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1. Introduction

Abstract: Transparency and explainability in image classification are essential
factors for establishing trust in machine learning models and detecting biases and
errors. State-of-the-art explainability methods generate heatmaps that highlight
the regions of the image where a specific class is identified, without providing a
complete explanation of how the model arrived at its decision. Striving to cover
such a need, we propose a post-hoc technique for generating comprehensive local ex-
planations that provide an overview of the feature extraction process of the model.
These explanations consist of a layer-wise visualization of the features extracted
by the model from the input image and we refer to them as Abstract Network
Visualizations (ANV). Such features are represented by heatmaps generated from
clustering and merging similar Feature Maps to which we associate a weight using
Grad-CAM, a local explainability technique. These heatmaps are also described
by a set of labels collected by means of a gamified crowdsourcing activity, which
further improves the interpretability of our local explanations. Finally, we show
that labels can also enable the production of global explanations by aggregating
similarly labeled maps across multiple images.

1.1. Context and Problem Statement

In recent years, Deep Neural Networks have transformed the field of Artificial Intelligence by revolutionizing the
way machines learn. Convolutional Neural Networks have emerged as the state-of-the-art for image classification
tasks [21], thanks to their exceptional ability to recognize patterns and features in images. However, as Al
models have become more powerful, their decision-making process has become increasingly complex and less
transparent. As a result, the use of the term black-box has become prevalent to describe such models, since only
their input and output are known, while what happens inside is too intricate for humans to comprehend. This
issue leads to opacity in AI decisions, which is a serious concern [52] that can lead users to lose trust in such
systems [24]. Furthermore, blindly trusting AI can have disastrous repercussions, including the loss of human
life in fields such as healthcare or autonomous driving in which image classification systems are becoming
increasingly employed [9, 50]. In response to these concerns, the EU’s General Data Protection Regulation



(GDPR) introduced a right to obtain an explanation for automated decisions®. Furthermore, the European

Commission later proposed the Artificial Intelligence Act (AIA) which introduced transparency requirements
for high-risk AI systems?.

The problem of transparency is not only a matter of trust. Debugging black-box models is a challenging task
without insights into how the model generated its predictions. Without understanding the reasoning behind
errors and biased predictions, it can be challenging to address and fix these errors. This increasing need for
transparent Al has been recognized by the scientific community, which led to the rise of a new research area
called Explainable Artificial Intelligence (XAI). XAI has made significant progress in developing techniques for
producing explanations of Al decisions, although some critical limitations still need to be addressed. For image
classification, these techniques mainly focus on producing visual explanations in the form of heatmaps that
highlight the pixels of the image that contributed the most to the output. While these heatmaps allow users
to know whether the Al is looking at the "right thing", a complete explanation should also provide insights
into how the AI produced the correct classification. Furthermore, current XAl techniques tend to focus on
providing local explanations (i.e., explanations of the output for a certain input image) only. While this is not
an issue for tabular data, where locally important features can be generalized to produce global explanations (i.e.,
explanations of the overall behaviour of the system), the same cannot be said for images. If local explanations
only consist of highlighted pixels, they are very difficult to generalize because the location of these pixels only
has meaning in the context of the analyzed image. To overcome these limitations, local explanations must
provide a comprehensive overview of the entire decision-making process of the machine. At the same time,
it should be possible to aggregate them to produce global explanations since local ones may not accurately
represent the model’s general behaviour when taken individually.

1.2. Proposed Solution

We propose a technique called Abstract Network Visualizations (ANV) that involves the use of human knowledge
to create comprehensive local explanations for image classifications performed by Convolutional Neural Networks
(CNNs), without requiring any modification or performance trade-off. These visualizations offer a detailed view
of the image features and patterns the CNN identifies at each stage of its execution, along with their respective
importance towards the output. We believe that having an overview of the Al decision-making process can
increase transparency, thus establishing greater trust in machine classifications.

These features/patterns the machine identifies are extracted by clustering feature maps (i.e, the outputs of
each neuron of the network), whose importance can be computed as a scalar weight using Grad-CAM, a state-
of-the-art XAI technique for the explainability of CNNs. Moreover, our approach incorporates crowdsourcing
and gamification to associate visual explanations with human concepts in the form of labels. For example, if
the machine detects the presence of the sky as an important feature in identifying a plane, this information is
represented as a heatmap highlighting the sky, labeled with the word "sky". Such a hybrid approach that com-
bines visual and textual explanations significantly improves interpretability [47] while enabling the generation
of global explanations by aggregating multiple local ones.

1.3. Document Structure

The rest of the document is organized as follows. Section 2 provides an introduction to AI and CNNs, along
with a discussion of the current state-of-the-art explainability approaches. In Section 3, Abstract Network
Visualizations are presented and thoroughly explained. Section 4 describes the necessary systems implemented,
including the clustering process and the crowdsourcing platform. In Section 5, we report on the experiments
conducted to validate our methodology and discuss the final results obtained. Finally, in Section 6, we draw
some conclusions discussing the limitations of our approach and provide insights into how these limitations can
be overcome in future research.

2. Background and Related Works

This section aims to introduce Convolutional Neural Networks, the model we are seeking to explain, and
the state-of-the-art explainability of these models. We begin by providing an overview of CNNs. Following,
we present a summary of the available explainability techniques for CNN-based image classification and how
human knowledge has been effectively incorporated into this field.
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2.1. Artificial Intelligence and Convolutional Neural Networks

Artificial Intelligence (Al) is a rapidly growing field aiming to develop systems capable of performing tasks that
normally require human intelligence, such as perception, reasoning, and decision-making. One of the most widely
recognized approaches is Machine Learning (ML), a subset of AI that focuses on developing algorithms allowing
systems to improve their performance through experience. These algorithms are designed to automatically learn
from data and make predictions without the need for explicit guidance [56].

One of the most popular and powerful types of ML approaches is called Deep Learning (DL). DL utilizes
Artificial Neural Networks (ANNs), i.e., sophisticated models designed to approximate a transfer function that
maps the inputs and outputs of a certain dataset. They are made up of layers of fully interconnected nodes (as
represented in Figure 2), called neurons. Each neuron receives input signals from the neurons of the previous
layer in the form of numerical values. These inputs are multiplied by their associated weights and then summed
together. The neuron then applies a non-linear mathematical operation called activation function (e.g., ReLU)
to this sum. The output of the activation function is then passed on to the next layer of neurons in the network,
where it is used as input. The process is repeated until the last layer is reached, at which point its final output
is provided. This structure is particularly powerful since it can approximate almost any function [55].
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Figure 1: Venn Diagram for AI, ML & DL.

The main reasons ANNs and DL have become increasingly popular in recent years, besides their high flexibility,
are the availability of huge amounts of data for training and the big improvements made in computational
power. This combination has made it possible to build and train neural networks with many layers, called Deep
Neural Networks (DNNs), which can learn very complex non-linear relationships from large amounts of data
[39].

The current standard for computer vision tasks, such as image classification [22| and object detection [16], is
represented by a subtype of DNNs called Convolutional Neural Network (CNN) [36]. As it is impractical to
directly feed images into a basic DNN because of their high dimensionality with a multitude of non-essential
information, a CNN introduces convolutional and pooling layers. The former can extract meaningful information
from the input image while the latter condense this information in a lower dimensionality. Convolutional layers
perform a convolution operation between the input and a set of matrices of trained weights called filters, followed
by the application of a non-linear activation function. The result of these operations is a set of feature maps
which represent where a certain feature is found in the image. Pooling layers are then used to reduce the size of
the feature maps, condensing the extracted features. The sequential application of convolution and pooling is
named feature extraction. When the dimensionality of the image is reduced to the level of a vector of numerical
values, it is fed to a set of fully connected layers for classification. An example of a basic CNN architecture is
shown in Figure 3.
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Figure 3: An example of a typical CNN consisting of multiple convolutional and pooling layers, followed by one
fully connected layer.

The development of CNNs, or more in general of DNNs, improved the performance and the accuracy of ML
models in a way that completely revolutionized the field of artificial intelligence. At the same time, the quantity
and complexity of mathematical operations they perform have made their decision process incredibly difficult to
be understood. For this reason, they are usually referred to as “black-box” models. The output of these models
is known and often very accurate, although their internal logic is too complex to be interpreted by humans.

2.2. Explainability

The lack of transparency in black-box models has hindered trust and acceptance towards Al especially in
sensitive domains such as medicine, defence, finance, and law where the consequences of a decision can be
significant [12, 52]. Aiming to address this issue, the field of Explainable Artificial Intelligence (XAI) was created
to make ML systems explainable. While there is no universal agreement on the definition of explainability, it
can be described as a method of building an interface between humans and the Al system that can provide
accurate explanations of the Al decisions that are also comprehensible to humans [3].

Developing an interface to understand the decision-making process of a trained black-box model is referred to
as Post-hoc Explainability [57]. In contrast, Ante-hoc Explainability aims to make a model interpretable from
the start of the training process by using so-called white-boz models (e.g. Decision Trees) that are inherently
transparent but not always as accurate or powerful as black-box models. The act of modifying the architecture
of a black-box model to improve its transparency is also considered ante-hoc explainability since it requires to
re-design and re-train the model. An example of a successful implementation of this idea is the interpretable
CNN designed by Zhang et al. [59], which is characterized by a modification in the training algorithm to push
the filters of the last convolutional layer towards the representation of a specific object part (e.g., head or torso
of an animal). It is possible to gain insight about the patterns learnt by the CNN by then visualizing the outputs
of these filters for different inputs. Another interesting example is InterpNET [5] which is an interpretable model
based on a concatenation of a CNN with a language-generating neural network. InterpNET can provide both
a classification of the image and its description which can be used as an explanation, although the drawback is
the need for a big dataset of explanations and a potential problem of "explaining the explainer" (i.e., the fact
that the explanation process is a black-box that in turn must be explained to be trustworthy). While ante-hoc
explainability is an important aspect of model development, it has major limitations and it may not always be
practical or possible for deployed black-box models. In these scenarios, post-hoc techniques become essential
for understanding and interpreting the outputs of these models.
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Figure 4: Two main categories of Explainable AI: transparency design (ante-hoc) and post-hoc [57].



The scientific literature has further classified post-hoc explainability into two main categories: model-agnostic
and model-specific [17].

2.2.1 Model-Agnostic Explainability

Model-agnostic approaches for explainable AT refer to XAI methods that are independent of the underlying ML
model and can be applied to any model regardless of its architecture or type. These methods don’t access the
internal workings of the model but instead focus on studying the input-output relationship. One of the most
well-known contributions to the model-agnostic approach is the technique of Local Interpretable Model-Agnostic
Explanations (LIME) [38]. LIME aims to explain the predictions of a black-box model by generating a set of
perturbed versions of the input and analyzing how the output changes for each perturbation. This allows LIME
to compute the most important input features contributing to the prediction made by the black-box model. In
the context of image classification, features are represented by regions of the image (as represented in Figure 5),
hence LIME provides visual explanations.

'g“ L
(b) LIME’s explanation.

(a) Husky classified as wolf.

Figure 5: LIME was able to identify that the region of the image containing the snow was the most important
in the classification [38].

A similar approach to LIME is CIU (Contextual Importance and Utility) [2]|. It explains a model’s predictions
by identifying the input features deemed important for the model’s outcome (Contextual Importance) while
assessing the positivity or negativity of their contribution to the prediction (Contextual Utility) and providing
an estimation of how favorable or unfavorable the feature value is for a given output class. Besides being in
its early development, CIU has shown performance comparable to LIME [15] or even superior, especially in
the medical domain [20]. Another very popular model-agnostic technique that focuses on measuring feature
importance is SHapley Additive exPlanations (SHAP) [27]. It computes the contribution of each feature for
a specific prediction by considering all possible coalitions of features and averaging their output predictions.
This is done by using Shapley values, a method from cooperative game theory used to distribute a value among
multiple players. For images, SHAP assigns importance scores to each pixel by calculating its contribution
to the final prediction and then it provides a heatmap of the most important regions of the image. SHAP,
LIME, and CIU are straightforward techniques to generate simple visual explanations for the predictions of any
black-box model and they represent the state-of-the-art for model-agnostic explainability. However, their main
limitation is that they don’t extract information directly from the internal structure of a model since they only
have access to inputs and outputs, and therefore may not be able to provide a robust explanation for certain
predictions [1].

2.2.2 Model-Specific Explainability for CNINs

Model-specific approaches are techniques for explaining the decisions made by a specific MLL model. These
methods try to "open the black-box" and reverse engineer its internal structure to provide insights into how
the algorithm is making its decisions. In our case, we consider CNN architectures. Zeiler et al. [58] were
among the first to examine the internal workings of CNNs through their research on Deconvolutional Networks.
They created a method for reconstructing activations of intermediate layers and projecting them back to the
input pixel space, hence providing a visual representation of the information extracted (i.e., features) by the
network from the input image up to a chosen layer. In a later study, Simonyan et al. [42] proposed a gradient-
based visualization method to generate saliency maps, which they demonstrated to be a generalization of
the deconvolution approach. Gradient-based visualization uses the back-propagation method to compute the
gradients of the score function (i.e., the transfer function) with respect to the input image. The gradient reflects
the responsiveness of the score to changes in a given pixel, i.e., higher gradients indicate that the score is more
susceptible to changes for that pixel and, as a result, the pixel has a greater impact on the prediction. Hence,



gradients can be used to generate saliency maps that emphasize the important pixels in the image. SmoothGrad
[43] and Guided Backpropagation [44] are two widely adopted techniques that are built upon this idea to further
improve the quality of visualizations that can be generated.

Despite their effectiveness and ease of implementation, it has been shown that relying on gradients can sometimes
result in an inaccurate assessment of feature importance. According to Sundararajan et al. [45], this is due to the
saturation of gradients, which occurs when the score function flattens in the vicinity of the input. Consequently,
the gradients become either very small or equal to zero even if the inputs have significant importance due to
a significant output value of the score function. A solution to the saturation problem was provided by the
DeepLIFT [41] method, which calculates the contribution of each feature in relation to a baseline input (i.e.,
a black image). In 2017, Sundararajan et al. [46] introduced Integrated Gradients, combining the gradient-
based approach with the baseline input concept used in DeepLIFT. This methodology was able to overcome
the limitations of gradient-based methods by integrating the gradients of the prediction over a path from a
baseline input to the actual input. Additionally, it addressed the issue of implementation invariance, which
occurs when the method is potentially sensitive to unimportant model implementation aspects, one of the main
limitations of DeepLIFT. Nevertheless, a major disadvantage of Integrated Gradients is that it is significantly
more computationally intensive than other gradient-based techniques and despite being more faithful this is
rarely a worthwhile trade-off [28].

A different approach for extracting feature importance is through the extraction of activation maps (i.e., feature
maps) which was originally presented by Zhou et al. [61]. They proposed substituting the complicated-to-
understand fully connected layers with a Global Average Pooling (GAP) layer to reduce the feature maps into
a single scalar value that represents a particular feature. Then, it is possible (as shown in Figure 6) to do a
weighted linear sum of the feature maps to obtain a Class Activation Map (CAM), since the weights can be
interpreted as the feature maps’ importance towards the prediction of a certain class. The CAM can be upscaled
to the size of the input image and turned into a heatmap that can be used to identify the most important regions
for a particular class. The CAM can be interpreted as a weighted average of the sections of the input image
that were observed by the CNN just before the final prediction is made.
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Figure 6: The fully connected layers of a CNN are substituted by a GAP and its weights towards a specific
class are extracted. The CAM is then computed through a weighted sum of the feature maps and highlights
the class-specific most important regions [61].

Compared to the methods mentioned so far, CAM stands out as the only method that can provide class-specific
explanations. Its visualizations are unique for each class as they exclusively highlight the regions that are relevant
to the chosen class. On the other hand, the main limitation of CAM is that it can only be applied to a specific
kind of CNNs employing a GAP layer before prediction. For architectures using fully connected layers, CAM
requires architectural changes that are significant enough to stress the concept of post-hoc explainability, such
as substituting and re-training the last layer which can sometimes even hinder model accuracy [25]. Selvaraju
et al. [40] later introduced a generalized version of CAM called Gradient-weighted Class Activation Mapping
(Grad-CAM) which can be applied to any CNN architecture. The main idea behind Grad-CAM is that the
weights needed to combine the feature maps can be calculated by applying a global average pooling on the
gradients of the score (before the softmax) for a given class with respect to the feature maps (2.1). The final
maps for a specific class are then generated by applying a ReLU to the weighted sum of the feature maps (2.2),
ensuring that only features that positively impact the prediction are taken into consideration. The authors refer



to the nal map as Class-discriminative Location Map since it highlights the class location.
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Since Grad-CAM lacks ne-grained pixel-scale representations, it is often used in conjunction with other methods
that provide greater detail in contexts where a higher degree of pixel-level detail is required. An example of
such a combination is Guided Grad-CAM [40], which combines Grad-CAM with Guided Backpropagation.

Grad-CAM was a big step forward thanks to its computational e ciency, wide applicability and capability to
outperform other visualization methods in a variety of contexts [11, 60]. Furthermore, another advantage of
Grad-CAM is that it can be applied to any convolutional layer, although visualizations become progressively
worse while moving to shallower layers as they have smaller receptive elds (i.e., elements of the feature map
refer to a smaller area of the input image) and therefore focus on less semantic local features. An improved
version of Grad-CAM called Grad-CAM++ was proposed by Chattopadhyay et al. [10]. This new version
incorporates higher-order derivatives into the calculation of the class activation maps by considering second and
third-order gradients and only using the positive ones. Lerma et al. [23] later observed that Grad-CAM++

is nearly equivalent to standard Grad-CAM with positive gradients, which they refer to as Grad-CAM™* . The
Grad-CAM* algorithm di ers from the original Grad-CAM in that it applies a ReLU directly to the gradients
before the GAP step. According to Lerma et al., the reason for this modi cation is to eliminate negative
gradients which are associated with regions containing features from classes other than the one being analyzed.
Several other variants of Grad-CAM have been developed (e.g., Eigen-CAM [34], Smooth Grad-CAM++ [35],
and Score-CAM [53]). They usually perform better than Grad-CAM in speci ¢ contexts and slightly worse in
others.

The presented methods generate heatmaps that highlight regions of the image with the highest in uence on the
prediction. However, what is lacking is an explanation of why these regions are relevant. While these regions are
important as they contain patterns that the network has learnt to recognize, the interpretation of what these
patterns may consist of is highly subjective. For example, if a Grad-CAM heatmap highlights the region of a
cat's nose as being important for the prediction "cat", this might suggest that the network is using information
about the nose to make the prediction. However, without further information about the speci c features that
the CNN has learnt, it is impossible to know for certain. Following on the cat's image example, it could be that
the network is using information about the texture of the fur near the nose, or about the presence of whiskers,
to make its prediction (see Figure 7).

(a) Correctly classi ed cat. (b) Grad-CAM explanation.

Figure 7: Grad-CAM highlights the region near the nose as the most signi cant for predicting a "cat", but it
cannot be said for certain whether the network learnt to recognize the nose speci cally, or possibly the fur or
whiskers.

The authors of Grad-CAM proposed a possible way to address this issue by combining textual and visual
explanations. Their idea was to combine Grad-CAM with a technique proposed byBau et al. [6] to automatically
assign names to neurons by training the model using images manually labeled with the names of the objects or
features present in it. These names are then used as a textual description of what the Grad-CAM generated
heatmap is highlighting to signi cantly improve the comprehensibility of these explanations.

Another way to identify the features a CNN has learnt was proposed byKim et al. [19] in the form of a technique
named Testing with Concept Activation Vectors (TCAV). This technique makes it possible to determine the
importance of a speci ¢ feature or human concept for predicting a speci c class. The method works by inputting



example images containing only one speci c feature and observing the network's predictions. For instance, they
could input an image of stripes in a CNN that classi es zebras to determine if the network is using the concept
of stripes in its prediction. This method can be used in detecting speci ¢ biases in neural networks (e.g., related
to race) and can be considered complementary to Grad-CAM. Indeed, it provides a global understanding of
model behaviour (i.e., global explanations) while Grad-CAM provides explanations of a speci c prediction (i.e.,
local explanations). Both Grad-CAM and TCAV are still very e ective in detecting biases and explaining Al
decisions but at the same time, it has been shown that they can also introduce bias in the explanations. For
Grad-CAM this happens when humans misinterpret why a region is highlighted due to biased assumptions while
for TCAV the bias can be introduced by the images that are selected for representing a feature [49]. Therefore,
it is crucial for future explainability frameworks that include these techniques to develop methods for mitigating
any potential bias they may introduce.

2.2.3 Human Knowledge and Crowdsourcing

Despite the multitude of techniques and advancements in Al explainability, there are still limitations in ensuring
that explanations are fully accurate and understandable from a human perspective. For this reason, many
researchers [13, 29, 54] have turned to human-centred (i.e., human-in-the-loop) techniques that utilize human
insight and reasoning to improve explanations of machine learning models.Mishra et al. [31] developed a
crowdsourcing method for collecting high-level concepts for image classi cation explanations. The method
involves presenting users with images and their correct labels, asking them to outline the location of the entity
together with the features they used to identify it. The resulting data is then aggregated on a per-image and
per-class basis to generate both global and local explanations. LatefTocchetti et al. [48] proposed a two-
player gami ed crowdsourcing activity for collecting human concepts that can then be used for explainability
purposes. In the proposed activity, one player is asked to guess the entity in a picture without seeing it by
asking about its features through closed questions to the other player who provides the answers and takes note
of the guessed features while also outlining them on the image. These methods can generate simple explanations
and collect human-interpretable features using only input images. Despite easing the data collection process,
such approaches should be combined with existing visual explanation techniques to contextualize them to an
actual ML model prediction.

Among the researchers who employed human knowledge in conjunction with other explainability methods were
Lu et al. [26]. They proposed using a game based on "Peek-a-Boom" to evaluate visual explanations generated
by di erent XAl techniques (i.e., Grad-CAM, SmoothGrad, Guided Backpropagation, and Saliency Maps). In
their implementation, only a small part of an image is initially shown, starting from the region deemed the most
important by an explainability method. If the player cannot guess the image, more pixels are revealed. The
number of pixels needed for the player to guess correctly determines a score for each explainability method,
representing how well humans can interpret it. Grad-CAM ended up with the highest score since it was able to
convey more human-understandable information in fewer pixels.

(a) Exposure rate of 5%. (b) Exposure rate of 15%.

Figure 8: Example of a Peek-a-Boom game where an image of a cat is gradually revealed to the players at
di erent exposure rates [26].



Human-in-the-loop approaches are not just e ective at evaluating explanations but they also have the potential
to signi cantly improve them [14]. Mitsuhara et al. [32] proposed a framework to improve the explainability
and the performance of Attention Branch Networks (ABNSs) (i.e., a DNN that integrates attention mechanisms
into the standard CNN) by combining human knowledge and Grad-CAM location maps. They had these
maps manually edited by human experts and then used them to ne-tune the attention process. Another
approach that focuses on global explainability was introduced byBalayn et al. [4]. They suggested augmenting
the heatmaps generated by explainability methods by incorporating semantic concepts through crowdsourcing
annotations. The main advantage of their approach is that the annotations are aggregated to allow the use
of di erent statistical mining techniques to generate global explanations about the model behaviour. Overall,
these methods demonstrated the value of incorporating human knowledge in the explainability of ML models,
hence foreseeing a promising direction for advancing the eld of XAl.

3. Methodology

3.1. Abstract Network Visualizations

State-of-the-art XAl methods provide explanations for image classi cation predictions, by identifying the most
important region of the image that contributed to them. However, while these methods can explain where the
entity of the classi cation was identi ed, they do not o er a complete understanding of the machine rationale.

In order to have a comprehensive understanding of the rationale for an Al decision, we need to examine the
entire Al decision-making process. In the case of CNNs for image classi cation, this process includes multiple
stages of feature extraction from input images that happens through multiple layers. For example, considering
the classi cation of a dog's image, one layer might identify the quadruped shape, the subsequent could extract
more speci ¢ features such as ears or eyes, and then the nal layer could identify the dog's head and body and
consequently classify the image as "dog". Having an overview of this feature extraction process can signi cantly
enhance the transparency of the classi cation. For this reason, the main objective of this work is to develop
a process to generate local explanations in the form of Abstract Network Visualizations (ANV), providing
human-understandable and accurate visualizations of the features extracted by the CNN at each layer. An
ANV (as shown in Figure 9) is composed of layers, each consisting of a set of heatmaps, which provide a visual
representation of the areas of the input image where important features were identi ed.

Figure 9: The ANV shows the feature extraction process layer by layer. Each layer contains a variable amount
of heatmaps that visually represent the features extracted by the network in that layer. Each heatmap is
associated with a weight and a set of labels that contains the human concepts describing these features. The
weights represent the contribution of each feature towards the output. They do not sum up to 100% because
features with very low weight are excluded.



These heatmaps represent groups of feature maps clustered by similarity (i.e., feature maps focusing on the
same region of the image are grouped together). The number of heatmaps is not xed and can be di erent for
each layer. The nal visualization also includes, for each heatmap, the relative importance of its corresponding
group of feature maps with respect to the nal predicted class. In addition, each heatmap in the ANV is linked

to a set of crowdsourced labels that indicate the human concepts it represents. We use a set of labels instead
of a single one because sometimes feature maps highlight a combination of multiple features. For instance,
a heatmap might highlight a person, the sky, and a plane as this combination leads the network to predict
the parachute class, rather than any of these three features individually. Moreover, labels obtained through
crowdsourcing may not have equal relevance since one could be mentioned more frequently than another, hence
they are ranked and represented in a plot. Additionally, labels provided directly by humans have the unique
advantage of being human-understandable, enhancing the interpretability of our explanations.

The ANV can be built considering all layers of the CNN, as well as a selected subgroup of interest. Since shallow
layers usually focus on detecting basic shape information (e.g., edges, outlines, corners, etc.), it might be a more
e cient approach to focus on deeper layers which should contain more semantic concepts as their receptive
elds are bigger (see Section 2.2.2). After deconstructing the feature extraction process into its constituent
parts, it is possible to analyze each part individually to identify any potential biases. For example, it might
be discovered that the classi cation of a golf ball is strongly in uenced by the importance given to the "grass"
feature. However, this approach also allows for the investigation of potential correlations between features
extracted by di erent layers leading to a more comprehensive understanding of how they relate to each other. A
signi cant advantage of using crowdsourced labels to describe the extracted features is the ability to aggregate
multiple local explanations, thereby extending the explanation from a local to a global perspective. By analyzing
the features extracted by a CNN to recognize a particular class across multiple images, we can develop a global
explanation of how the network generally identi es that class. Our explainability method is post-hoc, meaning

it doesn't require any modi cation or re-training of the model. Additionally, ANVs can potentially explain
both correct and incorrect classi cations, although, for the purposes of this work, we will focus solely on the
former. In the next section, we will provide a detailed overview of the process and the essential steps required
for generating the presented visualizations.

3.2. Method Overview

Given a CNN trained for image classi cation and an input image, the following steps must be followed to build
the ANV, as outlined in Figure 10:

1. Feature Maps Analysis Feature maps and their relative weights are extracted and clustered. Clusters
are merged to generate representative heatmaps for each cluster that we refer to as cluster maps.

2. Human Knowledge Collection In this step, labels are collected through crowdsourcing to enhance the
interpretability of previously generated Cluster Maps.

3. Label Analysis: The collected labels are processed using data analysis techniques to make them structured
and free of errors. Cluster maps with similar labels are also merged.
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Figure 10: A pipeline depicting the process for building the ANVs. The process involves three main steps. In
the rst step, feature maps and their weights are extracted from the CNN. These feature maps are clustered
to generate representative heatmaps (cluster maps) for each cluster. In the second step, human knowledge is
collected to assign labels for the clusters. In the nal step, the labels collected from the previous step are cleaned
up and cluster maps with the same labels are merged.

3.3. Feature Maps Analysis

The rst step of our process is to extract as much meaningful information from executing the CNN on an input
image in terms of feature maps and their importance. These feature maps are then clustered and merged to
generate a set of cluster maps for each layer.

3.3.1 Feature Maps and Weights

Feature maps are extracted after applying the activation function for each convolutional layer. In case the
activation function is not a ReLU, a RelLU is applied to the feature maps to consider positive activations only.
Some of these feature maps may become empty and thus are removed. Next, feature maps are associated with
their corresponding class-speci ¢ weights towards the predicted class, which will be computed using a local
explainability method. For this purpose, we used the Grad-CAM algorithm (2.1) as it is a straightforward
approach that works with any CNN architecture. We have opted to use the version of Grad-CAM that utilizes
Guided ReLU, a modi ed version that only considers positive gradients to regions of positive activations (i.e.,
the positive elements of the feature maps). Practically, this means that non-positive gradients and gradients
corresponding to non-positive activations are both set to zero before the GAP. This modi cation has been
shown to perform better by Selvaraju et al. [40], especially when the objective is not to discriminate between
two classes in the same image, which is not our case since in ANVs we consider only the weights towards the
predicted class.

We performed unit normalization to enhance the interpretability of these weights. This technique guarantees
that the total weight for each layer sums up to one, allowing for their importance to be visualized as percentages
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per layer. Feature maps whose weights are equal to or less than zero are removed and a positive weight threshold
can optionally be selected to exclude feature maps with low importance, further optimizing the clustering
process. The threshold of importance is relative to the number of feature maps a layer produces, hence it is
a heuristic that varies based on the layer and the network of interest. The idea behind this thresholding is to
reduce the number of feature maps while retaining the vast majority (e.g., 70-90%) of the total weight. At
this stage, the number of feature maps per layer can often be in the order of hundreds or more, which can be
an overwhelming amount of information for humans to handle. However, they can be clustered and merged
together into cluster maps since multiple lters of the same layer typically produce very similar feature maps.

In the next section, we'll explore how this can be accomplished.

3.3.2 Pre-processing

Some pre-processing steps are necessary to improve clustering performance. Feature maps are normalized using
min-max normalization (i.e., scaling their values to a range between 0 and 1, based on the minimum and
maximum values of the feature map). This normalization makes the feature maps comparable in terms of
which image regions they are focusing on the most. The subsequent pre-processing step consists in performing
a dimensionality reduction algorithm since feature maps are highly susceptible to the curse of dimensionality.
For this purpose, we used a combination of two techniques: Principal Component Analysis (PCA) [30] and
t-distributed Stochastic Neighbor Embedding (t-SNE) [51]. The reason behind using t-SNE is its ability to
visualize data in a low-dimensional space while preserving its local structure, which makes it powerful for
identifying clusters in complex datasets such as images. We use PCA to reduce the number of dimensions to
a reasonable amount (e.g., 30-50) before applying t-SNE since it requires a high computational e ort. The
parameters of these algorithms cannot be standardized and must be selected speci cally for each model and
layer because the number and size of feature maps can vary across di erent models and layers. While a possible
heuristic is outlined in Section 4.2, it is important to optimize these parameters based on the results obtained

in the given context.

3.3.3 Clustering

After performing dimensionality reduction, we apply a clustering algorithm for each layer of the network. In our
method, we use Agglomerative Clustering, a widely employed type of Hierarchical Clustering. This technique
is more suitable for our problem than density-based and centroid-based approaches as the former removes noisy
points that could be important in our analysis while the latter performs better under speci c assumptions (e.g.,
spherical distribution of variables) that are unlikely to always be true for our data. Furthermore, hierarchical
clustering has the advantage that it produces many clustering results for an incremental number of clusters
allowing for freedom in its choice.

The optimal number of clusters can be dierent for each layer and depends on the number of features a
convolution layer extracts for a speci ¢ input image, which can't be known beforehand. Therefore, we used the
silhouette score metric (i.e., a measure of cohesion and separation of clusters) to select the optimal number of
clusters for a given input image and layer. Generally, the evaluation of this metric involves visual inspection.
However, we rely only on the average silhouette score as visual inspection is impractical due to the large number
of clustering executions required per image. However, we cannot consider every possible number of clusters since
the ultimate objective is to produce explanations that need to be understood by humans. Therefore, the number
of clusters per layer should not be overwhelmingly high. Having too many clusters can also be problematic during
the labeling phase, as it would require a substantial number of participants. For these reasons, a reasonable
range (e.g., 3-8) must be chosen based on model size, availability of resources for crowdsourcing, and human
comprehensibility. Regarding the choice of parameters for the clustering algorithm, it follows the same principle
discussed at the end of Section 3.3.2 for pre-processing parameters.

3.3.4 Merging Feature Maps

Once the clustering process is complete, each cluster is merged using a weighted average approach. This produces
cluster maps representing an entire cluster of feature maps. Each cluster map is assigned a weight value that
indicates its signi cance towards the predicted class. This value is computed by summing the weights of all
feature maps belonging to that cluster. More formally, these weights are derived for a given cluster starting
from the Grad-CAM formulation (2.2), which can be applied to every layer. Consideringn clusters, by grouping

the terms w, Al that correspond to feature maps belonging to a speci ¢ clusterC;, we can factor out the sum

of their weights to obtain a new term w¢, which represents the cluster weight, multiplied by a term A¢, that is

the cluster map obtained through the weighted average. The Equation (3.1) shows that when using this method

12



to compute the clusters' weight, the Grad-CAM location map remains unchanged, hence cluster maps can be
seen as condensed feature maps.

0 1
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After obtaining a set of cluster maps for every layer and their corresponding weight, we can optionally choose
a threshold to exclude cluster maps with low overall weight, although this decision depends on the resources
available for the data collection process. At this point, we are ready to enhance the interpretability of the
cluster maps through the employment of human knowledge which will be the topic of the following section.

3.4. Human Knowledge Collection

The goal of this step is to collect labels, representing the human concepts highlighted in each cluster map.
In order to ensure these concepts are human-understandable, they are obtained through crowdsourcing, i.e.,
the practice of obtaining knowledge from a heterogeneous group of people often referred to as "crowd". This
enables us to associate visual explanations with meaningful concepts that are familiar and interpretable to
humans. Furthermore, collecting labels from multiple people with a variegated background can signi cantly
reduce the interpretation bias addressed at the end of Section 2.2.2.

3.4.1 Masking Cluster Maps

Before designing the crowdsourcing activity, we need to address what precisely participants should see during
the labeling of cluster maps. The general approach to obtain an interpretable visualization of a feature map is
to generate an overlay of the input image and the feature map after normalization, up-scaling, blurring, and
color mapping. We use the same technique for cluster maps, obtaining an overlay such as the one shown in
Figure 11a. However, asking participants to label these cluster map overlays has a problem. If we let humans
know the subject of the image before labeling, they will most likely lose focus on the highlighted areas. Hence,
the labels might not accurately describe the highlighting features. For example, a cluster map highlighting
a portion of grass on a soccer eld may be labeled as "soccer eld" instead of "grass", if the entire image
is displayed. Although the label "soccer eld" is acceptable, "grass" is more focused and describes only the
highlighted area. Hence, we need to hide the non-highlighted portions to prevent such behaviours. This can be
achieved by computing a mask (i.e., a binary image) that de nes which pixels to show. A masked image is then
obtained by overlaying the mask on top of the input image, as shown in Figure 11b.

(a) Cluster Map overlay. (b) Masked overlay.

Figure 11: An example of an overlay of a cluster map that focuses on a dog's muzzle, along with its corresponding
masked image that reveals only the highlighted area.

By choosing an estimaté of the percentage of pixels to show, we can Iter only the most important pixels of
a cluster map by computing the percentile relative to the former estimate and considering only the values of
the map greater than or equal to the percentile value. Such a percentage parameter can be adjusted to create

3Note that repeated values may be present, particularly when up-scaling cluster maps signi cantly smaller than the
original image. Consequently, the number of values that are greater than or equal to the percentile might be slightly
higher than the chosen percentage. Additionally, blurring can be applied to enhance the visualization quality, which can
modify the actual number of pixels displayed.
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