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ARTICLE INFO ABSTRACT
Keywords: Although deep learning models can solve complex prediction problems, they have been criticized
Deep learning for being ‘black boxes’. This implies that their decisions are difficult, if not impossible, to explain

Visual explanation
Rough set theory
Reduct

Prototype image

by simply inspecting their internal knowledge structures. Explainable Artificial Intelligence has
attempted to open the black-box through model-specific and agnostic post-hoc methods that
generate visualizations or derive associations between the problem features and the model
predictions. This paper proposes a new method, termed REPROT, that explains the decisions
of complex deep learning architectures based on local reducts of an image. A ‘reduct’ is a set of
sufficiently descriptive features that can fully characterize the acquired knowledge. The created
reducts are used to build a ‘prototype image’ that visually explains the inference obtained by
a black-box model for an image. We focus on deep learning architectures whose complexity and
internal particularities demand adapting existing model-specific explanation methods, making the
explanation process more difficult. Experimental results show that the black-box model can detect
an object using the prototype image generated from the reduct. Hence, the explanations will be
given by “the minimum set of features sufficient for the neural model to detect an object”. The
confidence scores obtained by architectures such as Inception, Yolo, and Mask R-CNN are higher
for prototype images built from the reduct than those built from the most important superpixels
according to the LIME method. Moreover, the target object is not detected on several occasions
through the LIME output, thus supporting the superiority of the proposed explanation method.

1. Introduction

Although machine learning and deep learning models often produce accurate predictions, sometimes we need to know what
motivates a certain decision. For instance, suppose that a model issues an alert on the condition of patients suffering from a specific
disease in a hospital. The alert will be triggered when a patient requires immediate intervention by healthcare personnel. It may
happen that, a priori, the medical doctor does not know why the patient’s condition has worsened and must analyze all the patient’s
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vital signs over the last few hours to isolate possible causes. However, using an interpretable model, the medical doctor could focus
on those variables related to the warning, saving valuable time and effort.

Explainable Artificial Intelligence (XAI) [3,5] refers to procedures used to explain decisions generated by Al-based systems to hu-
mans. Explicability can be ante-hoc (directly interpretable models [24,8]) or post-hoc (techniques to explain a previously trained model
or prediction [2,37,14,34,9]). Post-hoc techniques have been widely used for their usefulness in explaining the predictions of black
boxes [52,49,40,4]. Post-hoc techniques include model-agnostic methods (which can be seamlessly applied to any machine learning
model regardless of its internal processing or internal representations [48,37,26,38,33]) and model-specific methods (tailored or
specifically designed to explain particular machine learning models [2,29,41,42]). Following the taxonomy in [3], model-agnostic
methods may rely on model simplification [37], feature relevance estimation [26], and visualization techniques [10].

Although most of these techniques are based on local explanations (i.e., explanations for a specific instance [37]), others rely on
constructing global explanations (i.e., explanations focused on the global decisions of the prediction model [12]). In particular, Local
Interpretable Model-Agnostic Explanations (LIME [37]) is a model simplification method for local explanations. The intuition behind
LIME is that it is much easier to approximate a black-box model by a simple model locally rather than by trying to approximate a
model globally. LIME focuses on fitting a local surrogate model to explain why specific predictions are made. Surrogate models are
interpretable models (e.g., a linear regression model) that are learned over the projections of the original black-box model. LIME
tests what happens to the model predictions when data changes are introduced. It generates a new dataset consisting of perturbed
samples (i.e., perturbations made to the instance to be explained) and the associated black-box model predictions. It then trains an
interpretable model weighted by the proximity of the sample to the instance of interest. The linear model coefficients are finally
interpreted as the importance of the features either for (positive) or against (negative) the predicted class.

This paper proposes a model-agnostic method that provides visual explanations for the predictions of black-box classifiers dedi-
cated to computer vision tasks [21,15]. The proposed explanation method, named REPROT, creates a ‘prototype image’ instead of
training a local surrogate model to provide a visual explanation of the output of a black-box model for a given image. When building
a prototype, we rely on the concept of Region of Interest (ROI) [7] and extend the concept of ‘reduct’ from the Rough Set Theory
(RST) [31,32] to the universe of discourse of images. This theory provides a solid mathematical tool for feature selection, incon-
sistency analysis, and knowledge discovery for structured decision systems. However, we must first extend the information system
concept in the RST formalism for image classification tasks to apply this theory to unstructured data. Similarly, we must redefine
the inseparability relation to obtain an ROI-based equivalence relation for pairs of images. Therefore, a reduct can be understood as
the minimal feature set that allows correctly classifying images and inducing minimal length decision rules describing the problem
domain. However, reduct computation is computationally expensive, especially for image datasets having complex structures. To
circumvent this issue, the proposed method relies on the local reducts of a given image. These information granules are obtained
from the neighborhood of the image to be explained and the model’s predictions for that neighborhood. After that, the prototype
image is built from the set of features included in the generated reduct. To validate the explanations produced by our method, the
classification process is performed under the hypothesis that the model should be able to produce the output being explained from
the prototype image only.

Overall, the paper brings two contributions within the data analysis and XAl fields, respectively. The first contribution concerns a
theoretical formalism based on RST that extends the notions of reducts and regions of interest in universes of discourse where objects
are images instead of instances described by well-defined features. To the best of our knowledge, the proposed RST formalism
can be considered the first study in which this mathematical theory is applied to unstructured data where decision tables do not
exist. The second contribution concerns the agnostic explanation method that generates high-confidence explanations in computer
vision settings. When compared with existing explanation approaches reported in the literature, our method includes the following
advantageous features:

« Firstly, in contrast to model-specific post-hoc explanation approaches such as Layer-wise Relevance Propagation (LRP [2]) and
DeepTaylor [29], the proposed explanation method can be applied to almost any black-box model dedicated to computer vision
tasks due to its agnostic nature. Notice that the internal particularities of complex neural architectures prevent these methods
from being used directly, often requiring algorithmic adjustments. Examples of these networks include Yolo [51] and Mask
R-CNN [15].

Secondly, we empirically demonstrate that the precision scores obtained by the neural models when describing the images with
the local reducts are higher than those built from the most important superpixels discovered by other methods of an agnostic
nature, such as LIME or ANCHORS [38] methods. More importantly, we reported several cases where using LIME or ANCHORS
superpixels to describe the images caused misclassifications. The high confidence and accurate predictions using local RST
reducts provide evidence of the superior descriptive power of local reducts used to generate the explanations.

Thirdly, the proposed RST extension to universes of discourses comprised of images and the REPROT method pave the road
toward producing more complex explanations. For example, the foundations of both contributions can be coupled with symbolic
reasoning mechanisms as the module proposed by [30] to generate high-confidence counterfactual explanations.

The rest of the paper is organized as follows. Section 2 presents the model-agnostic approaches prevalent in the literature.
Section 3 introduces some basic concepts of RST adapted to image-based information systems describing a universe of discourse.
Section 4 presents the proposed local explanation approach based on an image prototype. Section 5 conducts numerical simulations
and pertinent discussions. Finally, Section 6 concludes the paper and provides future research directions.
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2. Related work

In the field of XAI, several post-hoc local explainability methods characterized as model-agnostic methods have been developed,
such as [37,26,38,33]. These techniques generate explanations on the inference of a learned model from a specific input without
depending on the internal architecture of the model, operating only from its input and output [48,19]. Some of the existing agnostic
approaches include:

+ Local Interpretable Model-Agnostic Explanations (LIME) [37]: This method creates a surrogate model from solutions inferred by
the neural model in the neighborhood of the input being explained. LIME learns an interpretable linear model in the vicinity of
an input instance. The utility of the learned linear model is that it calculates the importance of the input features of the instance
to be explained concerning the output predicted by the neural model. This importance represents the explanation that is finally
provided to the user. The neighborhood is constructed by perturbing the instance to be explained and inferring the solutions of
these new instances generated using the neural model being explained. Within the image domain, the method is classified as a
Saliency Map, i.e., an image in which a pixel’s brightness represents the pixel’s relevance. LIME presents its explanation from
superpixels, i.e., sets of pixels whose coefficients in the linear model have higher positive values.

Shapley Additive Explanations (SHAP) [26]: This method is based on Shapley values, a concept from cooperative game theory.
Shapley values assign a value to each player in a cooperative game based on their contribution to the game’s outcome. In machine
learning, the “players” are the input features, and the “game” is the model’s prediction. SHAP assigns a Shapley value to each
feature for a specific prediction made by a model. These values represent the contribution of each feature to the prediction,
considering all possible combinations of features. SHAP ensures that the sum of the Shapley values of all features equals the
difference between the model’s prediction for a particular case and the average prediction of all instances, ensuring balance in
feature attribution. However, calculating Shapley values for all features or pixels may require a high computational cost.
High-Precision Model-Agnostic Explanations (ANCHORS) [38]: This method can be considered an extension of LIME, which
provides explanations in the form of decision rules (if-then rules) called anchors. An anchor consists of a set of features needed
to locally explain the response of a black-box model, so that the value of any feature not included in the anchor can be changed
and the prediction is not affected. Since the number of possible anchors is exponential, a search method is used to construct a
subset of them. When building the surrogate model, the rules are computed by progressively adding equality conditions on the
premise (the anchor is initialized with an empty rule) until the rule reaches a set accuracy threshold to perform the prediction.
Randomized Input Sampling for Explanation (RISE) [33]: This method explains deep learning models’ predictions for image
classification. RISE generates a set of randomized versions of the input image by applying a specific perturbation method. These
perturbed images are created by randomly zeroing a portion of the image pixels, which the authors define as masking an image.
RISE calculates an importance score for each pixel of the original image based on the variability of the model predictions when
different parts of the image are masked. Pixels that, when masked, cause the most variation in model predictions are considered
the most important for the model decision. The importance scores are used to generate a heatmap overlaid on top of the original
image.

Given the current applications of these approaches in explaining various deep neural models [39,22,6], particularly those dedi-
cated to image classification, they will be included in the comparative study alongside our proposal.

3. RST-based formalism for an image universe

RST [31,32] is defined by two main components: an information system and an inseparability relation [53]. Since we are dealing
with images and objects to be detected in these, we need to modify the classical composition of the information system. Therefore,
we introduce an RST-based formalism for the domain of image processing.

In this domain, an information system can be defined as a 3-tuple (U, S,0), where U is a non-empty and finite set of images, and
S is a non-empty, finite family of sets of superpixels (i.e., sets of pixels generated from a segmentation algorithm [50]), whereas O =
{01,0,,...,0p} is the set of possible objects to be detected in a given image. Specifically, U = {1, I,,... Iy} and S={S;,S,,... Sy, },
where N is the total number of images and there is a one-to-one correspondence between % and S. Also, it should be noticed that
the segmentation algorithm generates the same number of superpixels for every image and returns an ordered set. Fig. 1 summarizes
the relationship between the components of an information system in the RST formalism.

Let us establish that K = |.S T, | such that |.| denotes the set cardinality operator. Since |.S T, | is constant Vj, S I =

S lb,Si, ,SIK ) Vj represents the ordered set with the superpixels. Given a set containing indexes from 1 to K, the ordered subset
J
S;/ c S,j contains all superpixels in S,/ (for all j) with superscripts corresponding to these indexes and keeping its original order. For
example, the set of indexes {1,2,5} would induce S; =(S! ,S? ,SIS ) Vj. Moreover, we say that S; = S; if the images 7, and 1, are
J J J x y
deemed identical for the corresponding superpixels. Equation (1) formalizes the inseparability relation that enforces this behavior,

IND, ={(,,I )e"ux'u:S}X=S;y}. ¢h)

In short, Equation (1) establishes the relationships between two or more images in the universe for a given set containing indexes
to reference the superpixels generated by a segmentation algorithm. Since the condition in Equation (1) is excessively strict in most
situations, a relaxed equivalence relation between two images must be defined. Notice that this type of relation must satisfy three
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Fig. 1. Relationship between the components of the 3-tuple (2, S,0) in the RST formalism.
properties: reflexivity, symmetry, and transitivity. According to Equation (2), two images are considered equivalent if the object
0; € O is detected in both of them or none,
R =((I.1)€EUXU : 0,€ LU,) Ao, € L)
Vo, € LU )No; & L(I)}

2

where £(I,) and L(I)) are the sets of annotated objects in the images I, and I, respectively. Consequently, [IX] =, eU:
1

I yR‘]”' 1.} defines the equivalence class of I, according to the R‘l’i relation, i.e., all images equivalent to I, with respect to the i-th
annotated object. In general, only two equivalence classes arise (one containing images where the object o, is detected and the other
with images where the object was not detected).

3.1. Adaptation for the regions of interest of an image

Next, we will adapt the previous RST-based formalism for the case of the ROI [7] of specific images in U.

Definition 1. An ROI of an image can be defined using a binary mask. Mask pixel values of 1 indicate image pixels that belong to
the ROIL, while values of 0 indicate image pixels that are part of the background.

In this paper, ROIs are produced using a binary mask for the superpixels generated from a segmentation algorithm. Aiming to
build an ROI from a given set of superpixels (S,/), we first need to define a subset S;j cs I, Subsequently, we activate every pixel
contained in S}j (i.e., pixels that are part of the superpixels in S}j) and deactivate every other pixel. In simpler terms, superpixels
are turned on and off.

For every image I; € U, the proposed information system can be defined as a 3-tuple (P,j,S,/,O), where P; is a non-empty
and finite set of all possible ROIs for I;, and S, €8. It should be noticed that the ROIs in Py, are built from Sy, Specifically,
Py ={ROI,,ROI,,... ROIy}, where M is the total number of ROIs for the image /;. It is worth mentioning that M =2% —1 (K is
the number of superpixels produced after the segmentation), considering that every ROI has at least one superpixel turned on. Fig. 2
summarizes the composition of an information system in adapting RST to image ROIs.

The intuition behind Equation (1) is still valid if we consider that I, and I, represent the same image. Therefore, the case when
S;X = S;y is analogous to ROI, = ROI,, where ROI, and ROI,, are generated from S;X and S;y, respectively. Aiming at simplifying
and improving clarity, Equation (3) formalizes an inseparability relation that establishes the relationships between two or more ROIs
in the universe (P,j),

IND, = {(ROI,,,ROI,,) € P, X Py, : ROI, = ROl ). (3)

Equation (1) involves a strict condition that only holds if both ROIs are the same. However, the equivalence relation between two
ROIs is defined by Equation (4), in which two ROIs are considered equivalent if the object o; € O is detected in both of them or none,
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Fig. 2. Relationship between the components of the 3-tuple Py, Sy 0) in the adaptation of RST to image ROIs.
R} ={(ROI,,ROI,,) € Py X Py
0; € L(ROI,) Ao; € L(ROI )V (€)]

0, & L(ROI,) Ao, & L(ROI,)}

where L(ROI,) and L(ROI,,) represent the sets of annotated objects in the regions ROI, and ROI,, respectively. Consequently,
[ROT,] gi = (ROl € P 1 ROI, R;’ ROI,} defines the equivalence class of ROI,, according to the R;" relation. Such information
2

granule contains all ROIs equivalent to ROI, with respect to the i-th annotated object.
4. REPROT: visual explanations using prototype images

Our approach builds a ‘prototype image’ that serves as a visual explanation for the output of a black-box model for a given image.
A prototype represents each object detected by the model and consists of the essential superpixels when detecting the object. Before
building the prototype image, we need to introduce the concept of local reduct in this domain. For simplicity, it is called ‘reduct’
throughout the paper. In addition, the concept of multi-reduct is also given below.

Definition 2. A local reduct R; (o;*) for the image I, is an ROI with the minimum set of superpixels from .S, on required to detect
the object o,*. '

In other words, R, (0;*) is the minimal set of features (superpixels in this context) obtained from I, to explain o;*. In addition,
notice that a reduct might not be unique, and we could end up with a set of reducts with the same number of activated superpixels,
as explained below.

Definition 3. The multi-reduct M; (0;*) is the set of local reducts for the image I, where the object o;* is detected.

We can conclude from Definition 2 that every reduct in M; (o;*) contains the same number of superpixels. An empty multi-reduct
might exist if we use objects that are never detected for the image. Nevertheless, in our case, it does not occur because we try
to explain the detection of an object by a black-box model. Consequently, inside the multi-reduct, at least one reduct explains the
detected object. Based on a chosen reduct R*; (o;*) we build the prototype image as defined below.

Definition 4. A prototype #; (o;*) is an image built from the reduct R*; (o;%).

Let us suppose that I, is the image of interest (i.e., an image for which a black-box model 8 provided an output that must be
explained), £(I,) C O is the set of objects predicted by the 8 model for I, where o,* € £(I,) is the object to be explained. The
prototype image #; (o;*) consists of the superpixels in R*; (0;) that must be on for the object o, to be detected by the 8 model.
Consequently, a prototype consists of the minimum set of superpixels sufficient to detect an object.
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Fig. 3. Several reducts of an image classified as “African elephant” by the Inception-v3 model, with a precision of 0.67 (i.e., when the whole image is considered).
Each subfigure includes the superpixels composing the reduct and the precision obtained by the neural model when inference is performed from the prototype image.

As an illustrative example, Fig. 3 shows several reducts of an image classified as “African elephant” by the Inception-v3 model
[46]. It is interesting to see how the model can detect the elephant from the second reduct (i.e., the second subfigure at the top)
more accurately than if the whole image is considered. In terms of explanations, the trunk and the front legs are the most relevant
superpixels to classify the image as an “African elephant”, as long as a superpixel representing the jungle (e.g., tree branches) appears
in the image being explained.

4.1. Method for building local reducts

The proposed explanation method builds a multi-reduct (Definition 4) using a heuristic approach to find a candidate reduct and
uses it as a starting point for a brute force search. The reduct is determined from the neighborhood of the image being explained.
This neighborhood is obtained from perturbed samples of the image (by turning on and off the superpixels of the image). The
algorithm finds the equivalence class of an image according to the object to be explained and detects the most dissimilar sample.
Subsequently, a candidate reduct is built from the most dissimilar sample image. Computing the most dissimilar sample image
reduces the computational cost of obtaining the reduct since this image could represent the reduct or contain the candidate reduct
that can be used as a starting point to find the multi-reduct. Having this, we turn the superpixels on and off until we detect the object
itself. The obtained candidate establishes the greatest number of superpixels a reduct could have, so we try all possible combinations
(for the original image) up to this number (starting from a superpixel). A detailed description of each step is shown below:

1. Choose the image of interest I,. and the object o,* detected by the 8 model for which it is desired to have an explanation.
2. Create perturbations from the image to generate a set of ROIs for I,.. Such a set is called a neighborhood and is denoted by

H; CP.

(a) Superpixels SIX are generated using a segmentation algorithm (e.g., Quickshift [50]).

(b) A mask with random zeros (i.e., the superpixel is off) and ones (i.e., the superpixel is on) is generated. These shape a matrix
with perturbations as rows and superpixels as columns. Since we want to find the minimum set of superpixels sufficient to
detect an object, the probability of generating superpixels turned on should be close to zero. These masks generate H; .

(c) Obtain the predictions for H; as computed by the 8 model.

We generate as many masks as the 10% of the total number of superpixels produced by the segmentation ([2’1—61]).
3. Compute the equivalence class [I,] RS according to Equation (4), i.e., the ROIs in the neighborhood H;_ where o;* is detected.

4. Calculate the similarity of I, to all ROIs in [I,] g using a similarity function, e.g., the cosine similarity [13].
1

5. Compute the most dissimilar ROI in [1,] . to the image of interest I,.
1

6
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Fig. 4. Building an image prototype from the most accurate reduct (Steps 1-9 of the proposed algorithm) to answer the question: “Why is this good boy a Labrador?”
In this example, the class to be explained is “Labrador” from the ImageNet dataset, given as the output of the Inception-v3 model.

6. Obtain the subset of superpixels (S’ C S,]) for the most dissimilar ROI in [Ix] R
1

7. Build combinations of superpixels from S’ (from minimum to maximum length) until a candidate reduct is obtained, i.e., until
finding the minimum length combination in which the object o,* is detected.

8. Build combinations of superpixels from S; (from minimum to maximum length) until all reducts are obtained, i.e., until finding
the minimum length combination in which the object o,* is detected. The maximum length equals the number of superpixels in
the candidate reduct. This set of reducts is the multi-reduct M, _(0;").

9. Build the prototype image #; from one of the reducts in M; (0;").

(@) Select the reduct R, _(o;*) with the highest detection accuracy inside the multi-reduct M, (0;").
(b) Recreate an image ¥ equivalent to I, where all superpixels in the image are on.

(c) P is segmented using the same algorithm used in Step 2a.

(d) Turn off all superpixels that are not in the selected reduct R,X(oi*).

From the reducts, the complexity of the explanation is reduced substantially. This happens because the procedure uses superpixels
(denoting information granules) instead of pixels when detecting the desired object. Moreover, starting with a candidate reduct from
the most dissimilar sample image helps reduce the number of tried combinations among superpixels to find all the reducts.

In Step 2a, other segmentation algorithms can generate a different number of superpixels and regions with other sizes and shapes.
With a small number of superpixels, REPROT runs faster, but it may produce a bigger reduct to explain the decision. Conversely, a
high number of superpixels slows down the computations, but leads to a smaller reduct as an explanation. In any case, the reduct
will always be found, but the amount of contained superpixels and the computational cost will vary.

In Steps 4 and 5, the final goal of the similarity function is finding the most dissimilar ROI in [Ix]Ra;« , when compared to the

image I,.. The number of superpixels in this ROI will be an upper bound for the number of superpixels in tlhe reducts, which impacts
the computational burden by an exponential factor. However, the similarity function will have no impact on the reducts found, and
then, the composition of M; (o)) is independent of any similarity function used.

Finally, to better understand the procedure, Fig. 4 shows a general scheme that explains the inference of a black-box model from
the most accurate reduct in detecting an object. In addition, the Algorithm 1 presents a pseudocode with more technical details.

5. Experimental study

An experimental study is carried out to analyze the effectiveness of the proposed explanation method based on three deep network
architectures: Inception [46], Yolov5 [21], and Mask R-CNN [36,15]. These architectures are widely applied in three computer vision
tasks: object classification [17,45], object detection [36,35], and instance segmentation [15].
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Algorithm 1 REPROT.

Require: Image of interest ., Object o} detected by model B, Probability to turn on superpixels p
Ensure: Prototype image #;
STEP 2: {Create perturbations to generate a neighborhood H,_for ..}
H; <[]
S, < Quickshift (1,)
n< tatal_superpixels(S,‘)
for i from 1 to LZZ—BIJ do
M ASK <« generate_mask(n, p)
ROI « apply_mask(I,, M ASK)
H, < H, +[ROI]
end for

STEP 2c): {Obtain the predictions for H, as computed by the 8 model.}
PREDICTIONS <[]
for ROI € H; do
PREDICTIONS <« PREDICTION S +[B(ROI)]
end for

STEP 3: {Compute the equivalence class “x]R”T according to Equation (4).}
|

[1,] ]I [1
for ROI € H; do

if PREDICTION S[ROI] is True then

[IX]R-:,’ < [IX]R?,‘ +[ROI]

end if

end for

STEPS 4 and 5: {Find the most dissimilar ROI in [I, i tO 1, using the cosine similarity.}
|

RO,y <1
for ROI € H; do
SIMILARITY <« cosine_similarity(I,, ROI)
if SIMILARITY < ROI,,;, then
ROI,;, < ROI
end if
end for

STEP 6: {Obtain the subset of superpixels .S’ from .S; for the most dissimilar ROI}
S’ « get_superpixels_from(ROI ;)

STEP 7: {Build combinations of superpixels from S’ until finding the minimum length combination in which the object o} is detected.}
for i from 1 to |S’| do
for SUBSET € subsets_by_cardinality(S’,i) do
ROI < get_ROI(SUBSET)
if B(ROI) is True then
CANDIDATE <« SUBSET
break
end if
end for
if 3 CANDIDATE then
break
end if
end for

STEP 8: {Build combinations of superpixels from Sy, until all reducts are obtained. The maximum length is equal to the number of superpixels in the candidate
reduct. This set of reducts is the multi-reduct M, (0]).}
M; (o) <[]
for i from 1 to |CANDIDATE| do
for SUBSET € subsers_by_cardinality(S,/ i) do
ROI « get_ROI(SUBSET)
if B(ROI) is True then
M, (o)) <[]
end if
end for
if M, (o})# ¥ then
break
end if
end for

STEP 9: {Build the prototype image #; from one of the reducts in M, (0}).}
R, (0}) < ROI : accuracy(B(ROY)) is the maximum for ROI € M, (0})

P,\ — apply_mask(IX,R,\(of))

return £, as the prototype image.
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(a) “toucan” (b) LRP (c) SG (d) DT (e) REPROT
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Fig. 5. Explanation of the Inception-v3 predictions by model-specific post-hoc methods: (a) Image of interest, (b) LRP output, (c) SmoothGrad (SG) output, (d)
DeepTaylor (DT) output, and (e) REPROT output to explain “toucan”, “daisy”, “red fox”, and “wire-haired fox terrier” as classes detected by the Inception-v3 model.

» o«

The Inception-v3 model can classify the prototype images as “toucan”, “daisy”, and “red fox” from a single superpixel and as “wire fox terrier” from two superpixels.

This study evaluates how well these deep networks can detect the object to be explained from a prototype image, i.e., how
well does an explanation predict? Therefore, the intuition of our experimental framework is driven by the following hypothesis: “If
P (0;*) is a prototype of I, in terms of o;*, then o;* can be detected from #; (0;*).”

5.1. Datasets and pre-trained models

In our experiments, the Inception-v3 model [46] (available in Keras) pre-trained on the ImageNet dataset [11] is used. The
publicly available implementations at [21] and [1] are used for Yolov5 and Mask R-CNN, respectively. In both repositories, the
MS-COCO dataset [25] is used. It should be noted that, although we have considered these neural architectures in our simulations,
our proposal applies to any neural model with similar characteristics, such as the current Yolo variants [47,20].

5.2. Results and discussion

This subsection is divided into two main parts. In the first part, we compare the explanations generated by our proposal with those
generated by existing state-of-the-art methods that can explain the inferences made by the Inception model. It is worth mentioning
that the selected methods cover both model-specific and agnostic post-hoc methods. In the second part, we experiment with Yolov5
and Mask R-CNN using the explanation generated by our proposal and the LIME method. This design is motivated by the absence of
similar state-of-the-art approaches explaining the outputs of these architectures moving beyond agnostic explanations. In addition, it
is essential to note that not all existing model-agnostic methods are conducive to dealing with architectures characterized by multiple
output layers.
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Fig. 6. Explanation of the Inception-v3 predictions by model-specific post-hoc methods: (a) Image of interest, (b) LRP output, (c) SmoothGrad (SG) output, (d)
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DeepTaylor (DT) output, and (e) REPROT output to explain “African elephant”, “brown bear”, “grey whale”, and “tabby” as classes detected by the Inception-
v3 model. The Inception-v3 model can classify the prototype images as “African elephant” and “brown bear” from three superpixels, as “grey whale” from four
superpixels, and as “tabby” from seven superpixels.

5.2.1. Explanation of the Inception-v3 predictions

Figs. 5, 6, 7 and 8 show the explanation results for eight images classified as “toucan”, “daisy”, “red fox”, “wire-haired fox terrier”,
“African elephant”, “brown bear”, “grey whale”, and “tabby” by an Inception black-box model. In Figs. 5 and 6, columns (b), (c),
and (d) represent the saliency maps obtained by the LRP [2], SmoothGrad [44], and DeepTaylor [29] methods, respectively. These
are also post-hoc explainability methods, more specifically pixel attribution methods, developed to explain the inferences made by
different black-box models such as VGG [43], ResNet [16], and Inception [46] from relevance maps. Their main disadvantage is that
they depend on the internal particularities of the neural model, often requiring non-trivial algorithm modifications.

On the other hand, in Figs. 7 and 8, columns (b), (c), (d), and (e) represent the heatmap obtained by the RISE method and
the top superpixels detected by ANCHORS, LIME, and the local reducts detected by our method, respectively. It should be stated
that, in the case of LIME, the obtained reduct length is used as a visualization threshold, i.e., the first superpixels (as a function of
reduct length) whose coefficients in the fitted linear regression model are the highest are shown. While LIME calculates a coefficient
for every superpixel within an image, where the coefficient’s magnitude signifies the importance of each superpixel in the trained
linear regression model, there exists no predefined threshold dictating the minimum number of superpixels required for generating
a prediction.

After applying REPROT, a reduct of length equal to one is used to build the prototypes of the first three images classified as
“tucan”, “daisy” and “red fox” by the Inception-v3 model. Longer reducts are used to build the remaining prototypes. The most
relevant superpixels suggested by LIME for “brown bear” and “grey whale” are subpar since the Inception-v3 model fails to classify
the prototypes from them. A similar result is obtained for the “African elephant” and “tabby” classes, where the Inception-v3
model correctly predicts their decision classes but reports smaller confidence values compared with the reduct approach. However,
the outputs of these two methods agree when explaining the “toucan”, “daisy”, “red fox”, and “wire-haired fox terrier” classes,
where REPROT and LIME agree on the most important superpixels to perform the inferences of these classes. ANCHORS and LIME
have similar behavior when explaining images classified as a “red fox”, “wire-haired fox terrier”, “African elephant”, and “tabby”.
However, it cannot correctly explain a “tucan”, “daisy”, or “brown bear”, outperforming LIME when explaining “grey whale”. In
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Fig. 7. Explanation of the Inception-v3 predictions by agnostic post-hoc methods: (a) Image of interest, (b) RISE output, (¢) ANCHORS output, (d) LIME output, and
(e) REPROT output to explain “toucan”, “daisy”, “red fox”, and “wire-haired fox terrier” as classes detected by the Inception-v3 model. The Inception-v3 model can
classify the prototype images as “toucan”, “daisy”, and “red fox” from a single superpixel and as “wire fox terrier” from two superpixels.

addition, the relevance maps resulting from applying LRP, DeepTaylor, and RISE provide a similar explanation to that of the obtained
reduct. This behavior can be obtained with SmoothGrad but to a lesser extent.

5.2.2. Explanation of the Yolov5 and Mask R-CNN predictions

Figs. 9 and 10 show the output of REPROT and LIME for four images where the objects detected are “person”, “horse”, and “tennis
racket”. The figures include (at the top of each subfigure) the superpixels deemed sufficient for detecting objects by the Yolov5 and
Mask R-CNN models. For the LIME method, only the number of superpixels matching the length of the corresponding reduct is
shown. Superpixels are ordered according to their confidence values as determined by the linear regression model. Our method and
LIME agree in their explanations when the “person”, “horse”, and “tennis racket” objects are detected by the Yolov5 model. The
same applies to the “tennis racket” and “person” objects (in Fig. 10) recognized by the Mask R-CNN model. However, in the case of
the “person” object (in Fig. 9), the LIME method reports the second highest coefficient superpixel, which is not strictly necessary to
detect a person by the Mask R-CNN model. Note how the efficacy of the model is deteriorating. Moreover, the five highest coefficient
superpixels given by LIME cannot explain the detection of the “horse” object since only one superpixel, i.e., the fourth superpixel, is
common with the obtained reduct.

In addition, Table 1 reports the confidence scores (CS) [35] attached to Yolov5 (column 3) and Mask R-CNN (column 4). These
scores denote the probability of an object appearing in the box and how well the predicted box fits the object. The rationale behind
this experiment is to evaluate the performance of both models in detecting objects in prototype images, which are built from the
superpixels given by LIME or the reducts generated by REPROT. In this table, the first column indicates the image of interest, and
the second column reports the objects whose inference will be explained. The third and fourth columns report a) the number of
superpixels composing the reduct, b) the CS of the inference performed for a prototype built from the reduct of an image, and c)
whether the object is detected from a prototype built from the most important superpixels given by LIME. In the case of LIME, we
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Fig. 8. Explanation of the Inception-v3 predictions by agnostic post-hoc methods: (a) Image of interest, (b) RISE output, (¢) ANCHORS output, (d) LIME output, and
(e) REPROT output to explain “African elephant”, “brown bear”, “grey whale”, and “tabby” as classes detected by the Inception-v3 model. The Inception-v3 model
can classify the prototype images as “African elephant” and “brown bear” from three superpixels, as “grey whale” from four superpixels, and as “tabby” from seven
superpixels.

also report in parentheses the number of superpixels that, according to this method, are necessary for the neural model to detect the
object.

The LIME and REPROT outputs agree that one or two superpixels are sufficient for the Yolov5 model to detect “person”, “horse”,
“tennis racket”, “zebra”, and “traffic light” objects. On the contrary, in some cases, a larger number of superpixels are needed to
detect them by the Mask R-CNN model (e.g., “person”). However, in the specific case of the “horse”, the five superpixels with the
highest coefficient detected by LIME are insufficient to detect the object. In addition, the “bed”, “chair”, “couch”, “snowboard”,
“giraffe”, “car”, “motorcycle”, “bus”, and “dog” objects cannot be detected by the Yolov5 and Mask R-CNN models from the first
superpixels (i.e., considering the reduct’s length) resulting from applying the LIME method. In fact, this is also true for the “person”
object in the seventh image (from top to bottom) and the “potted plant” object if the inference is made through the Yolov5 model.
In other words, the first superpixels with larger coefficients given by LIME are not determinant enough to detect those objects by
the neural model. This is further reaffirmed in those cases labeled by (10 <), where even considering the first ten most important
superpixels resulting from applying LIME, it is impossible to detect the object.

5.2.3. Evaluation of the quality of explanations

The accuracy of an explanation is a computational measure according to [27,28,18] designed to evaluate “how well does an
explanation predict?”. That is, high accuracy is especially important if the explanation is used for predictions in place of the machine
learning model. Low accuracy can be acceptable if the accuracy of the machine learning model is also low and if the goal is to explain
what the black-box model does. In this sense, we evaluate how well a black-box model can detect the object to be explained from a
prototype image (i.e., REPROT output) compared to the output of other state-of-the-art methods.

Fig. 11 shows the mean accuracy obtained by each of the agnostic approaches on Inception, Yolo, and Mask R-CNN inferences
from the COCO and ImageNet datasets. In particular, we rely on the output (i.e., superpixel-based) of those methods that by their
agnostic nature can be applied to these types of architectures such as, REPROT, LIME, and ANCHORS.

12
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Fig. 9. Results of the explanation methods. The column represents the “person” and “horse” objects to be detected by the black-box models. The first row collects the
image and the object of interest. The second and fourth rows include the LIME outputs to explain the inferences of the Yolov5 and Mask R-CNN models, respectively.

The third and fifth rows include the prototypes to explain the inferences of the Yolov5 and Mask R-CNN models, respectively.

Observe how, the accuracy of our method is better than that of the other agnostic methods. REPROT not only outperforms LIME
and ANCHORS, but also obtains similar results to when the inference process is performed with the full image. The latter is a highly
desirable property in prototype-based classification approaches.

The Kullback-Leibler divergence [23], often referred to as relative entropy or I-divergence, and denoted Dy, (P||Q) (see Equation
(5)), serves as a statistical distance. It quantifies the dissimilarity between two probability distributions: the target distribution P and
the reference distribution Q. In simple terms, Dy, measures the average additional surprise one can expect when employing Q as a

model when the actual distribution is P.

Dy (PllQ)= )’ P(x)log

xeX
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Fig. 10. Results of the explanation methods. The column represents the “tennis racket” and “person” objects to be detected by the black-box models. The first row
collects the image and the object of interest. The second and fourth rows include the LIME outputs to explain the inferences of the Yolov5 and Mask R-CNN models,
respectively. The third and fifth rows include the prototypes to explain the inferences of the Yolov5 and Mask R-CNN models, respectively.

Dy, allows us to assess the impact of the selected superpixels on classification accuracy. A high Dy, indicates that the chosen
subset of superpixels significantly affects the classification results, while a low Dy ; suggests minimal impact. In this sense, we aim to
contrast the divergence values obtained for every model (Yolov5, Mask R-CNN, and Inception-v3) when comparing the distribution
of accuracy values using the entire image and the superpixels detected by each method (REPROT, LIME, and ANCHORS). It must
be noticed again that ANCHORS only applies to the Inception model. Additionally, we use the same images as in the previous
experiments.

Fig. 12 shows that REPROT effectively presents the minimum Dy ; value compared to the entire image. Therefore, the superpixels
detected by our method produce the slightest difference in information or accuracy compared to those from LIME and ANCHORS. In
other words, REPROT minimizes the information lost to approximate the model accuracy using whole images.

Before concluding our paper, it seems relevant to stress the advantages of the proposed explanation algorithm over LIME:
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Confidence scores of the Yolov5 and Mask R-CNN models derived from the inference of the prototypes built on the most important superpixels given by LIME and
REPROT. In this table, the column associated with LIME also reports the number of superpixels that it estimates necessary to detect the object, where (10 <) means
that the first 10 superpixels that LIME obtains as the most important are not determinant for detecting the object.

Yolov5 Mask R-CNN
REPROT LIME REPROT LIME
Image Object #Superpixels Ccs Detected or not? #Superpixels CSs Detected or not?

person 1 0.75 yes 2 0.96 yes
horse 2 0.85 yes 5 0.78 no (10<)
person 1 0.68 yes 2 0.99 yes
tennis racket 1 0.58 yes 1 0.98 yes
potted plant 3 0.47 no (4) 2 0.9 yes
bed 3 0.42 no (10) 6 0.77 no (10<)
chair 3 0.4 no (10<) 3 0.93 no (10<)
couch 2 0.31 no (4) 3 0.84 no (10)
person 1 0.55 yes 1 0.99 yes
snowboard 1 0.52 no (3) 2 0.9 no (10<)
giraffe 2 0.46 no (10) 2 0.96 no (4)
zebra 1 0.84 yes 1 0.91 yes
car 1 0.71 no (3) 2 0.98 no (5)
traffic light 1 0.67 yes 1 0.99 yes
motorcycle 2 0.63 no (3) 2 0.84 no (3)
person 2 0.63 no (5) 2 0.97 no (10<)
bus 3 0.62 no (8) 10 0.82 no (10<)
traffic light 1 0.74 yes 1 0.99 yes
person 1 0.73 yes 1 0.99 yes
dog 2 0.59 no (3) 2 0.99 no (3)
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Fig. 11. Mean accuracy of Inception-v3, Yolov5, and Mask R-CNN models derived from the inference obtained from the prototypes built on the most important
superpixels given by REPROT, LIME, and ANCHORS. Note that, the latter is not applicable to architectures such as Yolov5 and Mask R-CNN.
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Fig. 12. Kullback-Leibler divergence for different models and distributions of accuracy values.

* No threshold importance is required. More explicitly, LIME produces linear regression coefficients for superpixels, which are
a proxy to determine their importance in detecting the object. However, how to know which subset of the superpixel set is
necessary to detect an object? In the numerical simulations, the length of the obtained reduct is assumed to be the importance
threshold.

« The explanations do not rely on a local surrogate model, such as a linear regression model. The proposed explanation algorithm
returns a prototype image with superpixels deemed sufficient to detect a given object using a black-box model.

+ LIME does not always succeed in obtaining the most important superpixels for a black-box model to detect the object. However,
from a reduct, it will always be possible to build a prototype image in which the object to be explained is detected.

6. Conclusions

This paper proposed REPROT, a method to explain the detection of an object in a given image by a complex black-box archi-
tecture. To support our findings in the image processing domain, extending the definitions of information systems and reducts in
RST is crucial. The explanation is based on building a prototype image representing the minimum set of superpixels sufficient to
detect a given object, i.e., a local reduct of the image. The prototype construction is done from the superpixels present in the most
accurate local reduct from the multi-reduct computed for an image. The experiments performed on different complex deep learning
architectures illustrated that the black-box model could detect the object with the generated prototype. Additional relevant remarks
are given below:

+ The local reduct of an image only gives information about the superpixels that must be present in this image so that the model
can detect a given object. Moreover, it is worth mentioning there could be a combination of superpixels having a larger length
(including the reduct) such that the object is also detected.

+ According to the definition of multi-reduct, multiple local reducts can be obtained when there is more than one combination of
superpixels with the same length from which the black-box model detects an object. This suggests that more than one prototype
image could be built to explain the output of a model.
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Experimental results show the superiority of our proposal over other post-hoc approaches existing in the literature. Its advantage
over model-specific approaches lies in its agnostic nature, broadening its applicability spectrum. At the same time, it obtains com-
parable results. In some cases, it even outperforms other agnostic approaches, such as ANCHORS or LIME, in explaining single-layer
output neural models, such as Inception, and multi-layer output models, such as Yolo and Mask R-CNN.

The future research efforts will focus on integrating the theoretical RST-based formalism presented in this paper with the symbolic
explanation module proposed in [30] to generate counterfactual explanations on images. Such integration can be done in three steps.
Firstly, we would need to create a symbolic dictionary of relevant local reducts and their prototypes that guide the classification
process. Secondly, the Prolog-powered reasoning module would generate a counterfactual image containing altered reducts that lead
to an alternative outcome. Finally, we would need to retrieve the image from the dataset that better resembles the counterfactual
image generated by the symbolic reasoning module.
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