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Abstract: Deep learning technology has rapidly advanced, leading to the development of End-to-End driving models
(E2EDMs) for autonomous vehicles with high prediction accuracy. To comprehend the prediction results of
these E2EDMs, one of the most representative explanation methods is attribution-based. There are two kinds
of attribution-based explanation methods: pixel-level and object-level. Usually, the heatmaps illustrate the
importance of pixels and objects in the prediction results, serving as explanations for E2EDMs. Since there are
many attribution-based explanation methods, evaluation methods are proposed to determine which one is better
at improving the explainability of E2EDMs. Fidelity measures the explanation’s faithfulness to the model’s
prediction method, which is a bottommost property. However, no evaluation method could measure the fidelity
difference between object-level and pixel-level explanations, making the current evaluation incomplete. In
addition, without considering fidelity, previous evaluation methods may advertise manipulative explanations
that solely seek human satisfaction (persuasibility). Therefore, we propose an evaluation method that further
considers fidelity, our method enables a comprehensive evaluation that proves the object-level explanations
genuinely outperform pixel-level explanations in fidelity and persuasibility, thus could better improve the
explainability of the E2EDMs.

1 INTRODUCTION

Autonomous driving systems can be broadly cate-
gorized into two approaches: perception-planning-
action pipeline (Levinson et al., 2011; Yurtsever et al.,
2020) and End-to-End driving models (E2EDMs)
(Bojarski et al., 2016b; Pomerleau, 1998; Xu et al.,
2017; Tampuu et al., 2020). The former approach
breaks down the driving task into smaller sub-tasks
such as environment perception, planning, high-level
decision-making, and vehicle control. On the other
hand, the latter approach directly learns highly com-
plex transformations from input sensor data to gener-
ate driving commands.

If the model’s driving action differs from what
humans deem reasonable, humans are entitled to de-
mand an explanation of the model’s decision. For ex-
ample, if an autonomous vehicle suddenly changes
lanes at high speed, this unexpected behavior could
cause passengers to panic. Therefore, the explainabil-
ity of autonomous driving technology is also needed
to describe the trustworthiness of the driving mod-
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els (Zablocki et al., 2021; Ras et al., 2022; Zhang
et al., 2023b). In addition, previous studies have
shown that human-machine trust could be divided into
performance-based trust and process-based trust (Lee
and Moray, 1992). The performance-based trust de-
pends on prediction accuracy. The process-based trust
depends on how well people can understand the pre-
diction results of models, i.e., and the explainability
of the models.

With regard to these two trusts, perception-
planning-action pipeline driving models could show
the internal prediction method through specialized
sub-tasks, however, they fall short of achieving high
prediction accuracy (McAllister et al., 2017). In con-
trast, E2EDMs have higher prediction accuracy, how-
ever, they are not interpretable to show the internal
prediction method as they address intertwined sub-
tasks by black-box end-to-end models.

There is more and more research (Zablocki et al.,
2021; Ras et al., 2022; Zhang et al., 2023b), (Guidotti
et al., 2018; Bojarski et al., 2016a; Arrieta et al.,
2020) proposing explanation methods to mitigate the
shortcoming of E2EDMs, i.e., the lack of explainabil-
ity. Among various explanation methods, attribution-
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Pixel-level explanation Object-level explanation

Figure 1: Pixel-level and object-level explanations.

based methods are the most prevalent (Ras et al.,
2022). As shown in Fig. 1, they usually generate
heatmaps that quantify the importance of elements in
the input images to the final predictions of the model.

The process of understanding the prediction re-
sults of E2EDMs could be divided into two steps.
Step (1): E2EDMs are required to generate expla-
nations for their prediction results. Step (2): Peo-
ple understand the generated explanations. We could
see that the explanations are intermediaries that con-
nected people and the prediction results of E2EDMs.
Therefore, to assess how well people could under-
stand the prediction results of E2EDMs, correspond-
ing to these two previous steps, two properties of the
explanations must be evaluated:

(1) Fidelity (Mohseni et al., 2021; Cui et al., 2019;
Kulesza et al., 2013): how well the explanations could
correctly reflect the prediction method of models.

(2) Persuasibility (Gilpin et al., 2018a; Lipton,
2018; Lage et al., 2019): how well people under-
stand and agree with the explanations generated by
the model.

However, the previous studies (Zhang et al.,
2023b; Lage et al., 2019; Zhang et al., 2023a) solely
focused on evaluating the persuasibility of the ex-
planations. The problem is that a more persua-
sive explanation method may not be faithful to the
E2EDMs’ prediction method. For example, (Zhang
et al., 2023b) evaluated the persuasibility of the pixel-
level and object-level explanations, and they proved
that the object-level explanations are more persuasive
than traditional pixel-level explanations. Their prob-
lem is that since the prediction of E2EDMs is based
on pixels, the object-level explanation method may
not be faithful to the E2EDMs’ prediction method.
Solely seeking human satisfaction could lead to ma-
nipulating explanations to better cater to humans, in-
stead of faithfully explaining E2EDMs (Gilpin et al.,
2018b; Zhou et al., 2021; Yang et al., 2019). There-
fore, in order to find the most appropriate explanation
method, we must also evaluate the fidelity of explana-
tions.

The previous research (Yang et al., 2019) intro-
duced the fidelity evaluation method for pixel-level
explanations, which uses gray patches to cover the
important area indicated by the explanations, and

measures how much the prediction results of the
model would change from the original images to the
masked images. However, since the object-level ex-
planations have different forms from the pixel-level
explanations, the previous fidelity evaluation method
could not compare the pixel-level and object-level ex-
planations under the same condition. To solve this
problem, in this paper, we propose a method includ-
ing discrete sampling, Gaussian Process Regression
(GPR), and Area Under Curve (AUC) to evaluate the
fidelity of object-level explanations. Based on the fi-
delity results of pixel-level and object-level explana-
tions, we could fairly compare the fidelity for both
explanations.

In addition, the previous comparison (Zhang et al.,
2023b) regarding explanation persuasibility is also
limited, the authors only compared the object-level
explanation methods with one pixel-level explanation
method (Selvaraju et al., 2017). To make a more
credible comparison, in this study, we evaluate the fi-
delity and persuasibility of explanations generated by
an object-level (Zhang et al., 2023b) and three pixel-
level explanation methods (Selvaraju et al., 2017; Si-
monyan et al., 2013; Sundararajan et al., 2017).

The contributions of this paper are as follows:

• Since the object-level and pixel-level explanations
have different express forms, we design a fair fi-
delity evaluation method for both forms.

• Based on the fidelity and persuasibility evaluation
results for the pixel-level and object-level expla-
nations, we prove that the object-level explanation
method could better improve the explainability of
E2EDMs.

2 RELATED WORK

In this section, we will briefly review the research on
3 topics: attribution-based explanation methods, per-
suasibility evaluation methods for explanations, and
fidelity evaluation methods for explanations.

2.1 Attribution-Based Explanation
Methods

The attribution-based explanation method assigns
credit or blame to input elements depending on their
influence on the prediction (Zhang et al., 2021; Xie
et al., 2019; Mascharka et al., 2018). There are three
types of attribution methods: gradient-related meth-
ods, occlusion-based methods, and model-agnostic
methods.
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Gradient-Related Method. Selvaraju et al. (Sel-
varaju et al., 2017) proposed the Grad-CAM, which
leverages gradients of the model output with respect
to the final convolutional layer, enabling its applica-
tion to any CNN model for explanations.

Simonyan et al (Simonyan et al., 2013) proposed
saliency, which visualizes the partial derivatives of the
network output with respect to each input element,
thus quantifying the output’s sensitivity to these input
elements.

Sundararajan et al. (Sundararajan et al., 2017)
introduced the integrated gradients, an explanation
method that satisfies two axioms (sensitivity, imple-
mentation invariance) for scoring input element im-
portance in a model f .
Occlusion-Based Methods. Zeiler et al. (Zeiler
and Fergus, 2014) proposed an explanation method
in which a gray patch is applied to various positions
of an image to determine the effect on prediction per-
formance.

Similar to the above method, ZHANG et al.
(Zhang et al., 2023b) generated object-level explana-
tions using occlusion-based methods. They masked
out the bounding box of an object (vehicle, lane,
pedestrian, traffic light, etc.) to calculate the impor-
tance of the object. Since the position of objects
in consecutive images is much more accessible than
the position of pixels, unlike the above method, this
object-level explanation method can be applied to ex-
plain the E2EDMs that take consecutive images as in-
put.
Model Agnostic Method. LIME (Ribeiro et al.,
2016) approximates complex, black-box models with
interpretable models, such as logistic regression mod-
els, to explain an individual prediction. This method
can be widely adopted to explain the predictions of
any model. However, like the pixel-level occlusion-
based explanation methods, it cannot be applied to
explain the E2EDMs due to its reliance on occluding
patches of pixels in the input images.

2.2 Persuasibility Evaluation Methods
for Explanation

Yang et al. (Yang et al., 2019) define persuasibil-
ity as the extent to which humans comprehend ex-
planations. Since the ground truth remains consis-
tent across different user groups in straightforward
tasks such as object detection, the assessment of per-
suasibility can be conducted using human-annotated
ground truth. Common ground truths used for per-
suasibility evaluation in computer vision tasks in-
clude bounding boxes and semantic segmentation, as
demonstrated by Selvaraju et al. (Selvaraju et al.,

2017) who used bounding boxes and the Intersection
over Union (IOU) metric to measure persuasibility
performance.

However, in complex tasks where ground truths
for persuasibility may vary among user groups, it is
not feasible to rely on human annotations to evaluate
persuasibility. In such cases, conducting human stud-
ies is a widely adopted method for evaluating the per-
suasibility of explanations. Lage et al. (Lage et al.,
2019) focused on user satisfaction, using response
time and decision accuracy as evaluation indicators.

2.3 Fidelity Evaluation Methods for
Explanation

Mohseni et al. (Mohseni et al., 2018) introduced the
concept of “fidelity” or “correctness” in explanations,
which states that the explanations should accurately
reflect the internal prediction process of the model.
However, due to the post-hoc nature of attribution-
based explanation methods, none of these explana-
tions are fully faithful to the target E2E models.

To measure the fidelity of these attribution-based
explanations, ablation analysis is commonly used
(Yang et al., 2019; Petsiuk et al., 2018). This
method involves analyzing how the model’s predic-
tions change after making masks to the input accord-
ing to the explanations. The idea is, if the explana-
tions have high fidelity, i.e., the important input ele-
ments indicated by explanations are, in fact, important
for the functioning of the model, then these masks to
these important input elements will lead to significant
changes in the model’s predictions.

3 PROPOSED METHOD

In this section, we first introduce some background
knowledge in Section 3.1. Then, we introduce the
evaluation method for the fidelity and persuasibility
of the explanations.

3.1 Preliminary

Pixel-Level and Object-Level Explanations The
attribution-based explanations method assigns impor-
tance scores to the input elements as their credit or
blame to the prediction results. With respect to the in-
put elements, there are two kinds of attribution-based
explanation methods: pixel-level and object-level. As
shown in Fig. 1, these two explanations have differ-
ent forms. In the object-level explanation, each ob-
ject (vehicle, lane, pedestrian, traffic light, etc.) is
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Figure 2: The masks are based on object-level explanations
and pixel-level explanations for fidelity evaluation.
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Figure 3: Conceptual diagram of fair fidelity evaluation
method over all instances in the dataset.

assigned an importance score. The importance score
determines the color of the object’s bounding box in
the heatmap, where a warmer color indicates greater
importance and vice versa. On the other hand, in the
pixel-level explanation, each pixel is assigned an im-
portance score, which also determines its color in the
heatmap.
Fidelity Evaluation Previous studies (Yang et al.,
2019; Petsiuk et al., 2018) designed fidelity evalua-
tion methods only for pixel-level explanations, where
they mask the top important pixels indicated by the
pixel-level explanations. As shown in the right two
images of Fig. 2, based on the pixel importance shown
in the upside heatmap, 23% top important pixels in
the images are masked. Then, they calculate the pre-
diction similarity between the masked image and the
original image,

S(y, ŷ), (1)
where S is the similarity function, y and ŷ are the
prediction results of the original image and masked
image. Since the masked pixels are supposed to
be vital for the regular function of the E2EDMs, if
the E2EDMs are unable to access these masked pix-
els, the prediction results should greatly change, i.e.,
lower similarity indicates higher fidelity of the expla-
nations. As shown in Fig. 3, by gradually increasing
the number of masked pixels, they could draw a red
line, where more masked area leads to lower similar-

ity.
Since the pixel-level explanation and object-level

explanation have different forms, when it comes to
masking the important input elements based on the
explanations, the masked area must align with the ex-
planations’ form. Whereas the previous fidelity eval-
uation methods (Yang et al., 2019; Petsiuk et al.,
2018) are all designed for pixel-level explanations,
they could not be used to fairly compare the fidelity
of the pixel-level and object-level explanations.

3.2 The Fair Fidelity Evaluation
Method

To address this problem, we compare the fidelity of
both explanations only when their masked area is the
same. For example, in Fig. 2, based on the corre-
sponding topside heatmaps, we make masked images
downside. The object-level mask occludes the top 3
important objects in the image, and the masked area
of 3 objects also equal the 23% pixels of the images,
which enables a fair fidelity comparison between the
object-level and pixel-level explanations.

However, a single instance could not reflect the fi-
delity comparison of the explanation methods. There-
fore, we compare the object-level and pixel-level ex-
planations over all instances in the dataset. As shown
in Fig. 3, for each masked area in object-level and
pixel-level explanations, we calculate the fidelity over
the dataset with the following equation,

g(a) = E
x∈D

[F1( f (ma(x)) , f (x))] , (2)

where g represents the fidelity function in Fig. 3, the
D is the dataset, the a is the percentage of the masked
area to the whole image, the ma(x) masks out the top
a of the important pixels in the image x to generate
a masked image, the f (x) is the E2EDM’s prediction
results for the input image x, F1( f (ma(x)) , f (x)) is
the similarity of the prediction results of the masked
images and their respective original images, a smaller
similarity indicates better fidelity. In this paper, since
we consider the driving task as a multi-label predic-
tion task, we use the F1-score as the similarity func-
tion for prediction results. Since the object-level mask
is discrete, we sample the dataset’s object-level mask
which has the a masked area to calculate the fidelity
of the object-level explanations. Due to the discrete
sampling (Fig. 3), we apply Gaussian Process Regres-
sion (GPR) to the gathered data for deriving function
g(a) in relation to object-level explanations.

To compare the pixel-level and object-level expla-
nations under all masked areas, we calculate the AUC
(Area Under Curve) for the fidelity function of both
explanations, a smaller AUC indicates better fidelity.
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Figure 4: Gradually display the important parts of an image
based on the explanation (as shown in the left of Fig. 1).

AUC =
∫ l

0
g(a)da, (3)

where l is the max object-level masked area over all
instances in the dataset, thus the object-level expla-
nations fidelity could be fairly compared with pixel-
level explanations fidelity.

3.3 The Persuasibility Evaluation
Method

As introduced before, the process of understand-
ing the prediction results of E2EDMs could be di-
vided into two steps. (1) E2EDMs generate expla-
nations. (2) People understand the generated expla-
nations. Fidelity evaluates the relationship between
the model and the generated explanations, i.e., how
well the explanations could correctly reflect the pre-
diction method of models. After evaluating the fi-
delity, we also have to evaluate the relationship be-
tween the people and the generated explanations, i.e.,
how well people understand and agree with the gen-
erated explanations. If we do not consider the per-
suasibility of explanations, models may end up gener-
ating faithful while over-complicated internal predic-
tion methods that could not be understood by people,
thus not qualified as explanations.

Since the attribution-based explanations are the
E2EDM’s judgments on the importance of input fea-
tures, we evaluate the persuasibility of explanations
by assessing the similarity between human judgment
and E2EDM’s judgments on the importance of in-
put elements (Zhang et al., 2023b). This is achieved
through objective and subjective persuasibility evalu-
ation methods.

The objective persuasibility evaluation is based
on whether explanations can correctly show driving-
related features. As shown in Fig. 4, we gradually
show the important part of an image to participants
according to the explanations, if the participants can
make the same prediction results based on a partially
shown image as they would with a complete image, it

means the explanations are persuasive. We also utilize
the macro F1 score to measure the similarity between
prediction results. A higher similarity indicates more
persuasive explanations.

In the subjective persuasibility evaluation, we
present participants with explanations in the form of
heatmaps. As shown in Fig. 1, heatmaps show the
importance of the input elements considered by the
E2EDMs. For pixel-level explanations, the heatmap
shows the importance of each pixel, and for object-
level explanations, the heatmap shows the importance
of each object. participants rate the heatmap on a
scale of 1 to 5, with 5 indicating high persuasibility.

Five participants, all with driver’s licenses, were
recruited. Each instance was evaluated by at least
three participants. They were given a tutorial on the
tasks and interface.

4 EXPERIMENT SETTINGS

4.1 The BDD-3AA Dataset

Previous driving datasets (Xu et al., 2017; Bojarski
et al., 2016b) focus on labeling the driver’s chosen
action as the ground truth for a driving scenario, im-
plying that only that specific action is correct. In re-
ality, drivers may randomly choose driving actions
from several available options. Therefore, these driv-
ing datasets have the risk of training E2EDMs that
have an incomplete understanding of the driving sce-
nario, thus are not suitable for conducting evaluations
for the explanations.

To tackle this issue, in this paper, we train
E2EDMs using the BDD-3AA (3 available actions)
dataset 1. For each driving scenario, the BDD-3AA
dataset was labeled with the availability of three driv-
ing actions: acceleration, left steering, and right steer-
ing. Therefore, we consider the driving task as
a multi-label classification problem. Among many
driving tasks, classification tasks could easily evalu-
ate the fidelity and persuasibility of the explanations
generated by E2EDMs. Therefore, such driving tasks
are optimal for evaluating the explanation methods.

The dataset consists of 500 two-frame video clips.
Given two continuous images of the driving environ-
ment, the goal of E2EDMs is to calculate the avail-
abilities of three driving actions: acceleration, steer-
ing left, and steering right. As shown in Fig. 5, there
are solid yellow lines on the left and vehicles on the
right, thus the steering left and right actions are not

1https://github.com/chatterbox/More-Persuasive-
Explanation-Method-For-End-to-End-Driving-Models
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Figure 5: There is a typical scene in the BDD-3AA dataset.
The green arrow with a check mark indicates availability,
while the red arrow with a forbidden character indicates that
it is not.

LRCN-18

LSTM 

512
FC(128, 64, 3)

2D 

ResNet-18

Input 

images

LRCN-50

LSTM 

2048
FC(128, 64, 3)

2D 

ResNet-50

Input 

images

3D-CNN

FC(128, 64, 3)
3D 

ResNet-18

Input 

images

Driving 

Actions

Driving 

Actions

Driving 

Actions

Figure 6: The architectures of E2EDMs.

available, leading to labels of [1,0,0]T (acceleration,
steering left, steering right), 1 indicates the corre-
sponding driving action is available and 0 indicates
unavailable.

4.2 The End-to-End Driving Models
(E2EDMs)

We employ Long-term Recurrent Convolutional Net-
works (LRCN) (Donahue et al., 2015) and 3D Con-
volutional Neural Networks (3D-CNN) (Tran et al.,
2018) to construct E2EDMs. The LRCN integrates a
Long Short-Term Memory (LSTM) network into the
output of a CNN to process spatio-temporal informa-
tion. Meanwhile, the 3D-CNN extends the traditional
2D CNN by incorporating a temporal dimension.

As shown in Fig. 6, to train our E2EDMs, we
fine-tune two LRCN networks (LRCN-18 and LRCN-
50) with Resnet-18 and Resnet-50 backbones on the
BDD-3AA dataset. Both backbones are pre-trained
on ImageNet (He et al., 2016) and connected to a
stack of fully connected layers with ReLU activa-
tion. We also fine-tune a 3D-CNN network with an
18-layer Resnet3D backbone, pre-trained on Kinetics
(Tran et al., 2018) and connected to a stack of fully
connected layers with ReLU activation.
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Figure 7: Fidelity evaluation results of 3 pixel-level and an
object-level explanation method for three E2EDMs.

4.3 12 Explanations for E2EDMs

For the pixel-level explanation, we use Grad-CAM
(Selvaraju et al., 2017), saliency (Simonyan et al.,
2013), and integrated gradient (Sundararajan et al.,
2017) to explain each of the above 3 E2EDMs. For
the object-level explanation, we apply the occlusion-
based object-level explanation method (Zhang et al.,
2023b) to explain each of the above 3 E2EDMs. Since
we have 3 E2EDMs and 4 explanation methods, over-
all, we made 3× 4 = 12 groups of explanations for
fidelity and persuasibility evaluation.

5 EXPERIMENTAL RESULTS
AND DISCUSSION

5.1 The Fidelity Evaluation Results

In the assessment of the explanations’ fidelity, we
quantify the impact of masked area by measuring the
changes in the prediction results after applying masks
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Figure 8: Heatmaps for each explanation generated from three E2EDMs.

to the original images based on the explanations. We
also use the macro F1-score to measure the changes,
which is calculated as the average value of the F1-
score for the three actions,

Macro F1 =
F1(Âa,Aa)+F1(Âl ,Al)+F1(Âr,Ar)

3
,

(4)
where Â is the prediction actions for masked images
and A is the prediction actions for original images.
Aa, Al , and Ar, representing acceleration, steering
left, and steering right. Lower scores indicate greater
changes in the predictions and therefore a higher fi-
delity.

As shown in Fig. 7, for each E2EDM, we calcu-
late the F1-score as the fidelity score for each expla-
nation method. Since the object-level explanations

have a limited 60% range of masked area even if all
objects in images are masked. Therefore, the AUCs
for all explanation methods only consider the masked
area ranging from 1% to 60%. The results of the
AUC are presented in the legend of Fig. 7, reveal-
ing that the object-level explanation method outper-
forms all three pixel-level explanation methods in fi-
delity. More precisely, for all E2EDMs, the object-
level explanation method achieves a performance gain
by 1.07%, 2.17%, and 5.23% than their correspond-
ing best performance in pixel-level explanation meth-
ods, respectively.

The object-level explanation method determines
the object’s importance by the significance of the
change in the E2EDM’s prediction result after mask-
ing that object and inputs the masked image into the
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Table 1: The objective persuasibility evaluation results for
pixel-level and object-level explanations.

Pixel-level Object
Grad-CAM IG Saliency level

LCRN-18 73.68% 73.07% 72.6% 74.55%
LCRN-50 71.89% 72.90 % 73.45% 75.14%
3D-CNN 73.93% 72.45% 73.00 % 75.74%

Table 2: The subjective persuasibility evaluation results for
pixel-level and object-level explanations.

Pixel-level Object
Grad-CAM IG Saliency level

LCRN-18 3.25 3.31 3.43 4.20
LCRN-50 2.91 2.74 2.99 3.52
3D-CNN 3.20 3.17 3.24 3.82

E2EDM, in other words, for the most important object
indicated by the object-level explanation, the masking
of that object will naturally cause the big change in the
prediction results. This happens to align well with the
fidelity evaluation method, which assesses the fidelity
of the explanations based on the changes in prediction
results after masking the important area. Therefore,
the object-level explanation method is well-suited for
the fidelity property of explanations and thus has high
fidelity.

5.2 The Persuasibility Evaluation
Results

In objective persuasibility evaluation, We also use
macro F1-score to measure the similarity between the
prediction actions for partial images and respective
original images. Higher scores indicate more per-
suasive explanations, as shown in Table 1, the re-
sults of the objective evaluation show that the object-
level explanations outperformed all three pixel-level
explanations for each E2EDM. More precisely, for
all E2EDMs, the object-level explanation method
achieves a performance gain by 0.87%, 1.69%, and
1.81% than their corresponding best performance in
pixel-level explanation methods, respectively.

In the subjective persuasibility evaluation, as
shown in Fig. 8, participants rated the persuasibility
of pixel-level and object-level explanations for each
E2EDM. Higher scores indicate more persuasive ex-
planations, as shown in Table 2, the subjective eval-
uation results show that the object-level explanations
outperformed all three pixel-level explanations. More
precisely, in the subjective score, for all E2EDMs,
the object-level explanation method achieves a perfor-
mance gain by 0.77, 0.53, and 0.58 than their corre-
sponding best performance in pixel-level explanation
methods, respectively.

The object-level explanation method masks an ob-
ject and inputs the masked image into the E2EDM,
the importance of the object is then determined by the
significance of the change in the E2EDM’s prediction
result. Therefore, the object-level explanation method
has the characteristic that a larger masked area tends
to result in a greater change in the prediction result.
As shown in Table 1 and Table 2, these object-level
explanations were found to be more persuasive than
all pixel-level explanations. The reason behind this
phenomenon may be that large objects are also closer
to the ego vehicle and typically more important to the
driving task. Therefore, the object-level explanation
method naturally has high persuasibility in driving
tasks since the explanation method tends to consider
that close objects are important.

6 CONCLUSION

Evaluating the explainability of the E2EDMs is al-
ways a topic of widespread concern, thus many ex-
planation evaluation methods are proposed. However,
the bottommost property of explanations is often ne-
glected, i.e., whether the explanations are faithful to
E2EDM’s prediction method (fidelity), thus there is
no comprehensive and universal evaluation method
designed for explanations that have different express
forms, i.e., pixel-level and object-level.

Therefore, in this study, we propose a compre-
hensive evaluation method for both object-level and
pixel-level explanations. By assessing their fidelity
and persuasibility, we observed an intriguing phe-
nomenon: while object-level explanations might ap-
pear unfaithful at first glance since E2EDMs rely on
pixel-based prediction methods, due to the occlusion-
based explanation method instinctively has higher fi-
delity, therefore, compared to traditional pixel-level
explanations, object-level explanations generated by
the occlusion-based method are more faithful. More-
over, considering the persuasive nature of object-level
explanations, given that the human recognition sys-
tem is based on objects (Scholl, 2001), employing the
occlusion-based object-level explanation method can
significantly enhance the explainability of E2EDMs.

However, our explanation evaluation method
heavily relies on human-dependent experiments,
which are time-consuming and costly. As a future di-
rection, we plan to design a human-independent ex-
planation evaluation method for E2EDMs under lim-
ited time and manpower conditions.

VISAPP 2024 - 19th International Conference on Computer Vision Theory and Applications

516



ACKNOWLEDGMENT

This work was supported by JST SPRING JP-
MJSP2125, JSPS KAKENHI Grant Number
23H03474, and JST CREST Grant Number JP-
MJCR22D1. The author Chenkai Zhang would like
to take this opportunity to thank the “Interdisciplinary
Frontier Next-Generation Researcher Program of the
Tokai Higher Education and Research System.”

REFERENCES

Arrieta, A. B., Dı́az-Rodrı́guez, N., Del Ser, J., Bennetot,
A., Tabik, S., Barbado, A., Garcı́a, S., Gil-López, S.,
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