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Abstract. Research in the field of explainable artificial intelligence has
produced a vast amount of visual explanation methods for deep learning-
based image classification in various domains of application. However,
there is still a lack of domain-specific evaluation methods to assess
an explanation’s quality and a classifier’'s performance with respect to
domain-specific requirements. In particular, evaluation methods could
benefit from integrating human expertise into quality criteria and met-
rics. Such domain-specific evaluation methods can help to assess the
robustness of deep learning models more precisely. In this paper, we
present an approach for domain-specific evaluation of visual explanation
methods in order to enhance the transparency of deep learning mod-
els and estimate their robustness accordingly. As an example use case,
we apply our framework to facial expression recognition. We can show
that the domain-specific evaluation is especially beneficial for challenging
use cases such as facial expression recognition and provides application-
grounded quality criteria that are not covered by standard evaluation
methods. Our comparison of the domain-specific evaluation method with
standard approaches thus shows that the quality of the expert knowledge
is of great importance for assessing a model’s performance precisely.

Keywords: Convolutional Neural Networks - Explainable Artificial
Intelligence - Facial Expressions + Explanation Evaluation + Robustness

1 Introduction

Deep learning approaches are successfully applied for image classification. How-
ever, the drawback of these deep learning approaches is their lack of robust-
ness in terms of reliable predictions under small changes in the input data or
model parameters [10]. For example, a model should be able to handle out-of-
distribution data that deviate from the training distribution, e.g., by being blurry
or showing an object from a different angle. However, often models produce con-
fidently false predictions for out-of-distribution data. These can get unnoticed,
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as deep learning models are per default a black box approach with no insight
into the reasons for predictions or learned features.

Therefore, explainers can be applied that visually explain the prediction in
order to enhance the transparency of image classification models and to evalu-
ate the model’s robustness towards out-of-distribution samples [33,35]. Visual
explanations are based on computing the contribution of individual pixels or
pixel groups to a prediction, thus, helping to highlight what a model “looks at”
when classifying images [36].

An important aspect is that both, robustness and explainability, are enablers
for trust. They promote reliability and ensure that humans remain in control of
model decisions [13]. This is of special interest in decision-critical domains such
as medical applications and clinical assistance as demonstrated by Holzinger
et al. [14] and Finzel et al. [9]. As robustness and explainability are therefore
important requirements for application-relevant models, measures that help to
assess the fulfillment of such requirements should be deployed with the models.
With respect to visual explanations as a basis to rebustness and explainability
analysis, it is worth noting that visualizations express learned features only qual-
itatively. In order to analyze a model’s robustness more precisely, quantitative
methods are needed to evaluate visual explanations [3,28,34]. These quantita-
tive methods, however, do not provide domain-specific evaluation criteria yet
that are tailored to the application domain.

In this work, we propose a framework for domain-specific evaluation and
apply it to the use case of facial expression recognition. Our domain-specific
evaluation is based on selected expert knowledge that is quantified automatically
with the help of visual explanations for the respective use case. The user can
inspect the quantitative evaluation and draw their own conclusions.

To define facial expressions, one psychologically established way is to describe
them with the Facial Action Coding System (FACS) [7], where they are cate-
gorized as sets of so-called Action Units (AUs). Facial expression analysis is
commonly performed to detect emotions or pain (in clinical settings). These
states are often derived from a combination of AUs present in the face [22,23].
In this paper, we analyze only the AUs that are pain- and emotion-relevant.
The appearance and occurrence of facial expressions may vary greatly for differ-
ent persons, which makes it a challenging and interesting task to recognize and
interpret them reliably and precisely. A substantial body of research exists to
tackle this challenge by training deep learning models (e.g., convolutional neu-
ral networks) to classify AUs in human faces from images [11,29,31,40]. Our
approach is the first that adds a quantitative evaluation method to the frame-
work of training, testing and applying deep learning models for facial expression
recognition. Our research contributes to the state-of-the-art as follows:

— We propose a domain-specific evaluation framework that allows for integrat-
ing and evaluating expert knowledge by quantifying visual explanations. This
increases the transparency of black box deep learning models for the user and
provides a domain-specific evaluation of the model robustness.
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— We show for the application use case of facial expression recognition that
the selection and quality of expert knowledge for domain-specific evaluation
of explanations has a significant influence on the quality of the robustness
analysis.

— We show that the domain-specific evaluation is especially beneficial for chal-
lenging use cases such as facial expression recognition based on AUs. AUs are
a multi-label classification problem with co-occurring classes. We provide a
quantitative evaluation that facilitates analyzing AUs by treating them sep-
arately.

This paper is structured as follows: First, the related work gives an overview
on similar approaches, then our evaluation framework is presented in Sect. 3 in a
step by step manner, explaining the general workflow as well as the specific meth-
ods applied for the use case of facial expression recognition. Section4 presents
and discusses the results. Finally, we point out directions for future work and
conclude our work.

2 Related Work

Work related to this paper mainly covers the aspect of explaining image classi-
fiers and evaluating the generated explanations with respect to a specific domain.
Researchers have developed a vast amount of visual explanation methods for
image classification. Among the most popular ones are LIME, LRP, GradCAM,
SHAP and RISE (see Schwalbe and Finzel (2023) for a detailed overview and
references to various methods [35]). There already exist methods and frame-
works that evaluate multiple aspects of visual explanations, e.g., robustness, as
provided for example by the Quantus toolbox that examines the impact of input
parameter changes on the stability of explanations [12]. Hsieh et al. [15] present
feature-based explanations, in particular pixel regions in images that are neces-
sary and sufficient for a prediction, similar to [6], where models are evaluated
based on feature removal and preservation. Work that examines the robustness
of visual explanations of models applied in different domains, was published for
example by Malafaia et al. [28], Schlegel et al. [34] and Artelt et al. [3]. How-
ever, these methods do not provide evaluation criteria tailored to the application
domain itself. For this purpose, XAI researchers have developed a collection of
application-grounded metrics [35,42].

Application-grounded perspectives may consider the needs of explanation
recipients (explainees) [39,42] and an increase in task performance for applied
human-AT decision making [16] or the completeness and soundness of an expla-
nation [21], e.g., with respect to given metrics such as the coverage of relevant
image regions [19]. Facial expression recognition, which is the application of this
work, is usually a multi-class problem. For multiple classes, application-grounded
evaluation may also encompass correlations between ground truth labels of dif-
ferent classes and evaluating, whether learned models follow these correlations
[32]. In this work, we focus on evaluating each class separately and whether
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visual explanations, generated by explainers for image classification, highlight
important image regions.

A review of state-of-the-art and recent works on techniques for explanation
evaluation indicates that defining important image regions by bounding boxes
is a popular approach. Bounding boxes can be used to compute, whether visual
explanations (e.g., highlighted pixel regions) cover important image regions, for
classification as well as object detection [17,24,31,35]. In terms of robustness,
the robustness of a model is higher if the highlighted pixel regions are inside
the defined bounding boxes. With respect to the aforementioned definition of
robustness [10], a robust model should show an aggregation of relevance inside
the bounding boxes even when out-of-distribution data is encountered. However,
bounding boxes are not always suitable to set the necessary boundaries around
the important image regions. This can lead to a biased estimation of the predic-
tive performance of a model as bounding boxes usually define areas larger than
the region of interest. If models pay attention to surrounding, irrelevant pixels,
a bounding box based evaluation may miss this. Hence, as the explanation itself
can be biased, the explanation is not robust, which is an important feature of
explainability methods [2].

Using polygons as an alternative to bounding boxes is therefore an impor-
tant step towards integrating domain-specific requirements into the evaluation
of explanations to make them more robust. Domain-specific evaluations have not
yet been sufficiently discussed across domains, nor broadly applied to the very
specific case of facial expression recognition.

In this work, we therefore thoroughly define regions for facial expressions and
evaluate the amount of positive relevance inside the defined regions compared
to the overall positive relevance in the image (see Sect.3.5). Instead of using
bounding boxes that are very coarse and that might contain class-irrelevant
parts of the face as well as background (see Fig. 2), we compute polygons based
on class-relevant facial landmarks according to AU masks defined by Ma et al.
[27]. We compare a standard bounding box approach with our polygon-based
approach for evaluating two state-of-the-art models on two different data sets
each and open a broad discussion with respect to justifying model decisions
based on visual explanations for domain-specific evaluation. Our domain-specific
evaluation framework is introduced in Sect. 3.1.

3 Materials and Methods

The following subsections describe the components of our framework (see Fig. 1
for step numbering), starting with the data sets and evaluated models, and
followed by the heatmap generation, and finally our method to quantitatively
evaluate the visual explanations by using domain-specific information. Please
note that the following paragraphs describe one possible selection of data sets,
models, visual explanation method, and explanation evaluation. The framework
can be extended or adapted to the needs of other application and evaluation
scenarios.
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Overview on the process of our explanation and evaluation framework:
Relevance Explanation
Data set and model Model performance computation and evaluation, e.g.,
selection analysis landmark-based landmark-based
polygon extraction quantlf ication

A sequence (video) of facial expressions under analysis:

1 2 3 4 5 6
Domain-specific evaluation of relevance with landmark-based polygons:

Relevance quantification in frame 6

Relevance Relevance

E

Polygons for AU 1, AU 2, AU 7 Polygon for AU 10
(brow raisers and lid tightener) (upper lip raiser)

Fig. 1. This figure shows an overview on the components of our framework with exem-
plary illustrations for the use case of facial expression recognition. The framework
processes 4 steps. First, it allows for a flexible and configurable data set and model
selection (step 1). Secondly, it analyzes the model’s performance with respect to cor-
rect predictions (step 2). In step 3, relevance is computed that gets attributed to each
pixel by layer-wise relevance propagation. In the same step, polygons are derived from
pre-defined domain knowledge in the form of facial landmarks. The aggregation of rel-
evance inside the resulting polygonal image regions gets quantified by our evaluation
approach in step 4. For our domain-specific evaluation approach, we consider the pos-
itive relevance values computed in step 3 (see red pixel regions in the heatmap-based
illustration of relevance). For each image in a video sequence (here: frame 6), we eval-
uate the aggregation of relevance within the polygons of all predicted AUs (here: AU1,
AU2 and AUT7, see on the left side of the figure, and AU10, see on the right side of the
figure). This is done by dividing the positive relevance aggregation within the region(s)
of interest by the total positive relevance within an image (as defined by Eq. 2). With
our domain-specific evaluation, a well-performing and robust model would detect posi-
tive relevance only within the defined polygonal regions. Deviations of this expectation
can be easily uncovered with our framework. (Color figure online)
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3.1 Evaluation Framework Overview

Figure 1 presents an overview on the components of our proposed domain-specific
evaluation framework. The evaluation framework closes the research gap of pro-
viding application-grounded evaluation criteria that incorporate expert knowl-
edge from the facial expression recognition domain. Our framework is intended
as a debug tool for developers and as an explanation tool for users that are
experts in the domain of facial expression analysis.

In the first step, the data set and a trained classification model, e.g., a convo-
lutional neural network (CNN), is selected. In this paper, we apply two trained
CNNs for the use case of facial expression recognition via AUs. In step 2, the
model performance is evaluated on images selected by the user with a suitable
metric (e.g., F1 score). A visual explanation is generated in step 3, which com-
putes a heatmap per image and per class. The heatmaps display the relevance
of the pixels for each output class and can be already inspected by the expert
or developer. In the fourth and most crucial step, the domain-specific evaluation
based on the visual explanation takes place. By applying domain specific knowl-
edge, it is possible to quantify the visual explanation. For our use case, the user
evaluates models with respect to their AU classification using landmark-based
polygons that describe the target region in the face. The following subsections
describe the four steps in more detail.

3.2 Step 1: Data Set and Model Selection

For the domain-specific evaluation, the Extended Cohn-Kanade [25] (CK+) data
set (593 video sequences) and a part of the Actor Study data set [37] (subjects
11-21, 407 sequences) are chosen. The CK+ and Actor Study data set were
both created in a controlled environment in the labatory with actors as study
subjects.

We evaluate two differently trained models, a model based on the ResNet-18
architecture [30] and a model based on the VGG-16 architecture [38]. They are
both CNNs. A CNN is a type of artificial neural network used in image recog-
nition and processing that is specifically designed to perform classification on
images. It uses so-called multiple convolution layers to abstract from individual
pixel values and weights individual features depending on the input it is trained
on. This weighting ultimately leads to a class decision. In the CNNs we use,
there is one predictive output for each AU class. AU recognition is a multi-label
classification problem, so each image can be labelled with more that one AU,
depending on the co-occurrences.

While the ResNet-18 from [31] is trained on the CK+ data set as well as
on the Actor Study data set, the VGG-16 is trained on a variety of different
data sets from vastly different settings (e.g., in-the-wild and in-the-lab): Actor
Study [37] (excluding subjects 11-21), Afi-Wild2 [20], BP4D [41], CK+ [25], the
manually annotated subset of EmotioNet [5], and UNBC [26]. We use the same
training procedure as in [29] to retrain the VGG-16 without the Actor Study
subjects 11-21, which is then our testing data.
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With the two trained models we can compare the influence of different train-
ing distributions. Furthermore, we apply the domain-specific evaluation with
respect to training and testing data. By inspecting explanations for the model
on the training data, the inherent bias of the model is evaluated that can arise for
example by overfitting on features of the input images. By evaluating the model
on the testing data, we can estimate the generalization ability of the model.

The dlib toolkit [18] is used to derive 68 facial landmarks from the images.
Based on these landmarks and the expert knowledge about the regions of the
AUs, we compute the rectangles and polygons for the evaluation of generated
visual explanations.

3.3 Step 2: Model Performance Analysis

For evaluating the model performance, we use the F1 score (Eq. 1), the harmonic
mean of precision and recall with a range of [0,1], whereas 1 indicates perfect
precision and recall. This metric is beneficial if there is an imbalanced ratio of
displayed and non-displayed classes, which is the case for AUs [29]. The ResNet-
18 is evaluated with a leave-one-out cross validation on the Actor Study data
set, and the performance of the VGG-16 is evaluated on the validation data set,
and additionally on the testing part of the Actor Study (subjects 11-21).

Pl 2 - precision - recall

(1)

precision + recall

3.4 Step 3: Visual Classification Explanations

We apply layer-wise relevance propagation (LRP) [4] to visually identify the
parts of the image which contributed to the classification, i.e., to attribute
(positive and negative) relevance values to each pixel of the image. “Positive
relevance” denotes that the corresponding pixel influenced the CNN’s decision
towards the observed class. “Negative relevance” means it influenced the deci-
sion against the observed class. For a given input image, LRP decomposes a
CNN'’s output with the help of back-propagation from the CNN’s output layer
back to its input layer, meaning that each pixel is assigned with a positive or
negative relevance score. These relevance scores can be used to create heatmaps
by normalizing their values with respect to a chosen color spectrum [4].

We choose the decomposition scheme from Kohlbrenner et al. [19] based on
the implementation provided by the iNNvestigate toolbox [1]. For the ResNet-
18 we select PresetB as the LRP analyzer and for the VGG-16 network we
select PresetAFlat, since these configurations are usually best working for the
respective network architectures [19].

3.5 Step 4: Domain-Specific Evaluation Based on Landmarks

As a form of domain-specific knowledge, polygons enclosing the relevant facial
areas for each AU are utilized (see Fig.2). Each polygon is constructed based
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on a subset of the 68 facial landmarks to enclose one region. The regions are
defined similar to Ma et al. [27].

As motivated earlier, the selection and quality of domain-specific knowledge
is of crucial importance. Figure 2b shows a coarse bounding box approach of
Rieger et al. [31] and Fig. 2¢c shows our fine-grained polygon approach exemplary
for the AU9 (nose wrinkler). We can see that for b) also the background is taken
into account, which makes the quantitative evaluation error-prone. This shows
for the use case of AUs, being a multi-class multi-label classification problem,
the importance of carefully defining boundaries, so that ideally one boundary
only encloses class-relevant facial areas per AUs, which is where our polygon
approach aims at.

For our evaluation approach, we consider only positive relevance in heatmaps,
since these express the contribution of a pixel to the target class, e.g., a certain
AU. However, the evaluation of the aggregation of negative relevance inside
boundaries would also be possible, but is not considered here.

For quantitatively evaluating the amount of relevance inside the box or poly-
gon, we use the ratio p of the positive relevance inside the boundary (R;,) and
the overall positive relevance in the image (R::) (Eq.2). To make our approach
comparable, we use the same equation as Kohlbrenner et al. [19].

Rin
— 2
Rt ot ( )

The p-value ranges from 0 (no positive relevance inside the boundary) to
1 (all positive relevance inside the boundary). High p-values indicate that a
CNN based its classification output on the class-relevant parts of the image.
This means, that for a p-value above the value of 0.5, the majority of relevance
aggregates inside the boundaries.

For our evaluation, we consider only images for which the ground truth as well
as the classification output match in the occurrence of the corresponding AU.

"

4 Results and Discussion

Table 1 shows the overview of the performance and domain-specific evaluation of
the VGG-16 model. The performance on the validation data set differs greatly
for some AUs (e.g., AU10, or AU14), which can be explained by the big array of
different training data sets. Henceforth, the data distribution of the Actor Study
is not predominantly represented by the trained model. We may keep in mind
that the Actor Study is a posed data set, so some facial expression can differ
in their visual appearance from the natural ones. However, when looking at the
average Upo1y-values of the polygon boundaries, we can see a correlation of the
higher p-values with the validation performance for some AUs. For example, the
model displays a good performance on the validation data set for AU10, but
a significantly lower one on the testing data set. However, in comparison, the
Upoly-value is the highest of all evaluated AUs. A similar pattern can be found
for example for AU14. Since we only use the correctly classified images for our
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(a) 68 facial landmarks [27] (b) AU9 bounding box [31]  (¢) AU9 polygon (ours)

Fig. 2. The domain-specific knowledge for evaluating the heatmaps are facial land-
marks. Exemplary image with emotion happy and highlighted region for Action Unit
9 (AU9) (nose wrinkler). AU region boundaries are pink and facial landmarks green
dots. (Color figure online)

domain-specific evaluation, we can interpret that the model can locate the region
for AU10 or AU14, but that there are probably many out-of-distribution images
for these AUs in the testing data set, hence making a good model performance
difficult. We can also observe that for instance for AU25, there is a strong per-
formance on both the validation and testing data set, but a low p-value, which
can indicate that the model did not identify the expected region as important.
Table 2 shows a comparison between our polygon approach fipe, with the
standard bounding box approach e, [31] for the ResNet-18. The bounding box
approach fup, yields overall higher p-values than the polygons (fpory), which is
expected since the boxes enclose a larger area than the polygons. This can also
indicate that the coarse boxes contain pixels that get assigned with relevance
by the ResNet-18, although they are not located in relevant facial areas, hence
highlighting once more the importance of the quality of the domain-specific
knowledge. Our polygons enclose in contrast to the bounding boxes only class-
relevant facial areas. Looking closely at the AUs, we can see that although the
Hbog 1s high for AU4, it has also the highest difference to ppory for both the data
sets CK+ and Actor Study. We can therefore assume a high relevance spread
for AU4, which is ultimately discovered by applying the fine-grained polygon
approach. In contrast, AU10 looses the least performance for both data sets
concerning the p-value, but displays also the lowest F1 value, which can indicate
that although the AU is not accurately predicted in a lot of images, the model has
nonetheless learned to detect the right region for images with correct predictions.
Overall, the p-values are low for all classes, indicating a major spread of
relevance outside of the defined boxes. Some of the relevance may be outside of
the polygons due to a long tail distribution across the image with a lot of pixels
having a low relevance value. This can lead to low p-values for all polygons.
When comparing the jipo1, With the 1150, approach, it is apparent that the ppoz-
values are higher compared to the pipory-values, and only ppo.-values reach an
average p-value above of 0.5 across data sets. Both findings show the need for a
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Table 1. Classification performance and domain-specific evaluation of the VGG-16
model. The performance is measured by the F1 score on the validation and testing
data set respectively. The domain-specific evaluation is measured with the average pu-
values of the polygones on the testing data set. The testing data set is the Actor Study
data set, subjects 12—21. Best results are in bold.

AU | F1 score av. fpoly
validation | testing
1 ]0.61 0.71 | 0.125
2 1042 0.58 0.155
4 10.51 0.56 0.114
6 |0.72 0.50 0.137
7 10.79 0.44 0.092
10 |0.83 0.19 0.239
12 |0.77 0.58 0.220
14 10.77 0.13 0.221
15 |0.62 0.13 0.215
17 |0.67 0.43 0.008
23 10.49 0.05 0.026
24 10.63 0.19 0.037
25 10.66 0.69 0.036

Table 2. Comparison of our approach pipor, with the standard bounding box approach
ooz [31] for ResNet-18. Highest values are in bold.

AU |F1 |CK+ Actor Study
Mooz | Hpoly |Mboz - Mpoly| Mooz | Hpoly |Mboz - Npoly|

04 |0.68 |0.579|0.118 |0.461 0.458 |0.061 |0.397
06 |0.55 | 0.432 |0.144 |0.288 0.360 |0.087 |0.273
07 10.62 |0.499 |0.097 |0.402 0.417 /0.038 | 0.379
09 |0.48 | 0.492 |0.195 |0.297 0.293 | 0.084 | 0.209
10 10.32 | 0.350 {0.339 0.011 0.197 10.196 | 0.001
25 10.83/0.413 | 0.211 |0.202 0.457 |0.175 |0.282
26 | 0.60 |0.330 1 0.143 |0.187 0.493 |0.201 |0.292
27 10.57 10.463 | 0.203 |0.260 0.545 | 0.223 | 0.322

domain-specific evaluation with carefully selected expert knowledge in order to
assess a model’s performance as good as possible but also the precision of used
visual explainers with respect to the spread of relevance.

Furthermore, our approach emphasizes the general need of an evaluation
beyond classification performance of models. Although the models display high
F1 scores for most of the classes, the relevance is not in the expected areas.
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A limitation of our evaluation results is that they do not consider p-values
normalized according to the size of regions, although our approach allows such an
extension in principle. This is an important aspect, since the areas for each AU
are differently sized in relation to the overall image size. This means that some
AU boundaries may be more strict on the relevance distribution than others and
may penalize the model’s performance thereof. For that we suggest a weighted
p-value calculation, optimally with respect to the overall relevance distribution
in an image, e.g., based on thresholding the relevance [8].

5 Conclusion

In this paper, we present an approach for domain-specific evaluation of visual
explanation methods in order to enhance the transparency of CNNs and estimate
their robustness as precisely as possible. As an example use case, we applied our
framework to facial expression recognition. We showed that the domain-specific
evaluation can give insights into facial classification models that domain-agnostic
evaluation methods or performance metrics cannot provide. Furthermore, we
could show by comparison that the quality of the expert knowledge is of great
importance for assessing a model’s performance precisely.
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