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Abstract

Artificial intelligence (Al), a rapidly developing technology, has revolutionized various aspects of our lives. However
many Al models' complex inner workings are still unknown, frequently compared to a "black box." Particularly in
crucial fields, this lack of explainability (XAI) reduces responsible Al research and reduces public confidence, and is
accompanied by a growing demand for transparency and interpretability in Al decision-making. In response, this
paper introduces a Python Extensible Toolkit for Explainable AT (XAI), This toolkit comprises nine state-of-the-art
techniques for explaining AT models (especially deep learning models) decisions in image processing: GradCAM,
GradCAM++, GradCAMElementWise, HriesCAM, Respond CAM, ScoreCAM, SmoothGradCAM++, Xgrad CAM,
and AblationCAM. Each tool offers unique insights into model decision-making processes of deep learning models
that work with image data, addressing various aspects of interpretability. Through case studies, we demonstrate the
toolkit's impact on improving transparency and interpretability in Al systems that analyze visual information. The
source code for the VisionCam toolkit is accessible at https://github.com/Vision CAM.

Keywords: Explainable AI, XAI Toolkit, Interpretability, Machine Learning, Convolution Neural Network (CNN).

1 |Introduction

Artificial intelligence (AI) models such as deep learning models, have achieved remarkable success in various
image-based applications [1]. Convolutional neural networks (CNNs) and other sophisticated models have
revolutionized image reprocessing tasks such as medical diagnostics [2], autonomous driving [3], and security

sutveillance [4]. Despite their high performance, these models often operate as "black boxes,"

making it
difficult to understand how they arrive at specific decisions or predictions [5]. This opacity poses significant
challenges, especially in high-stakes fields such as healthcare where understanding the rationale behind Al

decisions is crucial for trust, accountability, and effective human-Al collaboration [6].

The primary motivation for developing this XAl (Explainable Al) toolkit is to address the need for
interpretability in image-based Al systems. Users in a variety of fields need tools that make these models'
decision-making processes more explainable, making them more transparent and understandable [7]. By

@ Corresponding Author: waleed@zu.edu.cg
d https://doi.org/10.61356/SM1]J.2024.8290

@ ®Licensee Sustainable Machine Intelligence Journal. This article is an open access article distributed under the terms and
conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0).


https://doi.org/10.61356/SMIJ.2024.8290
https://sciencesforce.com/index.php/smij
https://github.com/AhmedTolba36996/VisionCAM
https://orcid.org/0000-0002-6495-2735
https://orcid.org/0009-0001-5800-0287
https://orcid.org/0009-0000-0414-4608
https://orcid.org/0000-0001-8471-4251
https://sciencesforce.com/
https://sciencesforce.com/index.php/smij

47 Abdullah et al. | Sustain. Mach. Intell. J. 8 (2024) 46-55

offering a suite set of state-of-the-art techniques specifically designed for image data, the VisionCam toolkit
aims to provide the necessary explanations to directly address several key challenges in the deployment of
image-based Al systems:

*  Trust and Acceptance: “black-box” models can lead to a lack of trust in their image classification or
object detection outputs, particulatly in critical applications like medical diagnosis or autonomous
vehicles.

*  Model Biases Debugging: If a model consistently misclassifies a patticular type of image, it's difficult
to identify and rectify potential biases in the training data without explainability tools.

*  Model Improvement: Understanding how models arrive at image-based decisions is crucial for

improving their performance.

In this work, we produce a new XAl toolkit named VisionCam. This toolkit comprises nine state-of-the-art
techniques specifically designed for explaining Al decisions while working with image data: GradCAM,
GradCAM++, GradCAMElementWise, HriesCAM, RespondCAM, ScoreCAM, SmoothGradCAM++,
XgradCAM, and AblationCAM. Each model aimed at providing clear and actionable insights into machine
learning model behavior and decision-making processes addresses various aspects of interpretability, and
addresses the scientific problem of bridging the gap between Al's predictive capabilities and its interpretability
with human understanding, thus facilitating broader acceptance and deployment of Al technologies across

diverse domains [8]. This can contribute to scientific discovery in image analysis in several ways as follows:

*  Enhanced Transparency: Our toolkit empowers users to understand how deep learning models
arrive at image-based decisions. This transparency fosters trust in image recognition and object
detection systems, especially in critical applications like medical diagnosis or autonomous vehicles.

*  Responsible Al Development: By promoting user understanding of model behavior in image
analysis, our toolkit facilitates the responsible development of Al for image tasks. This ensures
models are unbiased, fair, and aligned with human values, mitigating potential issues in image
classification or object detection.

*  Improved Human-Al Collaboration: Our toolkit bridges the gap between humans and deep learning
models for image analysis. Users gain insights into how models interpret visual information, enabling
effective collaboration for tasks like image segmentation and classification.

*  Educational Value: The VisionCam toolkit serves as a valuable resource for researchers and
practitioners working with explainable Al in image analysis. It provides a platform to explore and
understand diverse XAl techniques specifically designed for image data.

The rest of the paper is structured as follows: Section 2 presents the most recent XAI methods and toolkits,
and their features. The material and techniques used in these toolkits are described in detail in Section 3. The
experimental Setup is shown in Section 4; The Experimental analysis and Discussion are presented in Section

5. Section 6 presents the implications of this work. The conclusion and future directions are given in Section
7.

2 | Related Work

The field of explainable artificial intelligence (XAI) has garnered significant attention over recent years,
particularly in the context of deep learning models, which are often criticized for their black-box nature.
Numerous techniques and toolkits have been developed to address the need for interpretability and
transparency, especially for image-based Al models. These toolkits provide various methods to explain the
decision-making processes of these models, but each has its limitations. Below, we review some prominent
image-focused XAl toolkits, their features, and their gaps, followed by a comparison with our VisionCam
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toolkit, which includes nine state-of-the-art techniques specifically designed for image data. Table 1 presents
some of the related toolkits and their techniques and methods.

Table 1. Examples of the Existing XAI Toolkits.
Title Description Limitations

. . . . - For image data, SHAP might require
A versatile toolkit offering model-agnostic . 8 > 8 q
. . . : additional processing steps to translate
explanations for various machine learning

SHAP lanations int isually int tabl
models. primarily designed for tabular and explanations Into & visualy intetpretable
[ . L format
text data, it also has inspired the development ) i
. . SHARP explanations can be difficult to
of interpretable models for image data ) i .
interpret directly for complex image data
- LIME's explanations might be less intuitive
f lex deep-learni del di
Similar to SHAP, it is a popular tool that ior comp lexi cep-iearning models used in
m n
LIME explains individual predictions of any Thage A ; ys sf Lanati
[10] classifier by approximating the model locally € q%1a o C.Xp Anations can vary,
. . sometimes leading to unstable or less
with an interpretable model. ; ) ]
accurate interpretations for image-based
models.
ATIX360 An open-source toolkit from IBM that offers - Though it is not specifically tailored for
[11] a variety of XAI methods images
Integrated . . N - integrated gradmnts might struggle'wnh
Gradients Is specifically designed for explaining deep models having many layers, potentially
[12] learning models. leading to noisy explanations for complex
image recognition tasks
) . . . - Captum offers a limited number of XAI
A comprehensive toolkit offering various techniques specifically desiencd for imases
XAI techniques, including Grad-CAM which ques specitica’y desig g
Captum . S . compared to VisionCam
is a popular method for visualizing the image o
[13] . . . . . - Limited support for non-PyTorch
regions. Designed for easy integration with o o
frameworks, reducing its flexibility for users
PyTorch models . . e
working with other deep learning libraries
- DALEX's visualizati ited fa
It is a package in R and Python that provides s v1su.a 1za.t1c.)ns are rno.r.e.sulte or
L . tabular data, with limited capabilities for
DALEX a set of tools for visualizing and explaining detailed i data int cati
ctailed image data interpretations.
[14] predictive models. Offers functionalities for a g p

broad range of models and data types - Itlacks advanced image-specific methods

provided by images XAI toolkits.

VisionCam offers several advantages over existing toolkits. it is a Comprehensive toolkit that integrates nine
diverse XAl techniques specifically designed for image data. This diversity allows users to choose the most
appropriate explanation method for their specific image analysis task. In addition, VisionCam leverages
visualization techniques like heat maps and saliency maps. This specialization, combined with user-friendly
features and comprehensive support for major deep learning frameworks prioritizes user experience. It offers
different ways to select the target layer within the model for explanation generation to enhance the user
experience.

3| Materials and Methodology

VisionCam toolkit comprises nine distinct XAl tools, these models can easily integrate with deep learning
models. each tailored to address specific challenges in deep learning model interpretability. offering a
comprehensive suite of techniques for visualizing and understanding image-based deep-learning model
decisions.
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3.1| Software Architecture

VisionCam toolkit is designed with a good architecture enabling the ease of deep learning model integrations

and producing the outputs to the users and stakeholders, increasing flexibility and ease of use. Figure 1 shows

the pipeline architecture of the VisionCam toolkit.
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Figure 1. The Pipeline Architecture of VisionCam Toolkit.

3.2 | XAI Techniques

XAI techniques This component houses the core functionalities of the toolkit. It implements the various

techniques (e.g., GradCAM, RespondCAM) as independent modules. Each module receives a user-specified

target layer or function to identify the relevant feature representations for explanation generation. The

following is a brief description of all used XAl techniques:

GradCAM (Gradient-weighted Class Activation Mapping): Visualizes the regions of an input image

that contribute most to the model's prediction for a specific class [15].

GradCAM++: An extension of GradCAM that addresses limitations in the original method,
particulatly for the rectified linear unit (ReLU) activation functions [16].

GradCAMElementWise: Generates element-wise attribution maps, providing a better understanding
of the contributions of individual pixels [17].

HiResCAM (High-Resolution Class Activation Mapping): Achieves higher resolution visualizations
compared to GradCAM, especially for models with smaller receptive fields[18].

RespondCAM: A model-agnostic technique that utilizes gradients to compute saliency maps,
explaining the model's response to a specific input [19].

ScoreCAM: Integrates gradient information with the model's final score to generate class activation
maps [20].

SmoothGradCAM++: Enhances the stability of GradCAM by averaging gradients computed with
noisy inputs [21].

XGradCAM (Axiom-based Grad-CAM): Extends GradCAM to handle models with multiple
branches or outputs [22].
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*  AblationCAM: Estimates the contribution of each feature by systematically removing parts of the
input and observing the change in the model's output [23].

These methods leverage various strategies, including gradient-based visualization, class activation mapping,
and sensitivity analysis, to highlight the salient features and regions contributing to Al predictions. The
implementation of each method is meticulously crafted to ensure efficiency, extensibility, and compatibility
with popular deep-learning models such as CNN.

3.3 | Visualization Tools

The visualization tools component takes the explanation data generated by the XAl technique and renders it
into human-interpretable visualizations. for image data, VisionCam toolkit techniques can provide the user
with two methods of visualization:

*  Heatmaps: are designed to represent data values in a matrix format using colors, allowing for a quick
visual understanding of data density or intensity across a given area.

»  Saliency maps: are specifically used to highlight the most important features or regions of an input
(such as an image) that have the greatest influence on a model's prediction.

These visualization tools are then displayed for user explanation, highlighting the areas with the most
significant influence on the model's prediction. Figure 2 present an example of Heatmap and Saliency map
visualization for a detected object (Tiger Cat) with an image.

(B) (A)

Figure 2. Example of visualization tools: (A) Heatmap; (B) Saliency map.

4| Experimental Setup

4.1| Utilized Tools and Technologies

In developing the VisionCam toolkit, a variety of tools and technologies have been used as follows:

e Programming Language (Python v.3.10)
e Deep Learning Frameworks (TensorFlow v.2.15)
e  Visualization Libraries (Matplotlib, OpenCV)

4.2| Experimental Setting

Users can interact with the VisionCam toolkit with a user-friendly experience designed for integration with
a popular deep learning framework (TensorFlow). The workflow typically involves the following steps:
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Installing the toolkit (if it isn't installed).

Model Loading: Users load their pre-trained image-based models into the toolkit.

Data Input: Users input the image data they wish to analyze.

Method Selection: Users select from the nine available XAI methods based on their specific needs.

=

Parameter Configuration: Users can configure various parameters for the chosen methods to
customize the explanations such as specify the target layer.

5. Explanation Generation: The toolkit computes explanations and generates visualizations
(heatmaps, saliency maps) depicting the model's decision-making process.

6. Analysis and Export: Users can analyze the generated explanations, and gain insights into the
model's behavior, compare different methods, and export the visualizations for further use.

In this example, we will use a model trained on the popular ImageNet dataset and apply several of our
toolkit's techniques to explain its predictions. In this example, we want the model to illustrate why it thinks
that the image label is “tiger_cat”.

Step 1: Installing the VisionCam toolkit
First, If VisionCam is not already installed within your environment, you can use the Python Package Index
(PyPI) for installation [24]. Here's the command to install it.

Ipip install visioncam==0.0.1

Step 2: Model Loading and Image Input

load the Deep learning model such as the pre-trained CNN model and the input image of a tabby cat. The
model is an Xception, a widely used architecture known for its robust performance on image classification
tasks.

import keras
from keras.applications import Xception
model = Xception(weights="imagenet")

preds = model.predict(image) ~ #image is holds the image input

Step 3: XAI Technique Choice from VisionCam toolkit.

Users select from the nine available XAl methods based on their specific needs, in the following code snippet,
GradCam is selected to identify the image regions contributing most to the model's prediction of a malignant
tumor. Users can follow this format for selecting any specific XAI method from VisionCam (“ from
visioncam.methods_name import Method_Nanze <).

from visioncam.gradcam import GradCAM

grad_cam = GradCAM(model , class_index['tiger_cat'])

Step 4: Parameter Configuration: Users can configure various parameters for the chosen methods to
customize the explanations such as specifying the target layer.
last_conv_l_name = "block14_sepconv2_act"

grad_model = gradcam = GradCAM(model, target_layer= last_conv_l_name)

Step 5: Explanation Generation: The toolkit computes explanations and generates a visual saliency map
depicting the model's decision-making process. This saliency map highlights the areas with the most
significant influence on the model's prediction

#preparing image for pre-trained model
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img_array = preprocess_input(image)

grad_heatmap = grad_cam.compute_cam_features(img_array)

# Plot the heatmap

plt.imshow(grad_heatmap)

# Display heatmap on the original image to produce the saliency map
XgradCAM.save_and_display_gradcam('/content/sample.jpg’, grad_heatmap)

5| Experimental Analysis and Discussion

VisionCam toolkit offers invaluable insights into the decision-making processes of diverse Al models.
Through visually compelling demonstrations and quantitative analyses, we clucidate how each tool in our
toolkit can be utilized to uncover hidden patterns, identify potential biases, and improve the overall
transparency of Al systems. to demonstrate the major functions and the efficiency of our XAl toolkit in
practice, in section 4.1, we provide a detailed example by employing the transfer learning model Xception a
pre-trained convolutional neural network (CNN) for image classification. Then XAI tool should illustrate
why the model thinks that the image label is “tiger_cat”. It should compute and generate a saliency map,
which highlights the areas with the most significant influence on the model's prediction users can analyze the
generated explanations, gain insights into the model's behavior, compare different methods, and export the
visualizations for further use. Figure 3 presents vatious images produced by various VisionCam toolkits' XAI
techniques.

6| Implications

VisionCam's focus on producing a set of diverse and user-friendly XAI techniques for image data has the
potential to significantly impact the field of computer vision and holds significant implications across diverse

domains. Here's The major impact of this toolkit on both research and practical applications in various fields:

VisionCam can facilitate the exploration of novel research questions related to the exploration of model bias
and explainability in image analysis models. For instance, researchers can investigate how different XAl
techniques influence human understanding of model behavior or how explainability impacts trust and
acceptance of Al models in specific image analysis tasks. Furthermore, the availability of multiple XAI
techniques allows for comparative studies on their effectiveness and reliability, leading to deeper insights into
the strengths and weaknesses of each method. It can also help in Improving the existing research: By
providing clear explanations for model decisions, it can significantly improve the pursuit of existing research
questions. Researchers can gain deeper insights into model behavior, leading to more robust and trustworthy
findings in areas like medical image analysis or autonomous vehicle perception. In addition, it helps in machine
learning model validation and performance improvement. By providing detailed visual explanations,
researchers can better validate the behavior of their models, ensuring that they operate as intended and
identifying areas for improvement.

Our XAI toolkit also can help in Building Trust in AI Models: providing explanations for model predictions
is crucial for real-world applications where transparency and user confidence are paramount, such as
healthcare diagnostics or autonomous systems. In medical imaging, for example, the toolkit aids researchers
in verifying model predictions, potentially leading to more accurate and reliable diagnostic tools. Furthermore,
the toolkit's influence extends to commercial settings, where it has been adopted in various industries such as
Healthcare and Autonomous Vehicles by providing interpretable diagnostic tools, enhancing the reliability of
Al-driven diagnoses, and improving the safety and transparency of their autonomous systems.
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GradCAMElement
Wise

SmoothGradCA
M++
Figure 3. Original image and different explanations produced and generated using Various VisionCam toolkit's XAI

XgradCAM AblationCAM

techniques.

7| Conclusion and Future Work

The expanding field of deep learning has revolutionized image analysis tasks. However, the lack of
explainability in image recognition and object detection models hinders trust, hinders model improvement,
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and makes it difficult to identify potential biases. In this work, we have introduced a comprehensive XAl
toolkit tailored specifically for image-based Al models called VisionCam. This toolkit integrates nine state-
of-the-art techniques—GradCAM, GradCAM++, GradCAMElementWise, HriesCAM, RespondCAM,
ScoreCAM, SmoothGradCAMPlusPlus, XgradCAM, and AblationCAM—to address the critical need for
interpretability and transparency in complex Al systems. Each method offers unique advantages and
petspectives, allowing users to gain deeper insights into their models' decision-making processes. VisionCam
is a user-friendly toolkit that empowers researchers, developers, and practitioners to gain valuable insights
into how deep learning models arrive at image-based decisions. This fosters transparency, facilitates
collaboration between humans and Al and paves the way for the responsible development of explainable Al
in image analysis.

Finally, as Al continues to advance, the need for explainable models will become increasingly important.
Future developments of our toolkit will focus on Expanding XAl Techniques and working with different
data types.
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