(Ng et al., 2022).

This perturbation process is used to create a local explanation (Ng et al., 2022).
A binary feature vector is created and each element indicates the presence (1) or
absence of a specific segment (Lundberg and Lee, 2017). During the perturbation
process, the segments are randomly turned ”on” or ”o!” (Molnar, 2025). An ”o!”
segment is replaced by the average color of that specific segment by default in the
lime library. Thus, the details of that segment are blurred with a uniform color.

Then, each perturbed sample is passed through the complex model, which is ResNet-
18 model, to track precisely how the target class probability f(z) changes with dif-
ferent visible regions (Zhang et al., 2025). This allows the LIME to establish a clear
relationship between the presence of a superpixel and the resulting classification
confidence (Ribeiro et al., 2016). Thus, LIME can quantify the individual contri-
bution of each visual component to the model’s final decision, e!ectively treating
the ”black-box” ResNet-18 model as a function whose local behavior can be probed
through these controlled perturbations.
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Step 3: Local Surrogate Model

Then, the perturbed samples with their corresponding target class probability are
used to train an interpretable local surrogate model g (Ribeiro et al., 2016). The
local surrogate models can provide meaningful and transparent explanations through
decision rules or weights, which explain the reasons for the decision (Gupta et al.,
2023). The model is simpler and interpretable and can be anything from Lasso to a
Decision Tree (Molnar, 2025).

In our experiment, we implemented the default local model from the lime library,
which is a Weighted Ridge Regression (Ribeiro et al., 2016). This linear model learns
feature importance weights by using a proximity kernel ϖx to assign higher impor-
tance to perturbed samples z that are most similar to original image x (Devireddy,
2025). For example, the segments that are visible when the target probability is high
obtain a higher importance score. Thus, the LIME explanation is locally faithful,
meaning the interpretation is specific to this individual input (Ribeiro et al., 2016).
The learned coe”cients w represents the relative importance of each superpixel in
contributing the ResNet-18 model’s final prediction.

Step 4: Interpretation

The learned coe”cients w are mapped back to their corresponding segments to
generate a visual explanation (Ribeiro et al., 2016). In this experiment, we have
three di!erent presentation formats for LIME visual explanation, including (1) Top
5 positive segments of the target class, showing the most supporting features (2) Top
10 segments to provide a broader view of both positive and negative contributions
and (3) LIME heatmap, to provide an intuitive visualization that allows for a direct
qualitative comparison with the Grad-CAM heatmap.

These segments are highlighted to show the specific regions that contributed to the
model’s prediction based on the learned coe”cients (Devireddy, 2025). For the
(1) and (2) visual presentation, the segments highlighted in green indicate features
that support and increase the target class probability, the segments in red represents
evidence that decrease the model’s confidence in predicting that target class (Molnar,
2025).

In the (3) LIME heatmap, the segments are highlighted according to their influence
on the target class using color coded gradients (Kondaveeti and Simhadri, 2025).
Each superpixel is assigned with a color based on its significance, with warmer
colors such as red indicating higher importance, while cooler colors such as blue
show segments with lower importance. These color coded gradients follow the same
rules as the Grad-CAM heatmap.

Figure 14 illustrates a LIME visual explanation of an example which has the target
class ”Siberian Husky”. The LIME explanation interprets the regions on which the
complex model focused and can be visualized directly on the input sample, providing
an intuitive reasoning for the classification decision (Molnar, 2025).
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Figure 14: A LIME visualization in three di!erent representations is shown. The left
image of the top row shows the original input image, while the image on the right
shows (3) the LIME explanation as a heatmap. Here, warmer-colored segments,
such as red, indicate the important features that contributed to the target class
”Siberian Husky”. The bottom row images have a di!erent color representation.
The image on the left illustrates (1) the top 5 positive segments, meaning evidence
supporting the target class. The image on the right shows (2) the top 10 segments,
showing both positive and negative influences on the ResNet-18 model prediction.
Segments highlighted in green indicate positive weights that increase the probability
of the target class, while segments in red decrease it. Thus, by looking at the
positive segments, we can observe that the eyes and nose are evidence that the
model predicted this image as a ”Siberian Husky”.

4 Evaluation Metrics

Di!erent visual explainability methods produce di!erent outputs. LIME results in
superpixels and each has one value (Ribeiro et al., 2016). Every pixel in that su-
perpixel gets the same weight. If there are 100 segments, there are only 100 output
values for that image. In contrast, Grad-CAM provides continuous output values
and may have di!erent values for every pixel that create a smooth heatmap (Sel-
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varaju et al., 2017). Hence, evaluation metrics are limited for a fair comparison
across the explainability methods. We also included accuracy and probability met-
rics to evaluate the performance of the pretrained ResNet-18 model on ImageNet-1k
image classification task.

We first performed a small scale evaluation using selected classes and reviewed them
manually. Then, we expanded this to a larger subset, by evaluating all the images
of that particular class to avoid cherry-picking results. Qualitative and quantitative
measures are the two main types of evaluation (Gupta et al., 2023). We conduct
a comprehensive analysis of the explainability methods by evaluating them both
qualitatively and quantitatively to understand their interpretability on the predic-
tions of the ResNet-18 He et al. (2016) model. We selected specific approaches and
metrics that are suitable for our explainability methods.

4.1 Qualitative Evaluation

Qualitative evaluation is carried out based on observations and comparisons between
the visual heatmap outputs from the explainability methods. The authors found that
convolutional neural network models tend to be biased towards texture rather than
the shapes (Geirhos et al., 2019). For example, the models may classify an image
as a ”cat” based on fur texture rather than the cat shape. Conversely, humans
observe and recognize the entire object shape as a clue to identify the object. In our
experiment, we utilized explainability methods to analyze where the model focuses
the most when making that particular prediction and compare whether it aligns
with human intuition.

We compared these explainability methods to find which features the model consid-
ered important when recognizing objects. For example, whether it relied on textures,
patterns or fine-grained details, like fur, feathers or surface textures. In some cases,
we observed specific scenarios or circumstances where the model used the image
background as a hint to make a correct or incorrect prediction. In cases of misclassi-
fication, we used these insights to determine if the model focused on the background
or on fine-grained features that are shared by very similar classes, thus leading to the
mistake. Then, we categorized and highlighted the qualitative di!erences between
explainability techniques.

4.2 Quantitative Evaluation

Quantitative evaluation are based measurable and numerical aspects to evaluate a
model’s performance (Kondaveeti and Simhadri, 2025). A quantitative methodol-
ogy for evaluating deep learning models using explainability methods goes beyond
traditional accuracy metrics (Ventura et al., 2024). Evaluation from many angles
is important and serves as a foundation for integrating reliable and trustworthy
artificial intelligence (AI) systems into real-world practice.
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However, comparing explainability methods solely based on qualitative analysis is
limited by human subjectivity as interpretations may vary between individuals,
which leads to di!erent conclusions (Kondaveeti and Simhadri, 2025). Most of the
studies depend on subjective visual analysis of heatmaps produced by explainability
methods, which is inconsistent, non-reproducible and di”cult to scale.

We addressed these limitations by employing a generalizable and fair quantitative
evaluation methodology, using metrics such as Intersection over Union (IoU) with
pixel budget integration, the Pointing Game and faithfulness metrics, specifically
Deletion and Insertion Area Under the Curve (AUC).

4.2.1 Intersection Over Union with Top-K% pixels

Intersection over Union (IoU) is a localization-based metric that primarily used in
computer vision to evaluate how well a predicted bounding box aligns with the
ground-truth bounding box. In our study, we formally define the IoU with the
integration of the pixel budget concept as a metric to measure the performance of
explainability methods in image classification. While the IoU used di!ers from the
traditional IoU, the concept and mathematical foundation remain the same. The
standard IoU formula in Equation 4 is the area of the intersection of the two regions
divided by the area of the union (Rainio et al., 2024). A is defined as the ground-
truth region and B is denoted as the prediction. The area of the intersection is the
area of overlap between A and B. The area of the union is the total area of A and
B.

IoU =
|A ↔ B|
|A ↗ B| (4)

The IoU score ranges between 0 and 1, where 0 indicates no similarity and 1 shows a
perfect match between the predicted and ground-truth bounding boxes. The greater
the overlap region, the greater the IoU score. A higher IoU means the explainability
method highlights the correct spatial region more accurately.

We computed the mean Intersection over Union (mIoU) using Equation 5 when
evaluating across multiple samples or multiple classes (Zhang et al., 2025). The
mIoU compares the prediction binary map B with the ground-truth annotation A.

mIoU(E,A) =
1

N

N∑

i=1

|Bi ↔ Ai|
|Bi ↗ Ai|

(5)

In Equation 5, E is the generated heatmap and converted into a binary prediction
map B. N is defined as the total number of samples. Bi and Ai denote the prediction
and ground-truth annotation for the i-th sample.

A direct comparison of standard IoU scores between the di!erent explainability
methods might not be possible or fair because each visual explainability method has
a di!erent output scale. Grad-CAM produces smooth heatmaps, which is pixel-levels
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attention (Selvaraju et al., 2017). LIME output image is segmented into a desired
number of segments (superpixels) and assigns one weight to an entire superpixel
(Ribeiro et al., 2016). Every pixel in that superpixel gets the same weight. If we want
to compare these methods with IoU, by setting a threshold of 0.5 on Grad-CAM and
selecting top 1 segment on LIME. The IoU scores are not comparable as the masks
are in di!erent sizes. Grad-CAM might have 25% of pixels above the threshold,
while LIME might only have 8% of pixels in the top 1 segment. The explainability
method with a larger mask has a better chance of overlapping with the ground truth
annotation and results in a higher IoU score. However, the explainability method
with a smaller mask might be more precise but will be penalized.

We propose an approach on top of the standard IoU to mitigate this issue by giving
each explainability method the same ”attention budget”. Instead of letting each
explainability method use its own threshold for the standard IoU calculation, we
select the top K% most important pixels. By fixing this percentage, we determine
which objects the methods can localize within the same ”attention budget”, ensuring
a fairer comparison. The framework of integrating the top-K% pixels concept into
Intersection over Union (IoU) works as follows (Figure 15).

As illustrated in Figure 15, the process begins with the attention budgeting stage
followed by two parallel IoU calculation options.

Step 1: Normalization of the Heatmap

First, we filter negative values and normalize all heatmaps to a 0 to 1 scale using
the min-max algorithm in Equation 6. The step of removing negative weights is
important as we do not want to include weights that negatively contribute to the
prediction. A pixel is negatively weighted by an explainability method, if it decreases
the model’s predicted probability for that class.

Then, the filtered data is rescaled to a range between 0 and 1 according to the min-
max algorithm in Equation 6, where max(X) and min(X) are the maximum and
minimum values of the original input X (Lima and Souza, 2023). This normaliza-
tion step makes Grad-CAM’s gradient magnitudes directly comparable to LIME’s
superpixel weights.

Xnorm =
X ↘min(X)

max(X)↘min(X)
(6)

Step 2: Top-K% Pixel Selection

We assign the same attention budget to every explainability method by selecting
only the top-K% of pixels (Mastroianni and Sager-Müller, 2024). If K = 20, each
method must highlight exactly the top 20% most important pixels of the image area.
We conducted experiments using K = 20 as the baseline for our evaluation because
it represents a reasonable spatial occupancy for target objects in the dataset. After
testing across multiple thresholds with a small subset, we found that selecting the
top 20% of pixels provides a consistent and representative measure of performance.

However, LIME assigns same importance weights to all pixels within a single super-
pixel. This means there is a possibility that the number of top 20% pixels might
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Figure 15: A framework for attention budgeting using Top-K% pixels and IoU
calculation.

exceed the threshold of 10,035 pixels (which is 224×224×20%) because multiple
pixels may have the same importance weight at the decision boundary.

Thus, we employ argsort function from NumPy library to rank all pixels based on
their weight and stop selection exactly when the 10,035th pixel is reached to break
ties. This ensures all explainability methods have the same budget of activation
area.

Step 3: Binary Mask

Then, we convert heatmaps to binary masks to enforce the top-K% budget. Equation
7 shows how the binary prediction map Bi is derived from the normalized heatmap
Ei by selecting the pixels with the highest importance weights. The total number
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of activated pixels equals a fixed percentage K of the total image area for a sample
i.

Bi(x, y) =

{
1 if Ei(x, y) ≃ ϱK
0 otherwise

(7)

In Equation 7, ϱK is the threshold that selects the top-K% of values in Ei. The
tie-breaking rule from Step 2 is applied to ensure Bi contains exactly K% of the
total pixels.

Step 4A: Pixel-level Intersection over Union (Mask IoU)

We evaluate the performance of explainability methods using a pixel-wise compar-
ison between the binary prediction mask Bi and the ground-truth mask Ai. The
reason of using pixel-level analysis is to measure the direct overlap between the
activated pixels and the ground-truth box to see how precisely the object area is
captured.

We implement Boolean logic by counting the pixels active in both masks as the
intersection, while the union is the count of pixels active in either. Equation 8
shows how Mask Intersection over Union (Mask IoU) is calculated by dividing the
shared pixels by the total unique pixels in both predicted and ground-truth masks.

Mask IoU =
Shared Pixels

Total Unique Pixels in Both Masks
(8)

Step 4B: Box-level Intersection over Union (Box IoU)

We implement the common technique of calculating Intersection over Union (IoU)
by comparing the predicted bounding box with the ground-truth bounding box.
First, we extract the predicted bounding box from the binary mask Bi by finding
the minimum and maximum x and y coordinates to enclose all top-K% pixels in the
predicted box.

Equation 9 shows the calculation of the Box-level Intersection over Union (Box IoU).
The area of overlap is divided by the total union area of both boxes.

Box IoU =
Area of Overlap

Area of Predicted Box + Area of Ground-truth Box↘ Area of Overlap
(9)

We provide a comprehensive framework of evaluating the explainability methods
using the performance metric IoU in both pixel-level and box-level. Mask IoU mea-
sures the precise shape and Box IoU checks whether the explanation stays within
the annotated boundaries. Both metrics evaluate the spatial alignment between the
explainability methods and the ground-truth annotations.

In our study, a low IoU score is not necessarily considered an indicator of poor
performance by the explainability methods. In some cases, a low IoU occurs when
the highlighted region represents a small yet highly discriminative feature, but the
annotated box is large and covers the entire object. Therefore, the explainability
methods highlight the target object precisely and remain valid even if they do not
cover the entire ground-truth area.
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4.2.2 Pointing Game

Pointing Game is also a localization-based metric, meaning it evaluates how well
the produced visual explanation aligns with the ground-truth annotations (Zhang
et al., 2025). The concept of the Pointing Game metric is straightforward, it checks
whether the pixel with the highest intensity falls within the ground-truth annotation.
An image is counted as a ”hit” when this pixel is inside the ground-truth bounding
box. Otherwise, it is noted as a ”miss” (Kashefi et al., 2026). The localization
accuracy for each class is calculated by using the ratio of hits to the total number
of images in that class, as shown in Equation 10 (Zhang et al., 2018).

Pointing Game Accuracy =
Total Hits

Total Hits + Total Misses
(10)

The Pointing Game is based on the assumption that a well-trained classifier relies
on features within the annotated object to make a correct prediction (Ventura et al.,
2024). Therefore, an explainability method should place its peak attribution within
the target object bounding box. A higher Pointing Game accuracy indicates that
the method is mostly hitting the correct target and not the background. Evaluation
using the Pointing Game metric is stable because it is parameter-free. Therefore,
the results do not vary based on the chosen threshold, unlike IoU. This metric
e!ectively checks whether the explainability method to focuses its peak attention
on the annotated object, even if the remaining parts of the heatmap contain noise.

4.2.3 Deletion and Insertion Area Under Curve (AUC)

Deletion and Insertion Area Under Curve (AUC) is an evaluation metric like the
Pointing Game that does not depend on the choice of the threshold (Rainio et al.,
2024). This metric focuses on measuring faithfulness by finding the correlation be-
tween pixel importance and changes in model confidence (Zhang et al., 2025). Tests
are carried out by perturbing input pixels identified as important by the explain-
ability method to observe changes in the predictions. The objective is to determine
whether the highlighted features are truly considered important by the model’s out-
put. In our evaluations, we used the Deletion and Insertion Area Under Curve
(AUC) metric to measure faithfulness.

• Deletion Area Under Curve (AUC)

Deletion Area Under Curve (AUC) is a metric that works by iteratively re-
moving the pixels from an image to observe how fast the model’s confidence
in the prediction drops (Kashefi et al., 2026). First, we have an original input
image and a baseline image, which is a blurred version of the image using a
Gaussian filter with ς=10 to ensure the model cannot recognize the object
(Petsiuk et al., 2018). We adopted the strategy of blurring the image instead
of directly ”blacking out” pixels to prevent introducing sharp edges.
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After the saliency map of the explainability method is flattened, all pixels
are ranked in descending order using the argsort function from NumPy li-
brary. Then, we have identified the most important pixels and can perform
the deletion in 100 steps. In each step, approximately 1% of the total pixels
(the most important remaining pixels) are substituted with their counterparts
from a Gaussian-blurred baseline. We calculate the final Deletion AUC using
the trapezoidal rule in Equation 11 after tracking the model’s classification
probability at each step.

AUC =
n∑

i=1

(
ci↓1 + ci

2

)
$xi (11)

In Equation 11, ci represents the model’s confidence using softmax probability
for the prediction at step i. $xi denotes the fraction of pixels modified at each
interval, which is a value 0.01 for the 100 steps process.

We visualize the Deletion AUC in red by plotting a faithfulness graph, where
the x-axis represents the percentage of pixels removed and the y-axis repre-
sents the model’s classification probability for the target class. A lower Dele-
tion AUC indicates that the probability declines sharply when the important
pixels are removed, thereby proving that those features were the reason for
the model’s classification (Kashefi et al., 2026).

• Insertion Area Under Curve (AUC)

Insertion Area Under Curve (AUC) follows the same process as Deletion AUC
but in reverse order (Kashefi et al., 2026). Instead of replacing the original
pixels with a blurred version, the Insertion AUC starts from a completely
blurred baseline image. Then, it gradually inserts the original sharp pixels
into the image, starting with the highest ranked most important pixels. After
all 100 insertion steps, the final Insertion AUC is calculated using the Equation
11.

The Insertion AUC is visualized as green on the same faithfulness graph as
the Deletion AUC. For this curve, the x-axis represents the percentage of
pixels inserted from 0% to 100%. A higher Insertion AUC implies that if the
explanation is precise, the model’s confidence should increase significantly as
important features are inserted (Zhang et al., 2025).

The faithfulness graph provides a comprehensive visualization of how the confidence
of model changes when the important pixels are perturbed. For a highly faithful
saliency map from the explainability method, the Deletion curve (red) should decline
rapidly toward the bottom-left of the graph, while the Insertion curve (green) should
boost quickly toward the top-right of the graph (Kashefi et al., 2026).
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4.2.4 Recall

In our experiment, we use recall rather than standard accuracy to evaluate the per-
formance of the ResNet-18 model on an image classification subset of the ImageNet-
1k validation dataset. The evaluation is conducted on a per-class basis, meaning the
evaluation of a selected class is completed before proceeding to the next class. Thus,
recall is utilized to measure how many samples in that selected class were predicted
correctly with that label, regardless of how many other samples were in the dataset.
Since the validation dataset is filtered and each class has an imbalanced number
of samples, using recall is a more appropriate approach to accurately measure the
performance of the model on each specific class (Juba and Le, 2019).

The classification performance is evaluated using recall as shown in Equation 12
(Grandini et al., 2020).

Recall =
TP

TP + FN
(12)

Where TP represents True Positives, denoting the number of correctly predicted
instances and FN represents False Negatives, denoting the number of instances
belonging to the class that were predicted incorrectly.

Then, an aggregated performance measure is calculated across all classes by dividing
the sum of individual recall scores by the total number of classes.

5 Experiments and Results

5.1 Dataset and Preparation

5.1.1 Dataset

ImageNet is a large-scale hierarchical image database that was introduced in 2009
by a computer science team from Princeton University (Deng et al., 2009). This
dataset initially consisted of around 3.2 million images across 5247 synsets and with
an average of 500–1000 images representing each synset. It was created based on
the WordNet structure, where each meaningful concept in WordNet is described by
multiple words and grouped into a synonym set, also known as synset. This initial
ImageNet dataset featured WordNet’s 12 main subtrees: mammal, bird, fish, reptile,
amphibian, vehicle, furniture, musical instrument, geological formation, tool, flower
and fruit. Because the dataset is huge and based on diverse natural image classes,
it is commonly used for tasks including object recognition, image classification and
automatic object clustering. As shown in Figure 16, classes such as ”husky” and
”trimaran” are nested within a broader semantic hierarchy, ranging from specific
breeds or boat types up to general categories like ”watercraft” or ”sailboat”.

The ImageNet Large Scale Visual Recognition Challenge (ILSVRC) was first or-
ganized in 2010 as a contest for software programs to compete in classifying and
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Figure 16: A snapshot of two root-to-leaf branches from ImageNet. The top row
follows the mammal subtree to the ”husky” class; the bottom row follows the vehicle
subtree to the ”trimaran” class. Each synset includes nine randomly sampled images
(Russakovsky et al., 2015).

detecting objects and scenes correctly (Russakovsky et al., 2015). The ILSVRC re-
sults increased the popularity of the ImageNet dataset and it became a foundational
benchmark for training computer vision models.

The dataset used was a subset of the original ImageNet dataset from Deng et al.
(2009), which is also the same dataset used in our experiment. The 1000 synsets
were selected, ensuring that there is no overlap between synsets (Russakovsky et al.,
2015). As synsets are part of a larger hierarchy and may have children classes in the
original ImageNet dataset, the ILSVRC dataset does not include their child subcat-
egories. Thus, the ILSVRC version of the ImageNet dataset is a more condensed
version of the original ImageNet hierarchy.

Bostock (2018) mapped all 1000 classes to their corresponding WordNet nodes to
visualize the taxonomic relationships of the ILSVRC dataset using a tree structure.
The hierarchy stems from an ”entity” root and then splits into major branches like
”living thing” (451 classes) and ”artifact” (549 classes). The tree below demon-
strates what a WordNet hierarchy structure looks like. It illustrates the path from
the intermediate node ”feline” to specific class-level leaf nodes and draws species
that share the ”domestic cat” parent node, such as the ”Siamese cat”, ”Egyptian
cat”, ”Persian cat”, ”tabby” and ”tiger cat”. This structure allows us to evalu-
ate how explainability methods interpret the model’s ability to distinguish between
these closely related species within the same taxonomic branch. In this experiment,
we selected two to three class-level leaf nodes of the same parent nodes from each of
the 12 subtrees. This sampling strategy provides a comprehensive evaluation across
the ImageNet dataset and allows for a fair, balanced and generalizable comparison.
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The ILSVRC dataset was updated for each year’s competitions and ImageNet dataset
usually refers to the ILSVRC-2012 version, as the synsets have remained unchanged
since then (Russakovsky et al., 2015). This allows researchers to compare mod-
els and evaluate them using the same data, which is one of the reasons we se-
lected this dataset. From here onwards, the terms ”ImageNet”, ”ImageNet-1k” and
”ILSVRC” refer to the same dataset, which is the ILSVRC-2012 version of the Im-
ageNet dataset. This dataset contains around 1.2 million training images, 50,000
validation images and 100,000 test images across 1000 classes. Each image is labelled
with exactly one ground-truth class. In this experiment, we used ImageNet-1k, a
dataset that is widely used benchmark dataset in computer vision for image classi-
fication tasks. We evaluate only the validation dataset, as the scale is manageable
and we focus on interpreting how the models predict, rather than training a model.

The authors identified specific classes that are particularly easy or di”cult for im-
age classification based on ”optimistic” results (Russakovsky et al., 2015). These
aggregated results were based on the best performance achieved by any of the 21
entries from the ILSVRC 2012–2014 competitions, including popular models such as
GoogLeNet, VGG and SuperVision (AlexNet). Rather than focusing on a single ar-
chitecture, this approach identified the maximum accuracy achieved for each class by
any participating model in the contest. Under these combined results from the best
performing model, 121 labels achieved 100% accuracy, while the most challenging
class had a low accuracy with only 59.0%.

As shown in Figure 17, the randomly chosen 10 easiest classes include mammals
such as ”red fox”, ”tiger”, ”hamster”, ”ibex”, ”flat-coated retriever” and ”Blenheim
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spaniel” and animals with distinctive features such as ”stingray”. We observed that
most of the classes are from the mammal subtree or the major branch ”living thing”.
In contrast, the hardest classes in the classification task are from the major branch
”artifact” such as man-made things like ”water bottle”, ”spotlight” and ”letter
opener”.

Figure 17: The 10 easiest and hardest classes for the image classification task aggre-
gate results from best performing models from the particular class. The values in
parentheses represent classification accuracy. 10 Easiest classes are randomly chosen
from among 121 classes that all had 100% accuracy (Russakovsky et al., 2015).

5.1.2 Dataset Preparation

Before the experiment, we performed data filtering to focus solely on single-object
images containing only one bounding box. These criteria were applied to ensure
the images used in the evaluation were clearly visible and well-proportioned. There
were approximately 27,000 images remaining after the dataset filtering process. Any
instance where the bounding box was larger than 80% or smaller than 10% of the
image area was excluded to ensure each image contained a single, well-proportioned
object. We also removed any samples with ambiguously incorrect ground-truth
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labels. We carried out the data filtering process according to the sequence below,
along with the reasons:

• Multiple objects or bounding boxes:

In ImageNet, some of the images may contain more than one object. This may
lead to multiple valid labels being selected or even cases where the annotated
label does not match the most prominent object in the image (Tsipras et al.,
2020). Sometimes, not all objects are annotated with a ground-truth bounding
box even though they belong to the same class. Therefore, in some cases, when
explainability methods correctly identify one of the objects that has no ground-
truth bounding box, the performance metrics do not align with showing how
well that particular method interprets the model’s prediction. For example,
the IoU metric will be low even if the method is correct, because the method
highlights an object without a ground-truth bounding box rather than the one
that is annotated. This data filtering criterion e!ectively prevents punishing
the methods for correctly identifying a single object when multiple exist.

– Scenario 1: An image contains multiple objects, but the explainability
method highlights only one of them that is not annotated with a ground-
truth bounding box. Figure 18 shows an example of two cats of the same
species, ”Siamese cat”, but only one is annotated with a ground-truth
bounding box. Another example in Figure 19 shows a more extreme
case where there are numerous ”pretzel” objects, but the explainabil-
ity method does not focus on the one with the annotated ground-truth
bounding box at all.

Problem: Low IoU despite correct localization of an object that is not
annotated with a ground-truth bounding box.

– Scenario 2: An image contains multiple objects of di!erent classes. As
the ImageNet dataset only has one ground truth label per image, only
one object is identified and annotated. Figure 20 shows an example for
this scenario.

Problem: The model’s predictions or explanation methods may high-
light an object that is not annotated. This can result in incorrect predic-
tions or cause explanation methods to focus on the wrong features.

• Too high bounding box coverage (> 80%):

– Scenario: If an image has a ground-truth bounding box that covers more
than 80% of the total image area, the object occupies almost the entire
image and only a little background context is left. Therefore, we excluded
these images from our experiment.

– Problem: If an explainability method generates a heatmap covering the
entire image, we cannot observe how the model di!erentiates an object
from a complex background. In such cases, the evaluation is less mean-
ingful because these images are too easy to achieve a high IoU.
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Figure 18: A sample with multiple objects that share the same class ”Siamese cat”,
but only one cat is annotated with a ground-truth bounding box in green. We refer
to the annotated cat as Cat 1 and the unannotated cat as Cat 2. Although the model
makes a correct prediction and the LIME explainability method focuses primarily
on Cat 1, it also captures some features of Cat 2, resulting in a larger predicted
bounding box based on the top 20% area of the image. This makes the box IoU
low, which is 0.5134. This shows that even when LIME successfully captures the
features of the ”Siamese cat”, the box IoU is relatively low.

• Too low bounding box coverage (< 10%):

– Scenario: The object covers less than 10% of the image area, making it
potentially unrecognizable in the image content.

– Problem: The model may not focus on this object when classifying the
image. In other words, the model may focus on the background context
instead of the tiny object when making a correct prediction.

• Ambiguous wrong label

The ImageNet samples were collected from the internet and according to the
WordNet hierarchy and annotated by humans. Hence, it is common for issues
to exist in any human-annotated real-world dataset (Kisel et al., 2024). One
reason for this is the di”culty in distinguishing between similar animal species
(Tsipras et al., 2020). For instance, there are 24 distinct terrier breeds in
ImageNet. Therefore, it is unreasonable to expect non-experts to di!erentiate
all of them correctly.
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Figure 19: A sample with multiple objects that share the same class ”pretzel”, but
only one of them, located at the bottom rightmost of the image, is annotated with
a ground-truth bounding box in green. The LIME method does not highlight any
region of the annotated pretzel, but instead focuses primarily on those located in the
middle of the image. This results in a zero IoU, even though the method correctly
identifies pretzel objects.

After data filtering, we applied the standard ImageNet transformation. First, im-
ages were resized to 256 x 256 pixels and then center-cropped to 224 x 224 pixels.
After that, we normalized the images using the ImageNet mean and standard devi-
ation. This preprocessing pipeline is consistent with the ResNet-18 model training
procedure.

5.2 Pretrained Model

In this experiment, we utilized a pretrained ResNet-18 model trained on ImageNet-
1k from the PyTorch Image Models timm open-source library (Wightman, 2019).

Residual Network (ResNet) architecture was originally introduced by He et al.
(2016). The authors observed that deeper neural networks are more di”cult to
train as the degradation problem emerges. Their experiments showed that gradi-
ents were not vanishing, but the networks showed higher training error when going
deeper. They proposed a model based on residual learning framework to address
this issue. Figure 21 shows the residual learning building block. A plain network will
learn the desired underlying mapping H(x) directly. In contrast, ResNet blocks are
designed to learn only the di!erence, also referred to as residual, between the input
and output, which is defined as F (x) := H(x)↘x. By using ”shortcut connections”
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Figure 20: A sample with multiple objects from di!erent ImageNet classes. This
image is labelled as the class ”alp”, which appears in the background of the entire
image, while two other ”ibex” class objects are located in the middle of the image.
The model classifies this image as ”ibex” because it focuses more on the middle part
of the image, as shown by the LIME method. This demonstrates why excluding
images with multiple objects, especially those from di!erent classes, is important in
our evaluation.

that skip one or more layers, the network can perform an identity mapping by adding
the input x to the output of the stacked layers, formulated as H(x) = F (x)+x. This
optimization process is simplified as the network layers only need to adjust small
residual values rather than the entire transformation. This architecture benefits the
models with very deep layers to learn identity mappings more easily, thereby solving
the degradation issue.

ResNet is built with residual blocks, a convolutional layer, four max-pooling layers,
an average pooling layer and a SoftMax output layer (Tsirtsakis et al., 2025). In
ResNet-18, each residual block consists of two 3×3 convolutional layers, where the
input is added to the output with a ”shortcut connection”. In the past few years,
there have been many variations and improvements to the original ResNet architec-
ture. Table 1 is a list of specifications and the performance metrics of the ResNet-18
model implemented in this experiment.

The ResNet-18 model has a 7×7 convolution as its initial layer (He et al., 2016).
Then, the ResNet-B architecture, a slightly modified version of the original ResNet
design, is employed to address the spatial information loss issue. The change occurs
in the downsampling process, which reduces the feature map size by half, by moving
it from the first 1×1 convolution of the residual block to the second 3×3 convolution,



5 EXPERIMENTS AND RESULTS 36

Figure 21: A residual learning building block is shown (He et al., 2016). Each block
consists of an identity mapping x, a residual mapping F (x) and the output of the
block after the ”shortcut connection”, which is defined as H(x) = F (x) + x.

Table 1: Specifications and performance metrics of the resnet18.a1 in1k model
(Wightman, 2019; Wightman et al., 2021).

Specification Value
Model Variant resnet18.a1 in1k

Architecture ResNet-B
Parameters (Millions) ⇐ 11.7
Computational Cost (GMACs) ⇐ 1.8
Activations (Millions) ⇐ 2.5
Input Size (Train / Test) 224↓ 224 / 288↓ 288
Top-1 Validation Accuracy ⇐ 71.49%
Top-5 Validation Accuracy ⇐ 90.07%
Activation Function ReLU
Stem (Initial Layer) 7↓ 7 Conv + Max Pooling
ResNet-B Downsample 3↓ 3 Convolution
Shortcut Downsample 1↓ 1 Convolution

while integrating 1×1 projection shortcuts for dimension alignment (Wightman,
2019).

The resnet18.a1 in1k model variant is trained using Recipe A1, which is an im-
proved training procedure (Wightman et al., 2021). For example, the original ResNet
was trained using a standard step-wise learning rate schedule (He et al., 2016).

Recipe A1 improves the training procedure by utilizing a longer, cosine learning
rate schedule with a warm-up phase (Wightman et al., 2021). In their study, after
employing the Recipe A1, which uses 600-epoch cosine learning rate schedule and the
LAMB optimizer for large batch sizes like 2048, they improved the Top-1 accuracy
of ResNet-50 from 75.3% to 80.4%. The list below highlights the key features of
Recipe A1 for the resnet18.a1 in1k model trained on ImageNet-1k.
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• Recipe: ResNet Strikes Back A1

• Optimizer: LAMB optimizer

• Loss Function: Binary Cross-Entropy (BCE) loss

• Learning Rate Schedule: Cosine schedule with linear warm-up

5.3 Experimental Results

In this experiment, a pretrained ResNet-18 architecture was chosen as our ”black-
box” model (Wightman, 2019). This model was utilized to perform image classifica-
tion tasks on the filtered ImageNet-1k validation dataset (Russakovsky et al., 2015).
Then, explainability methods, including Grad-CAM by Selvaraju et al. (2017) and
LIME by (Ribeiro et al., 2016), were employed on the same input image to evaluate
the model’s decisions. In this study, we evaluated these explainability methods both
qualitatively and quantitatively.

The evaluation was performed by comparing all input images of the selected class
before proceeding to the next class instead of processing the entire validation set
at once. In this approach, the comparison of outputs from di!erent instances of
the same class is possible, in order to have a clearer picture of whether the model
consistently focused on the same features across multiple samples. We then extended
this analysis to other very similar classes to observe the shared characteristics of
the objects, how the model distinguishes between them or even why it makes wrong
predictions. Thus, we can observe the specific scenarios in which the model becomes
confused. These visual explanations illustrate whether the model focuses on the right
area in the image when making a prediction or if it learned the background features
during the training. The ImageNet dataset consists of 12 main WordNet subtrees
(Deng et al., 2009). In this evaluation, at least two classes from each subtree are
represented.

5.3.1 Qualitative Evaluation

Case Study 1 presents a full visual evaluation for Grad-CAM and LIME. The re-
maining figures illustrate specific interesting insights, with findings provided either
before the visuals or in the captions.
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Case Study 1: Siamese Cat - Figure 22 (Grad-CAM) Figure 23 (LIME)

The model predicted the image correctly and assigned a high probability to the class
”Siamese cat”. The green square on the original image represents the ground truth
bounding box. Both methods focus on the object successfully instead of relying
on the background cues. According to the Pointing Game metric, both methods
achieve a ”hit” within the ground truth bounding box, meaning that their highest
focus is correctly placed on the target object.

While both methods identify the face as the primary region of interest, they o!er
di!erent levels of granularity. In Grad-CAM, the entire head structure was covered
by a high intensity ”red blob”, indicating it as the primary feature contributing to
the prediction. In contrast, LIME provides more specific insights, identifying the
eyes as the highest and second-highest influential segments. Thus, LIME enables
the identification of discriminative, fine-grained features within an object, whereas
Grad-CAM provides a more generalized spatial region.

When observing the Faithfulness Graphs, the deletion and insertion curves intersect
approximately at the top 20% pixel mark, identifying this threshold as the minimal
su”cient explanation where the most discriminative information was concentrated.
Therefore, using the top 20% of pixels to compute the Intersection over Union (IoU)
is a reasonable approach as it filters out background noise to focus strictly on the
regions that drive the model’s confidence. Both methods demonstrate high insertion
AUC and low deletion AUC, indicating that they provided highly accurate and
faithful explanations by identifying the most influential features for the model’s
decision.

The Box IoU scores of both methods are higher than their Mask IoU scores. More-
over, the LIME Box IoU was significantly higher than Grad-CAM. However, this
does not indicate that LIME has better explainability or that Grad-CAM has failed.
In fact, Grad-CAM demonstrate a more precise focus on the object. Because the
provided ground truth bounding box does not tightly enclose the cat, LIME’s higher
score was an artifact of its top 20% of pixels including the background rug. In con-
trast, Grad-CAM remained accurately concentrated focus on the cat’s body. This
is further confirmed by the fact that 100% of Grad-CAM top 20% pixels fell within
the ground truth bounding box.

Across all samples of correct ”Siamese cat” predictions, both methods consistently
highlight the eyes as an important feature. Given the Siamese cat’s distinctive blue
eye color, it is highly likely that the model utilizes this specific trait to distinguish
Siamese cats from other breeds.
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Figure 22: Grad-CAM explanation for correct prediction: ”Siamese Cat”.

Figure 23: LIME explanation for correct prediction: ”Siamese Cat”.
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Case Study 2: Siamese Cat Misclassification - Figure 24 (Grad-CAM) Figure
25 (LIME)

The model misclassified the image as ”Siberian Husky”, despite the correct class
being ”Siamese Cat”. However, the probability was less than 50%, indicating low
confidence and uncertainty in the classification.

As shown in the figures, the specific trait of Siamese cat, which is the blue eyes,
cannot not be captured because the input image is in grayscale. Grad-CAM show
its highest focus on areas of black intensity, including the paws, the left ear and the
background. Furthermore, Grad-CAM fails to localize the object e!ectively as the
high intensity ”red blobs” are spread across the left and right sides of the image.
The model focuses on the high contrast edges, such as the boundary between the
black paws and the white rug, rather than the actual shape of the cat.

In contrast, LIME localizes the object correctly. However, the top segments for
the predicted class demonstrate that the model focuses these features and attribute
them to the ”Siberian Husky” class due to similarities in fur color and texture.
These top segments are also di”cult to recognize as distinct feline features. Even
though the top 10 LIME segments capture most of the cat’s body, the model fails
to identify the object as a cat. Thus, these results confirm that the model relies
heavily on the distinctive blue eye characteristics to identify the Siamese breed.

In this misclassification case, the Faithfulness Graphs exhibit irregular behavior
compared to the correct predictions in Case Study 1. The deletion curve for both
methods begins at a low baseline, reaches a peak as important pixels were removed
and then drops significantly. This suggests that the methods initially highlighted
not the most important features, but negative evidence or background noise that
suppressed the model’s confidence. As these distracting components are deleted,
the model’s probability for ”Siberian Husky” increases and then declines when the
influential pixels were removed. The Insertion curve for both methods also does not
show a gradual increase as important pixels were added.

This pattern, combined with the low overall AUC scores, indicates low explanatory
faithfulness and reflects the model’s high uncertainty.
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Figure 24: Grad-CAM: Predicted ”Siberian Husky” vs. True Label ”Siamese Cat”

Figure 25: LIME: Predicted ”Siberian Husky” vs. True Label ”Siamese Cat”
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Case Study 3: Flamingo - Figure 26 (Grad-CAM) Figure 27 (LIME)

The model predicted the image correctly and assigned a high probability to the
”Flamingo” class. Both methods show that the model relies on the color and the
body shape to identify the flamingo.

The primary focus in Grad-CAM lies on the body and the neck as the high intensity
”red blob” is concentrated on those regions. The leg regions also receive a small
amount of focus. LIME confirms these features as important. This shows that the
model prioritizes the pink color and the main body of the bird, rather than small
details like the shape of its legs or beak, to make a confident prediction for the
”Flamingo” class.

Interestingly, the model also shows signs of background confusion as the Grad-
CAM slightly extends to incorporate the water reflection beneath the bird and the
LIME top 10 features include segments of water as well, suggesting that the model
associates the aquatic environment with the ”Flamingo” class.

Figure 26: Grad-CAM explanation for correct prediction: ”Flamingo”.

Case Study 4: Flamingo Misclassification - Figure 28 (Grad-CAM)

The model misclassified the image as a ”Spoonbill” with probability of around 80%.
Both method focus on the object correctly and highlight the entire body structure.
However, the Faithfulness Graph for this case follow the same pattern as Case Study
2, showing low AUC scores.
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Figure 27: LIME explanation for correct prediction: ”Flamingo”.

Figure 29 shows a sample of a correctly predicted ”Spoonbill”. The Flamingo and
Spoonbill are both birds that share highly similar characteristics, including pink
body, long legs and a slim neck.

Out of 22 validation samples, there are three images featuring a Flamingo with its
wings wide open and all of them were classified as ”Spoonbill”. Two of these samples
featured the Flamingo with the sky as a background, while the third misclassification
featured a Flamingo with its wings wide open.

This suggests that the model learned the general shape of the body instead of the
specific features of the ”Flamingo”, including a shorter curved beak and S-shaped
neck. The model also appears to prioritize the ”pose” of the bird, which relates the
standing still position to ”Flamingo” and wings wide open as ”Spoonbill”.
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Figure 28: Grad-CAM: Predicted ”Spoonbill” vs. True Label ”Flamingo”

Figure 29: Grad-CAM explanation for correct prediction: ”Spoonbill”. The red
regions highlight the wings and body as the most influential features. While a
Spoonbill has a longer, wider beak and shorter legs than a Flamingo, the model
relies on global shape. All 37 filtered samples were correctly predicted, 8 of them
featured the ”wings wide open” pose.
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Case Study 5: Hammerhead Misclassification - Figure 30 (Grad-CAM) Figure
31 (LIME)

The model misclassified the image as ”Tiger Shark”. The Faithfulness Graph for
this case follows the same pattern as Case Study 2. The low AUC scores indicate
that the explanation is not faithful. Even though the model focused on the fish, the
specific regions highlighted are insu”cient to lead to a correct classification.

Furthermore, while both methods localized the object correctly, they do not high-
light the same regions. Grad-CAM focus on the dorsal fin only. The dorsal fin
of the Hammerhead is a distinct feature as it is taller than other shark species.
However, the dorsal fins of other sharks may appear similarly tall, when seen from
certain angles. Thus, relying solely on this feature is insu”cient for correct classifi-
cation without considering the Hammerhead’s most important feature, which is the
T-shaped head.

LIME focus mainly on the middle of the body, which appear to have high contrast
stripes. However, these are actually water reflections. Figure 32 shows an example
of a Tiger Shark for comparison. Even when LIME highlight the T-shaped head,
it prioritizes the body features over the head structure. Thus, it categorizes the
head structure as a negative segment contributing to the ”Tiger Shark” prediction,
despite capturing the Hammerhead’s most important feature.

This case study demonstrates that the model fails to establish a proper hierarchy of
features on fish, prioritizing ambiguous traits like fin height and environmental noise
over the definitive anatomical markers necessary for accurate species identification.

Figure 30: Grad-CAM: Predicted ”Tiger Shark” vs. True Label ”Hammerhead”
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Figure 31: LIME: Predicted ”Tiger Shark” vs. True Label ”Hammerhead”

Figure 32: Grad-CAM explanation for correct prediction: ”Tiger Shark”. The model
shows correct focus on the faint stripes on gray body, which are a distinct trait of
the Tiger Shark.
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Case Study 6: Cli! Misclassification - Figure 35 (Grad-CAM) Figure 33
(LIME)

The model misclassified the image as a ”Valley” with a high probability of nearly
100%. Unlike previous cases, both methods failed the Pointing Game as the heatmaps
do not focus on the actual cli! structure. The Faithfulness Graphs for this case fol-
low the same pattern as Case Study 2, showing low AUC scores.

This suggests that the model prioritizes a V-shaped outline over the structural fea-
tures of a mountain top or a cli! edge. Because the model associates this specific
V-shaped geometry with a ”Valley”, it ignores the immediate vertical drop that
associates with a ”Cli!” However, the Cli! featured in this image is not ambiguous
as the edge exhibits a consistent stone-like structure that continues vertically to the
bottom.

Furthermore, the LIME important segments are spread across the image rather than
being concentrated on the cli! edge or the V-shaped outline like Grad-CAM. A
comparison with a correctly predicted ”Valley” in Figure 34 demonstrates a similar
pattern, where the top 10 important segments are spread out. The model show
correct focus on the two clusters that form the V-shaped outline of the landscape
and spread out textural cues. This confirms that the model relies on distributed
environmental textures rather than specific object boundaries to make its decision.

Figure 33: LIME: Predicted ”Valley” vs. True Label ”Cli!”
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Figure 34: LIME explanation for correct prediction: ”Valley”.

Figure 35: Grad-CAM: Predicted ”Valley” vs. True Label ”Cli!”
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Case Study 7: Dining Table Classification - Figure 36 (Grad-CAM) Figure 37
(LIME)

The model predicted the image correctly and assigned a high probability to the
”Dining Table” class. In this class, it is di”cult to keep a single object featured in
the image as dining tables usually have surrounding chairs. However, there are only
three chair labels in the ImageNet-1k dataset, including ”Barber Chair”, ”Folding
Chair” and ”Rocking Chair”. None of these type are featured in the samples.

The two explainability methods highlight distinct regions of interest. Grad-CAM
demonstrates a primary focus on the edges of the table, with moderate attention
distributed across the surrounding chairs and the tabletop surface. In contrast,
LIME shows a ”miss” in the Pointing Game metric. Its top five positive segments
focus only on the surrounding chairs. When visualizing the top 10 features, LIME
only highlights table related features, which are the same corners and edges captured
by Grad-CAM.

This suggests that the model uses the presence of multiple chairs as a strong contex-
tual cue for the ”Dining Table”. The faithfulness graph shows that the deletion AUC
and insertion AUC metrics for LIME are better, indicating that LIME interprets
the model’s decision-making logic more accurately than Grad-CAM.

This hypothesis is further supported by the sample in Figure 38, where a ”Desk” is
misclassified as a ”Dining Table”. All of the samples in the ”Desk” class that are
correctly predicted feature only one chair or none. Thus, the model appears to have
learned a pattern where a ”Desk” only has one chair at most.

Figure 36: Grad-CAM explanation for correct prediction: ”Dining Table”.
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Figure 37: LIME explanation for correct prediction: ”Dining Table”.

Figure 38: Grad-CAM: Predicted ”Dining Table” vs. True Label ”Desk”
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Case Study 8: Rapeseed Misclassification - Figure 39 (Grad-CAM) Figure 40
(LIME)

The model misclassified the image as a ”Container Ship” with a high probability
of nearly 100%. This result provides an insight into model shortcuts and the in-
consistency of explainability methods. Although the image contains no ship, both
Grad-CAM and LIME provide di!erent interpretations.

Grad-CAM highlights the yellow rapeseed field, resulting in a high Mask IoU and a
Pointing Game ”hit”. However, this ”success” is qualitatively a failure. It reveals
that the model is using a color shortcut, where large areas of yellow are associated
with features of a ”Container Ship”. This may be due to the visual similarities
between colorful containers with the yellow of the rapeseed.

In contrast, LIME focuses on the containers, leading to a Pointing Game ”Miss” and
an extremely low Mask IoU. Only 0.4% of the top 20 % most important pixels lie
within the ground truth bounding box. The focus on containers seems reasonable,
but the Faithfulness Graph for LIME shows an extremely low Insertion AUC as
well, indicating that these container segments do not actually drive the model’s
high confidence.

This comparison demonstrates that a high quantitative metrics can be misleading if
the model is focusing on the correct area for the wrong reasons. It confirms that the
model relies on correlations, specifically color, rather than a semantic understanding
of the objects. The structural elements of the containers are insu”cient to drive the
model’s high confidence prediction without the yellow background shortcut.

Figure 39: Grad-CAM: Predicted ”Container Ship” vs. True Label ”Rapeseed”
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Figure 40: LIME: Predicted ”Container Ship” vs. True Label ”Rapeseed”

Case Study 9: Container Ship - Figure 41 (Grad-CAM) Figure 42 (LIME)

The model correctly predicted the class ”Container Ship” with high confidence in
Figure 42 and 43. However, a qualitative analysis of both Grad-CAM and LIME
reveals a semantic shortcut. The model does not recognize the ship, but rather the
stacked containers.

In Figure 42, LIME’s top five positive segments focus solely on the rectangular blocks
of the containers. This reliance on the containers as identification for the ship is
further supported by Figure 43. In this sample, the shape of the ship is invisible
from a top-view angle, only the containers are featured. Despite the absence of any
visible ship structure, the model assigns a high probability to the ”Container Ship”
class.

This suggests the model has learned a shortcut, where the presence of the contain-
ers is su”cient evidence to predict a ”Container Ship”. While this leads to high
quantitative accuracy, it indicates a lack of true semantic understanding of the tar-
get object. Furthermore, the Faithfulness Graphs for these correct predictions show
high Insertion AUC scores, confirming that the containers are the main features
contributing to the model’s high confidence predictions.



5 EXPERIMENTS AND RESULTS 53

Figure 41: Grad-CAM explanation for correct prediction: ”Container Ship”.

Figure 42: LIME explanation for correct prediction: ”Container Ship”.
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Figure 43: LIME explanation for correct prediction: ”Container Ship”. However,
the ship is not visible in the image.

Figure 44: Grad-CAM highlights the sparkwheel as the most distinct feature of
lighter.
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5.3.2 Quantitative Evaluation

Table 2 and 3 show the results of quantitative evaluations on both Grad-CAM and
LIME explainability methods. Table 2 shows the localization performance and Table
3 shows the classification performance of the model and faithfulness metrics of the
visual explainability methods. The total mean is calculated as the sum of the values
from each class divided by the total number of classes.

Table 2: Localization Accuracy Metrics

ID Class Name (Samples) Box IoU Mask IoU Pointing G.

G L G L G L

1 Goldfish (17) 0.5461 0.4807 0.4188 0.2647 0.9412 0.8235
2 Great white shark (38) 0.6022 0.6343 0.3190 0.2900 1.0000 0.9474
3 Tiger shark (30) 0.6116 0.6098 0.3409 0.2845 1.0000 0.9000
4 Hammerhead (31) 0.6271 0.5345 0.4300 0.2968 1.0000 0.9032
92 Bee eater (43) 0.5418 0.4960 0.4211 0.2885 1.0000 0.7674
93 Hornbill (37) 0.5405 0.5715 0.3505 0.2786 0.9730 0.7838

129 Spoonbill (37) 0.6379 0.5969 0.3964 0.3060 1.0000 0.9459
130 Flamingo (22) 0.6572 0.6827 0.3001 0.2668 1.0000 0.9545
207 Golden retriever (32) 0.5690 0.6295 0.3386 0.3016 1.0000 0.9375
235 German shepherd (29) 0.5811 0.6203 0.3572 0.3089 1.0000 0.9655
250 Siberian husky (29) 0.5718 0.5840 0.3456 0.2850 1.0000 1.0000
270 White wolf (33) 0.5671 0.6118 0.3708 0.3192 1.0000 0.9697
281 Tabby (30) 0.5953 0.6873 0.2863 0.2696 1.0000 0.9667
283 Persian cat (29) 0.5134 0.6877 0.2686 0.2492 1.0000 1.0000
284 Siamese cat (22) 0.5300 0.6505 0.3027 0.2800 1.0000 0.9545
403 Aircraft carrier (37) 0.5696 0.6233 0.3404 0.2859 0.9730 0.8649
437 Beacon (17) 0.5693 0.3001 0.5274 0.2686 0.9412 0.7059
510 Container ship (33) 0.5711 0.5448 0.4164 0.2955 1.0000 0.9697
511 Convertible (37) 0.6449 0.6775 0.3119 0.3062 0.9459 0.9189
513 Cornet (14) 0.6085 0.4340 0.4959 0.3347 1.0000 0.7857
526 Desk (32) 0.5587 0.5318 0.2992 0.2325 0.9375 0.5625
532 Dining table (31) 0.5491 0.5805 0.3090 0.2415 0.9677 0.5806
566 French horn (18) 0.5093 0.4613 0.3975 0.3060 1.0000 1.0000
587 Hammer (21) 0.6123 0.6225 0.3643 0.2837 1.0000 0.9048
626 Lighter (27) 0.5646 0.4604 0.3920 0.2808 0.9630 0.7407
628 Liner (37) 0.5990 0.5927 0.3710 0.3212 1.0000 0.9459
671 Mountain bike (29) 0.5291 0.4495 0.3927 0.2716 0.8621 0.8276
698 Palace (29) 0.5811 0.5857 0.3514 0.3055 0.9655 1.0000
736 Pool table (30) 0.5983 0.4892 0.3822 0.2514 1.0000 0.8667
740 Power drill (24) 0.4911 0.4497 0.4013 0.2498 0.9167 0.8333
784 Screwdriver (10) 0.6149 0.4879 0.3633 0.2491 1.0000 0.7778
817 Sports car (33) 0.6203 0.5785 0.3866 0.3270 0.9697 0.8788
875 Trombone (27) 0.5937 0.5586 0.4057 0.3154 1.0000 0.9259
889 Violin (18) 0.5348 0.4206 0.4599 0.2843 1.0000 0.8889
949 Strawberry (8) 0.7431 0.5370 0.4049 0.3091 1.0000 1.0000
950 Orange (11) 0.6723 0.5107 0.4209 0.3438 1.0000 1.0000
951 Lemon (7) 0.7242 0.5804 0.5961 0.4647 1.0000 0.8571
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Table 2 – Continued from previous page

ID Class Name (Samples) Box IoU Mask IoU Pointing G.

G L G L G L

970 Alp (13) 0.6274 0.5398 0.3346 0.2057 1.0000 0.6154
972 Cli” (18) 0.6116 0.5757 0.3032 0.2779 0.9444 0.7778
979 Valley (28) 0.5468 0.5386 0.2176 0.2257 0.6071 0.5714
980 Volcano (38) 0.5180 0.4175 0.3956 0.2583 0.9211 0.7632
984 Rapeseed (25) 0.7863 0.5375 0.4761 0.2817 1.0000 0.5600
985 Daisy (11) 0.6227 0.6229 0.3667 0.3232 1.0000 1.0000

Total Mean 0.5922 0.5532 0.3751 0.2881 0.9728 0.8591

Note: G = Grad-CAM, L = LIME, Pointing G. = Pointing Game

Table 3: Classification Performance and Faithfulness Metrics

ID Class Name (Samples) Recall Del AUC ⇒ Ins AUC ⇑

G L G L

1 Goldfish (17) 0.7647 0.1943 0.2567 0.6799 0.6139
2 Great white shark (38) 0.7368 0.2715 0.3483 0.7014 0.6879
3 Tiger shark (30) 0.8000 0.1000 0.1155 0.5683 0.5203
4 Hammerhead (31) 0.8065 0.1776 0.3730 0.7011 0.6992
92 Bee eater (43) 0.9767 0.1570 0.1959 0.8894 0.8842
93 Hornbill (37) 0.8108 0.0995 0.1062 0.7402 0.5967
129 Spoonbill (37) 1.0000 0.1953 0.2681 0.8665 0.8235
130 Flamingo (22) 0.8636 0.2557 0.2730 0.7780 0.7110
207 Golden retriever (32) 0.7812 0.1215 0.1018 0.6191 0.5991
235 German shepherd (29) 0.8621 0.0953 0.0739 0.6627 0.6433
250 Siberian husky (29) 0.4138 0.0487 0.0624 0.2427 0.2389
270 White wolf (33) 0.8788 0.1431 0.1232 0.6481 0.6338
281 Tabby (30) 0.6667 0.0518 0.0454 0.3426 0.3124
283 Persian cat (29) 0.8621 0.1061 0.0869 0.6839 0.6562
284 Siamese cat (22) 0.9091 0.1788 0.1615 0.8380 0.7827
403 Aircraft carrier (37) 0.7568 0.1158 0.3225 0.6429 0.6490
437 Beacon (17) 0.8235 0.2050 0.5612 0.8178 0.7991
510 Container ship (33) 0.9697 0.1928 0.3163 0.9003 0.8421
511 Convertible (37) 0.6216 0.1033 0.1567 0.3884 0.4394
513 Cornet (14) 0.7143 0.0597 0.0719 0.5383 0.4620
526 Desk (32) 0.6250 0.1123 0.1335 0.3406 0.3543
532 Dining table (31) 0.8387 0.1836 0.1810 0.5374 0.4778
566 French horn (18) 0.8889 0.1103 0.0943 0.7182 0.6046
587 Hammer (21) 0.7143 0.0465 0.0335 0.3755 0.2455
626 Lighter (27) 0.7037 0.0913 0.1073 0.4750 0.4208
628 Liner (37) 0.8919 0.1909 0.2597 0.7640 0.7875
671 Mountain bike (29) 0.8276 0.1281 0.1374 0.6600 0.5868
698 Palace (29) 0.7931 0.1052 0.1274 0.5912 0.5618
736 Pool table (30) 1.0000 0.3290 0.4443 0.8782 0.8645
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Table 3 – Continued from previous page

ID Class Name (Samples) Recall Del AUC ⇒ Ins AUC ⇑

G L G L

740 Power drill (24) 0.6250 0.0360 0.0576 0.4290 0.3112
784 Screwdriver (10) 0.4000 0.0140 0.0239 0.1950 0.1550
817 Sports car (33) 0.5152 0.1756 0.2716 0.5325 0.4889
875 Trombone (27) 0.7407 0.0435 0.0515 0.4712 0.4045
889 Violin (18) 0.8333 0.0393 0.0651 0.6471 0.5897
949 Strawberry (8) 1.0000 0.2945 0.2793 0.8710 0.8783
950 Orange (11) 0.9091 0.1795 0.1872 0.7573 0.7053
951 Lemon (7) 1.0000 0.1965 0.1364 0.9081 0.8814
970 Alp (13) 0.6154 0.2621 0.4344 0.5734 0.4994
972 Cli” (18) 0.7778 0.0993 0.1381 0.4209 0.4201
979 Valley (28) 0.7143 0.1554 0.2352 0.4458 0.3810
980 Volcano (38) 0.7632 0.1700 0.2521 0.6527 0.5980
984 Rapeseed (25) 0.9200 0.7429 0.8462 0.9420 0.8871
985 Daisy (11) 1.0000 0.3431 0.5004 0.9517 0.9154

Total Mean 0.7934 0.1610 0.2097 0.6369 0.5957

Note: G = Grad-CAM, L = LIME

Based on the results in Table 3, the model achieved a total mean recall of approxi-
mately 80% across 43 selected classes, showing that the model has a robust perfor-
mance even though the dataset is imbalanced. When comparing the explainability
methods in localization and faithfulness aspects, Grad-CAM generally performed
better across all metrics.

Grad-CAM’s mean Box IoU (0.5922) and Mask IoU (0.3751) are slightly better
than LIME, which achieved scores of 0.5532 and 0.2881 respectively. This indicates
that highlighted regions by Grad-CAM have a greater overlap with the ground
truth bounding box. Thus, Grad-CAM focuses on the correct spatial region more
accurately than LIME. However, LIME achieved higher IoU scores in most of the
”living thing” classes. Thus, LIME is more e!ective in capturing the complex, non-
rigid features characteristic of biological subjects.

For the Pointing Game metrics, Grad-CAM achieved an almost perfect score of
0.9728, which is also better than LIME with 0.8951. This metric checks whether
the highest-weighted pixel lies within the annotated bounding box. Interestingly,
both methods received low scores in the ”Valley” class. This may be due to the
images having many V-shaped outlines, since valleys exist between two mountains,
this is the important feature for identifying a valley. This low score suggests that
both methods did not highlight the annotated V-shape, but rather another part of
the image.

In faithfulness metrics, a lower deletion AUC and a higher insertion AUC score
are better. Grad-CAM achieved better performance in both metrics. This suggests
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Grad-CAM reveals the model’s actual decision-making process more accurately than
LIME. Overall, Grad-CAM performs better localization and faithfulness in interpret-
ing the model’s decisions.

6 Discussion

In this work, visual explainability methods are evaluated using both qualitative and
quantitative approaches to ensure a comprehensive evaluation.

Grad-CAM visualizes the explanation with a continuous color-coded heatmap over-
laid on the input image. In contrast, LIME provides more precise attention by
showing meaningful segments with clear boundaries. A clear physical part of an ob-
ject that contributes toward the model’s prediction can be identified. Thus, LIME
enables the identification of fine-grained features, while Grad-CAM provides more
generalized spatial regions. A LIME visualization is more intuitive when compared
to Grad-CAM. However, the stability of a LIME explanation relies heavily on the
chosen number of segments and the number of perturbed samples fed into the model.

In qualitative evaluations, when observing the visual results across all samples, the
Grad-CAM and LIME methods are able to focus on the correct region in most
scenarios. For mammal entities, both methods showed that the model has learned
biological hierarchies and considers the face to be the most discriminative part. For
bird and fish entities, the body shape and texture provide more information.

Color is an important feature in distinguishing between di!erent species or breeds.
This is because certain traits and characteristics can be found in only specific species.
For example, the blue eyes of Siamese cat, the pink body of Flamingo.

Within ”artifact” classes, both methods typically emphasize the most functional or
structurally unique components or parts that are usually gripped. For instance, in
the ”Lighter” class, the sparkwheel is consistently identified as a key feature.

Sometimes, the model learns shortcuts. For example, all ”Lighter” samples fea-
turing a flame were correctly predicted. However, shortcuts may lead to incorrect
predictions. For example, the model identifies a V-shape as a ”Valley” because it
focuses heavily on the converging lines of the background that it completely ignores
the foreground context, specifically the vertical drop-o! and stony texture of the
cli!—which explains the 100% confidence in the wrong answer. Furthermore, pink
birds in a ”wings wide open” pose are consistently misidentified as ”Spoonbills”.
The model has also only learned to recognize containers, leading it to classify them
as a ”Container Ship” even when there is no ship present, only flowers. Finally, the
”Desk” class is expected to have at most one chair, which leads to misclassification
as a ”dining table” when more are present.

When the model assigns a high probability score, Grad-CAM shows a concentrated,
high intensity ”red blob” on the object, while LIME highlights influential segments
in green directly on the object. In contrast, when the model has a low probability
score, Grad-CAM may exhibit fragmented, high attribution areas. These spread
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regions often incorporate the background into the classification and fail to localize
the object correctly. Thus, we may assume that if Grad-CAM has ”red blobs”
spread across di!erent areas, the model is specifically finding high contrast edges
instead of focusing on the object. However, in misclassification cases, LIME may
be able to capture the object features and focus on the object correctly, but it still
fails to identify the object. Thus, the performance of these explainability methods
is dependent on the model’s confidence and the presence of distinctive features.

Moreover, the spatial composition of the data plays a significant role. If an image
contains significant context, the model tends to focus on the center. However, tar-
get objects are not always centered and images containing multiple objects from
di!erent classes can lead to model misclassification or the misinterpretation of ex-
plainability results. Thus, the approach of focusing on single object images can
prevent penalizing correct focus on correct class but the annotated class in another.
These findings also reflect that the quality of data used is important when training
or testing the models.

In quantitative analysis, Grad-CAM consistently outperforms LIME across all lo-
calization and faithfulness metrics. This suggests that a model-specific method is
more e!ective in explanation compared to a model-agnostic method. Grad-CAM
interprets the model based on the internal gradients and feature maps of the target
class. Thus, Grad-CAM captures the exact information the model used. However,
this is also its limitation as it is required to access to the model’s internal architec-
ture. In contrast, LIME is a model-agnostic approach and can be applied to any
model. However, it is quantitatively less precise.

In our study, a low IoU score is not necessarily considered as poor performance.
This reflects a mismatch between human-defined ground-truth box and the model’s
actual focus. While a human-annotated box covers the entire object, the model
often relies on discriminative parts, such as the ”sparkwheel” of a lighter or the
face” of a mammal to make a prediction. Grad-CAM and LIME faithfully highlight
these specific features rather than the whole object, causing the overlapping with the
ground truth is reduced. Moreover, the coarse nature of Grad-CAM heatmaps and
the superpixel boundaries in LIME often fail to align perfectly with the edges of the
objects, further lowering the quantitative IoU even when the focus is qualitatively
correct. Thus, we also include the Pointing Game metrics to check if the method
hits the correct spot, rather than if it fills the entire mask.

Consequently, the evaluation of the interpretability of explainability methods should
consider both qualitative and quantitative approaches to provide a complete picture
of model behavior.
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7 Conclusion

This work provided a comprehensive comparative evaluation of Grad-CAM and
LIME to determine their e!ectiveness in explaining model decisions. We introduced
an evaluation framework by integrating budget attention into IoU metrics, allowing
for a more controlled and fair comparison between coarse heatmaps and segmented
explanations.

The analysis of explainability methods across 42 ImageNet classes covered di!erent
subtrees shows that Grad-CAM and LIME are able to focus on the correct region
in most scenarios. Both methods highlighted faces of mammals or functional parts
as the most important features. However, our study also exposed the model learned
shortcuts, where it learned the class ”Container Ship” without learning the ship,
but rather just the containers.

Grad-CAM consistently outperforms LIME across all metrics, achieving a signifi-
cantly higher Pointing Game score (97.28%) and a lower Deletion AUC (16.10%).
This suggests that model-specific methods using internal gradients are more faithful
than model-agnostic approaches like LIME.

Future study could explore other model-agnostic methods which have better in-
terpretability. By investigating these methods through the evaluation framework,
researchers could determine if they perform better than model-specific methods like
Grad-CAM.

In conclusion, the evaluation of the interpretability of explainability methods should
consider both qualitative and quantitative approaches. Quantitative metrics provide
a numerical comparison, while the qualitative analysis reveals whether the model
is focusing on the correct features or using a shortcut. If di!erent explainability
methods highlight the same regions, it allows us to gain more trust in the model’s
prediction, ensuring that the decision is based on the actual object.
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