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ABSTRACT

Extending existing research in Explainable Artificial
Intelligence (XAI), this paper presents a novel explanation
technique for image classifiers. Based on the heatmap
paradigm, it combines data from multiple granularities to
represent different scale features in a single visualisation.
Occlusion is used to determine the importance of different
areas to the classification outcome, allowing it to be applied
to any opaque-box system. Importance data is processed
using a tree to form a hierarchy between multiple scales,
and dynamically determine the most appropriate scale for
each area of the heatmap. This visualisation was evaluated
through a user study, extending the work of Alqaraawi et al.
[3], comparing its performance with LRP heatmaps and no
heatmaps. The user study involved forward prediction of
classifier outcomes and identifying features for example
images. Overall, this new visualisation did not provide a
significant improvement in prediction accuracy (versus no
heatmaps) but did significantly increase the number of
features mentioned (versus no heatmaps). It performed
comparably to LRP heatmaps, indicating that it may have
the potential to be used in real-world applications. Slight
differences in the features conveyed between these new
visualisations and LRP heatmaps indicate that each may be
more appropriate in certain circumstances.

Figure 1: A multi-scale occlusion heatmap produced for an
image of a cat from the PASCAL dataset [17]
1. INTRODUCTION

Machine learning (ML) techniques are being increasingly
used to solve new problems and enhance Artificial
Intelligence (AI) systems [25]. Furthermore, AI systems are
now commonplace in enterprise with only 15% of
organisations in 2020 not using AI at all [47]. A key
motivation for ML techniques is their ability to “learn”
from provided data, meaning the exact behaviour does not
need to be specifically programmed. Furthermore, such ML
systems may interpret features that are not easily perceived
by humans. However, concerns have been raised over how
this obscurity means it is not always clear how a ML
system makes judgements or why it takes certain actions,
leading to the rise of research into Explainable AI (XAI).
While a lack of understanding around how these systems
work can harm the user experience, given that ML is
increasingly used in serious applications such as law
enforcement [37], there can also be very grave societal
implications if these systems are not understood. This has
led to a new area in machine learning research: Fair
Accountable Transparent Machine Learning (FAT ML),
and the concept of Accountable Algorithms [30,48].
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Issues often arise from a lack of comprehensive training
data, using training data which embodies existing societal
biases [27] or which has been gathered through a biased
system [11,26]. A notable example of bias with a societal
impact is racial bias in ML systems. For example, some
facial recognition systems can perform worse for people
with darker skin [7,49]. When used by law enforcement to
identify potential criminals, these systems are more likely
to incorrectly identify individuals with darker skin, leading
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to injustices such as false arrests [50]. While improving
data gathering processes will also help achieve fairness,
bias can also exist within the algorithms themselves [41].
Thus, explanation techniques can help users identify
unexpected or unfair behaviour due to either the algorithm
or dataset.

This study focuses on discrete 2D heatmaps which can be
considered as a 2D matrix of values. From here, the term
“heatmap” is used to refer to a 2D discrete heatmap.
There are two main forms of heatmaps: cluster heatmaps
and spatial heatmaps. With cluster heatmaps, the columns
and rows represent independent entities, and the cells
represent their interaction. These can be reordered, usually
to identify clusters [34], as demonstrated in Figure 2.
Conversely, spatial heatmaps represent a quantity over a
fixed space (such as a physical space or image space) and
so it does not make sense to reorder the matrix. In the case
of explaining image classifiers, a spatial heatmap is used
and the fixed space is the image itself. The quantity for each
region is its importance to the classification.

This work is focused on explaining ML systems that
classify image data. Image classification has many
applications (such as object detection [17], facial
recognition [39], and handwritten text interpretation [31])
which can be utilized in many real-world situations
(including medical imaging, surveillance, and contentbased image retrieval [1]), making it a widely researched
area. Its visual nature also provides many opportunities for
explanation techniques. While there are some wellestablished image classification algorithms – such as
Convolutional Neural Networks (CNNs) – the breadth of
this area, as well as future ML research, may lead to various
algorithms and classification techniques. As such, this work
focuses on explanation techniques for opaque-box systems
where the internal implementation is unknown.
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A crucial concept in image classification, and Computer
Vision more broadly, is that objects or features (attributes
that contribute to classification) appear at different scales.
For example, SIFT (Scale-Invariant Feature Transform), a
popular object-recognition algorithm before CNNs,
considers this a fundamental aspect of the algorithm,
explicitly searching over all possible scales [32]. As such,
an effective explanation technique for image classification
systems must cater for varying scales of features or objects.
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Figure 2: example of a cluster heatmap in its original form
(left) and clustered (right)

However, heatmaps normally have a fixed granularity
which does not accommodate the fact that features may
exist at different scales. As such, heatmaps used for this
purpose are often generated at several granularities. This
poses an open challenge of how to combine different
granularities in a way that is clear and accurately portrays
the contribution of each granularity level.

While occlusion heatmaps are an existing explanation
technique for image classification, they currently neglect
differences in feature scale. Subsequently, this study
presents a new explanation technique – multi-scale
occlusion heatmaps – that extends existing occlusion
heatmap techniques to accommodate varying feature scales
by dynamically combining heatmaps of different
granularities. An example is shown in Figure 1.

2.2 Convolutional Neural Networks

Artificial neural networks are a common ML technique
inspired by biological neural networks, such as the human
brain [46]. They consist of many artificial neurons
(perceptrons) which take some input values, apply a
function, and produce an output. Notably, the inputs are
weighted, and these weights are learned during training
with example data. Perceptrons are joined together into a
network so that the outputs of one perceptron are the inputs
to another. With adequate training, neural networks have
proved to be an incredibly powerful ML technique with
many applications [35] and variations designed to better
suit different tasks.

2. RELATED WORK
2.1 Heatmaps

Heatmaps are a simple yet powerful data visualisation that
express the magnitude of some quantity across a continuous
space or discrete region. Normally, these magnitudes are
then represented by colour over the space. Heatmaps are a
useful visualisation with many applications. Some
examples include using heatmaps of eye-movement over a
page to predict successful webpage aesthetics [19],
representing traffic in datacentres [22], and meteorological
heatmaps that indicate heat or pressure over a physical
space. Heatmaps are an effective visualisation for
conveying data quickly, with one study finding them the
fastest performing chart in a decision-making task without a
significant reduction in accuracy [16].

One such variation is the Convolutional Neural Network
(CNN) which is very widely used in image classification
and inspired by the visual cortex in animals [18,28]. They
perform better on real-world image data than traditional
neural networks (multi-layer perceptrons) because they
retain spatial structure from the underlying image, i.e. that
nearby pixels are more relevant to each other than those that
are far apart [40].
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CNNs have layers that use convolution (a mathematical
operation that combines functions) which reduces free
parameters in the network [2]. This allows CNNs to handle
larger inputs (such as images) more efficiently than
traditional fully connected neural network structures.

using complex ML models such as CNNs [3]. However,
there are promising results from studies with simpler
classifiers. For example, in a study by Riberio et al.,
showing explanations reduced user trust in an obviously
biased classifier compared to when there were no
explanations present [38]. It also led more users to
determine the correct feature leading to classification and to
do so with greater certainty. Furthermore, Cai et al.
explored different types of explanations based on providing
examples of images known to the classifier. When
explaining a misclassification to a user, they found that
normative explanations (which showed examples of what
the classifier was expecting) were more helpful than
comparative explanations (which showed examples of what
the misclassified image resembled instead) [10].

However, some popular classification systems, such as
FaceNet [39], do not exclusively use a CNN. Instead, a
CNN is used to produce an embedding (a lowerdimensional representation of an image in the form of a
vector) which is then classified by other ML techniques,
such as Support Vector Machines (SVMs). So, while CNNs
are a key algorithm in this space, there is a need for
explanation techniques which also support other classifier
systems.
2.3 LRP heatmaps

While not based on image classification, other user studies
in the field of XAI may still provide relevant results.
Notably, research by Poursabzi-Sangdeh et al. indicates that
participants were more successful at predicting the outcome
of the model when there were fewer input features [36].
This poses a risk for image classification prediction with
complex models, as there are many features, some of which
may not be clearly defined or obvious to human perception.

LRP (Layer-wise Relevance Propagation) heatmaps are a
popular explanation technique for CNN-based classifiers
[29]. These are generated by propagating the outputs of a
neural network back to the input layer, capturing the way
each pixel in the input was processed and how it
contributed to the output [4]. However, this requires a
neural-network structure and so cannot be applied to other
ML techniques or hybrid systems, such as those which use
SVMs.

Regarding kinds of XAI evaluation, Chromik et al.
developed a taxonomy of human evaluation techniques for
explanations of opaque-box ML models [13]. This includes
defining task types, such as verification, annotation, and
forward simulation (where participants predict the outcome
of a system). Furthermore, Zhou et al. found that modelbased and example-based explanations were primarily
evaluated according to the simplicity of the explanation,
while attribution-based explanations (those which convey
the relative importance of different input features) were
evaluated according to the soundness of an explanation. As
such, they suggest it is not possible to define a universal set
of evaluation metrics that can be applied to all explanation
methods [45].

The resulting heatmap can help users identify features and
improve prediction accuracy of users forecasting a
classifier’s outcomes [3]. Other studies have also shown
that LRP heatmaps can identify task-relevant stimuli
without object segmentation and can be used in
combination with other techniques to predict human eye
gaze [23].
2.4 Programmatic Occlusion

A generalised algorithm which can work on any opaquebox system is programmatic occlusion of the input images
[44]. In this case, the influence of the area is measured by
the difference in the classifier outcome between when it is
present and occluded. This approach is appropriate for
opaque-box systems as only the input and outputs are
interacted with; there are no prerequisites for the internal
structure of the classifier system. These results can be used
to produce heatmaps which identify the areas of the image
that caused the most change to the classification outcome
(confidence).

However, Bussone at al. found that more comprehensive
explanations in clinical decision support systems lead to an
over-reliance on them, even when suggestions were
incorrect. However, less comprehensive explanation
techniques led to mistrust of the system’s reliability [8].
This indicates a nuanced relationship between the richness
and helpfulness of explanations and that caution must be
taken when using explanation techniques in settings with
significant consequences.

An added benefit of a generalised system that doesn’t rely
on the inner implementation of the classifier is that the user
doesn’t need to understand the classifier implementation in
order to understand the explanation. Occlusion also
somewhat mimics real life, where objects may become fully
or partially occluded by other objects, making it easier for
non-expert users to imagine and reason about.

3. DESIGN RATIONALE

The design rationale is presented as a high-level overview
of how the novel explanation technique works. Further
technical details, including pseudocode, are discussed in
Section 4.

2.5 User studies in XAI

When classifying an image using a machine-learning
system, such as a CNN, there are certain features which
contribute to a given classification. For example, tracks

While many XAI techniques exist, there are fewer
examples of user studies evaluating the effectiveness of
these techniques, particularly regarding image classification
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may be a feature that influences a classifier to label an
image as “train”. Occluding parts of this image may remove
features from the image, affecting the classifier’s outcome
when applied to the new, occluded image. It may reduce the
certainty of classification (Figure 3) and even change the
outcome of classification – for example, “train” not being a
suggested label anymore. As such, if the score is reduced, it
implies that the occluded area was important for
classification. If the score is not reduced, it implies the area
is not important for classification.

However, features in images can exist at many different
scales; some features may be inherently smaller than others,
some objects can exist at different sizes, and the object may
be further away, appearing smaller. This is demonstrated in
Figure 6.

Figure 6: a sketch illustrating how features can appear at
different sizes A. between objects, B. within an object

As such, when creating the heatmaps, it is important to
consider different occlusion sizes. Normally, this would be
controlled by a parameter and changed per generated
heatmap.
However, it would be beneficial to consider all scale
features at once, in a single visualisation – in this study, this
is defined as the primary aggregation problem. The goal
is to combine the occlusion heatmap data for multiple
scales into a single data-structure which can be processed
into a single heatmap that represents all scale data. This is
illustrated in Figure 7.

Figure 3: a sketch illustrating how occlusion can reduce
classification certainty

This procedure can be programmatically repeated over
every part of the image (Figure 4) to comprehensively
determine which parts of the image affect the classifier (i.e.
are important to classification), and which do not (i.e. are
not important to classification). This data can then be used
to produce a heatmap over the original image (Figure 5).

Figure 7: a sketch illustrating the effect of occlusion size on the
heatmap: A. large occlusion size, B. small occlusion size, C.
multi-scale occlusion size, combining A and B.
Figure 4: a sketch illustrating occluding regions in
programmatic occlusion. Together, these regions would cover
the entirety of the image.

A complication with programmatic occlusion is that it
essentially forms a “grid” over the image which is arbitrary
compared to the positions of potential features. Therefore,
features could be located on an occlusion boundary, in
which case they are not well distinguished as a complete
feature and may not be represented in the resulting
heatmap, as illustrated in Figure 8. To address this, different
offsets can be used which move the occlusion boundaries,
potentially providing better coverage of different features.
Many possible offsets exist and may produce varying
quality heatmaps. How to aggregate all of these possible
offsets is defined as the secondary aggregation problem.

Figure 5: a sketch illustrating an example occlusion heatmap,
highlighting the areas of the image that are important to
classification
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The image can therefore be manipulated by changing these
pixel colour values. For example, to change a pixel value to
red, you would replace the existing pixel colour with [255,
0, 0], as shown in Figure 10.
Visual representation:
A

Figure 8: a sketch illustrating how different occlusion offsets
(B and C) can obscure features in the original image (A). In B,
the eyes do not fall within a single occlusion region. In C, the
eyes fall within individual occlusion regions, but the nose and
mouth do not.

B
[0,0,0]

[0,0,0]

[255,0,0]

[0,0,0]

[0,0,0]

[0,0,0]

[0,0,0]

[0,0,0]

Code representation:

Thus, the ultimate goal is to produce a visualisation that
optimises across both scale and offset variations to produce
a single, optimal heatmap for any given image.

A

[[[0,0,0],[0,0,0]]
[[0,0,0],[0,0,0]]]

B [[[255,0,0],[0,0,0]]
[[0,0,0],[0,0,0]]]

4. TECHNICAL DEVELOPMENT
Figure 10: an example of changing a pixel value from black
(A) to red (B) shown visually (top) and as code (bottom)

The algorithm was developed iteratively, improving and
refining the implementation as opportunities arose to
improve either the quality of heatmaps or the computational
efficiency. The main steps are detailed below.

4.2 Iterative Programmatic Occlusion

The first step was to implement basic programmatic
occlusion to create a heatmap.

The code was written using Python 3.7.7. While it is not
feasible to mention all libraries used, notable examples
include Pillow [14] (based on the Python Imaging Library)
and OpenCV [5] for image processing, Keras [12] for
machine learning (which is based on TensorFlow), AnyTree
for the tree data-structure [9], Numpy [20] for mathematical
operations and data-structures, and Matplotlib [21] for
creating visualisations (the heatmaps).

Based on an implementation by Ludwig [33], this was
implemented as a simple iterative pass from left to right,
top to bottom (Figure 11), with a single, customisable
occlusion size, e.g. 20 pixels × 20 pixels.

4.1 Image format

For the purposes of understanding the following algorithm,
it is useful to know that the image is stored as a 2D array,
where each value represents a pixel in the image. The
indices of this 2D array provide the coordinates for the
image starting at the top left. For example, for a 2D array
called Image, Image[3,1] would return the pixel in the
fourth column and second row, as shown in Figure 9.
Visual representation:
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Figure 11: an example image with occlusion areas as per
programmatic occlusion. There are 16 occlusion areas, and the
order of occlusion starts from 1. Note that each occlusion area
covers many pixels.

Code representation:

In this rudimentary implementation, areas were occluded by
setting the pixel values to black (RGB [0,0,0]). Once
occluded, the image was passed through the classifier again
to obtain a new score (where a reduced score implies an
important area). These scores were then used to generate a
heatmap of importance per region for a single occlusion
size (granularity). This process can be repeated for different
occlusion sizes to create heatmaps of different granularities.

Image[3,1]

Figure 9: an example of a 2D array visualised as pixels with
pixel [3,1] highlighted in yellow.

The colour for each pixel is represented by a 3-value array.
This represents RGB values (red, green, blue). For instance,
a black pixel would be [0, 0, 0].
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In pseudocode, this would be:

universal format may provide many opportunities for
development outside of the implementation presented here.

while h < image.height:
5

while w < image.width:

6

occludeImage(w, w+occlusionSize, h, h+occlusionSize)

1

w = w + occlusionSize

7

h = h + occlusionSize

8
Root
9

4.3 Recursive Programmatic Occlusion
10

To facilitate occlusion at multiple scales in a single pass,
the image was occluded recursively. At each scale, the area
was divided into quarters. Then each of these areas was also
divided into quarters, and so on (Figure 12). Again, each of
these occluded images was passed through the classifier to
obtain a new score.

2
11
12

Figure 13: the tree structure for the first 12 occlusion areas as
shown in Figure 12.

This recursive pattern provided a clear parent-child
relationship between different sized regions covering the
same area. This made it much easier to record the
relationships between regions while processing the image
for several heatmap granularities at once.

Trees were generated breadth-first, repeatedly generating
new child nodes based on the leaves of the last pass. For
continuity, the root node represented the entire image being
occluded.

While this implementation does limit occlusion area
dimensions to be powers of a half of the original image’s
dimensions, as opposed to completely customisable, it
provides a simple way to divide the image.
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Each node contained the following information:
-

2

Name (for identification)
Pixel coordinate for horizontal start of area
Pixel coordinate for horizontal end of area
Pixel coordinate for vertical start of area
Pixel coordinate for vertical end of area
Importance
Pointers to parent and child regions

In this early implementation, importance was simply 1 −
𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝑆𝑐𝑜𝑟𝑒, reflecting the inverse relationship
between classifier score and occluded importance.
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The recursion stopped when the max depth was reached, a
parameter provided by the user at runtime. In pseudocode,
the creation of the tree can be expressed as:

Figure 12: an example image with occlusion areas as per
recursive programmatic occlusion. There are 20 occlusion
areas, 4 large and 16 small. Note that the small areas are
contained within the large areas, as highlighted by the yellow
box. The order of occlusion starts from 1.

tree = root
while depth <= maxDepth:
for area in tree.leaves:

4.4 Using a tree to store occlusion data

area.child1 = occludeImage(area.top_left)

As mentioned above, the recursive occlusion pattern
encodes a parent-child relationship into the data which
facilitates the use of a tree data-structure for storing the
occlusion data. The mapping from occlusion areas to tree is
shown in Figure 13.

area.child2 = occludeImage(area.top_right)
area.child3 = occludeImage(area.bottom_left)
area.child4 = occludeImage(area.bottom_right)
depth = depth + 1

Trees are a widely used data-structure that encode
hierarchical relationships. As such, they have a welldefined vocabulary and many established algorithms for
parsing and manipulating them (for example pruning or
balancing) [15]. Encoding the importance data in such a

The output of this function was a tree which represented a
different granularity heatmap at each depth. This solved the
primary aggregation problem of combining multiple
scales.
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4.5 Implementing dynamic granularity

boundaries and its importance score, the corresponding
section of the blank heatmap could be updated with the
importance score, as demonstrated in Figure 15. Repeated
over all leaves, this produces the data for the full heatmap,
representing the entire image.

Given the tree contains all the possible scale heatmaps, the
next step was to determine which scale to use for each area
of the heatmap. This was achieved through pruning the tree.
Pruning was based on two assumptions:
1.
2.

There should be no loss of information
Smaller areas are preferred over larger areas where
possible

Assumption 1 was based on concepts from information
theory [6] where, in this case, information is the importance
value. As such, given a parent node with four children, the
children were pruned if the sum of their importance values
were lower than the parent importance value, as this implies
that the parent conveyed more information than the
children. Alternatively, if the sum of the child importance
values was greater than the parent importance value, the
children were kept in the tree. This process was repeated
over every node in the tree so that the remaining leaves
represented the finest granularity information for each area
of the whole image.
A
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0

0

0.5

0

0

0

w_start: 0
w_end: 1

w_start: 2
w_end: 4

0

0

0.9

0.9

h_start: 1
h_end: 2

0

0

0.9

0.9

h_start: 2
h_end: 4
importance: 0.9

Node 1

importance: 0.5

Node 2

The heatmap data was converted to the visualisation by
mapping a colour scale to importance values. In this
implementation, Matplotlib’s “Reds” colour scale was used
to indicate importance as this is consistent with how red is
used in LRP heatmaps. Each area in the heatmap then
adopts a colour based on its magnitude and this is overlaid
on top of the original image for ease of interpretation
(Figure 16).

0.4
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0

Figure 15: example heatmap data and its corresponding leaf
nodes
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Figure 14: the results of pruning A. a parent where the
children have a greater summed importance, B. a parent
which has a greater importance than the sum of its children.
Note that the zero importance value is always pruned.

Least
important

Figure 16: example heatmap data and the corresponding final
heatmap visualisation overlaid onto the original image
4.7 Refining Occlusion Colour

By assuming a zero importance value for any undefined
areas, the tree could also be pruned of all nodes with zero or
near-zero importance values. This generally made the tree
much sparser which improved computational efficiency.
Examples of pruning are shown in Figure 14. In
pseudocode, the pruning rule is defined as:

In early tests, using black (RGB [0, 0, 0]) to occlude areas
caused unexpected behaviour from the classifier which
made subsequent heatmaps unintelligible. One hypothesis is
that this occlusion colour led to stark contrast boundaries
which meant the occluded area was interpreted as a new
feature, as opposed to the lack of any features.
At first, the fill colour was taken as the average colour of
the occluded pixels, but this could still lead to harsh
contrast boundaries or discontinuities in the image if there
was a distinctive colour within this area.

for parent in tree:
if (parentImportance > sum(childImportance)):
pruneChildren(parent)

As such, the final implementation used the average colour
of neighbouring pixels (one pixel deep outside of the given
region on all four sides, as shown in Figure 17). This would
more effectively “erase” the contents of region and keep
improve continuity with the original image.

4.6 Converting the Tree to a Heatmap

To convert the tree to a heatmap, first a blank heatmap (2D
matrix) matching the size of the original image was created.
A single pass was done over all the leaves of the pruned
tree. As each node contained its horizontal and vertical
7
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Figure 17: neighbouring pixels (yellow) for a given occlusion
area (grey)

More sophisticated infilling techniques, such as generative
inpainting [43], exist but using them was outside the scope
of this work.
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4.8 Refining the Importance Heuristic

Originally, importance was determined by an overly simple
heuristic: 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 = 1 − 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝑆𝑐𝑜𝑟𝑒. However,
this incorrectly assumed that the original image had a
classification score close to 1. If the original (un-occluded)
image had a low classification score, importance would
always be high. As such, the heuristic was refined to make
it relative to classification score of the original image:
𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 = ∆𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝑆𝑐𝑜𝑟𝑒 =
𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝑆𝑐𝑜𝑟𝑒 − 𝑂𝑐𝑐𝑙𝑢𝑑𝑒𝑑𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝑆𝑐𝑜𝑟𝑒.
This allowed the system to be more robust in the case that
the original image was not confidently classified.

Figure 18: the four offset conditions showing the occlusion
numbered occlusion areas: A. no offset, B. half-width
horizontal offset, C. half-height horizontal offset, D. both halfwidth and half-height offset. The dotted lines indicate the
theoretical regions while the solid lines indicate the final
occlusion regions, after cropping.

This offset pattern was repeated recursively at all scales in
the tree, While the “no offset” condition always created
four children (Figure 18A), the single direction and bidirection offsets created six (Figure 18B, 18C) or nine
(Figure 18D) children respectively. With offset, children
can fall partly or completely outside of the original bounds.
As such, regions were cropped to remain within parent
regions and within the bounds of the original image. These
changes required several refinements to the algorithm for
robustness against negative image coordinates as well as
more complex logic to determine how many children to
produce. When pruning the tree, all children were
considered as contributing to the sum equally. Once
created, these four heatmaps were combined through a
simple average, taking the mean pixel value across
heatmaps.

4.9 Offset

As explained in Section 3, when splitting the image into
areas for the purpose of a heatmap, the positions of areas
are arbitrary with regards to the image content, and this can
cause issues when trying to distinguish features.
In the iterative implementation, this was overcome by stride
which can be set as a separate parameter. The stride is how
far the occluding area moves each time. In the basic
implementation without offset, the stride would equal the
width/height of the occluding area. However, when the
stride is smaller than the area, the occlusion area overlaps
with its previous positions. This allows alternate region
boundaries to be checked. However, as the tree-based
implementation uses recursive area division, stride in this
sense was not an option. Instead, a global offset was applied
to the entire heatmap-making process, and this was repeated
for different offsets. Originally four offsets were considered
based on the size of the occlusion area at depth 1 (a quarter
of the original image). As shown in Figure 18, these were:
-

However, it quickly became apparent this method was not
sufficient. As both the original occlusion area and offset
were based on halves, after the first depth, all regions
aligned perfectly as before offset. This meant that if a
feature existed on the boundary of a smaller scale, it would
still not be accounted for.
4.10 Refined Offset

To improve the offset implementation such that all scales
had some offset variation, the offset value was set to half
the size of the smallest scale occlusion area. For example, if
the smallest occlusion area was 10 pixels wide, the offset
would be 5 pixels. Then, to ensure that all possible offsets
were considered, the heatmap was offset by multiples of

no offset
half-width offset
half-height offset
both half-width and half-height offset
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this value, up until the size of the largest region (half the
image width) at which point the offsets would repeat, as
shown in Figure 19. Again, all regions were cropped to the
remain within the parent region and the image boundaries.

drastically increased the number of heatmaps created, given
𝐼𝑚𝑎𝑔𝑒𝑊𝑖𝑑𝑡ℎ
𝐼𝑚𝑎𝑔𝑒𝐻𝑒𝑖𝑔ℎ𝑡
by:
×
. For an image with
2 ×𝑊𝑖𝑑𝑡ℎ𝑂𝑓𝑓𝑠𝑒𝑡

A

1

2

5

3

B

2

3

4

5

6

5

At first, all heatmaps were combined by taking the mean
value for each area across all heatmaps. However, this
resulted in visualisations with a smooth blur (shown in
Figure 20), akin to a Gaussian blur, from averaging across
so many different heatmaps. This negated the value of the
multi-granularity heatmaps which were meant to be more
specific. As such, though this solved the secondary
aggregation problem of combining all offsets, the
algorithm was refined further.

4

1

2×𝐻𝑒𝑖𝑔ℎ𝑡𝑂𝑓𝑓𝑠𝑒𝑡

dimension 80 pixels × 80 pixels, the largest occlusion area
would be 40 pixels × 40 pixels. At depth 3, the smallest
occlusion area would be 10 pixels × 10 pixels, giving a 5pixel offset. Thus, to generate all possible offsets would
40
40
require
×
= 64 heatmaps.

C

1

2

3

4

5

6

Figure 20: a heatmap generated for an image of a train from
the PASCAL dataset [17], showing the blurry output of
combining all offset heatmaps. It consists of 256 combined
heatmaps with a max depth of 5.

D

1

2

3

4

5

6

4.11 Choosing the “Best” Offset

As combining all heatmaps through an average was
problematic, rather than trying to combine the information
from all heatmaps, the algorithm could instead try to find
the “best” heatmap from the range of all possible heatmaps.
However, this required a heuristic for determining the
“best” heatmap.

E

1

3

2

First, an adversarial approach was considered in which the
entire heatmap would be used as an occlusion mask over
the original image. This would then be classified again to
achieve another score. Similar to occlusion for individual
regions, the idea was that the more classifier confidence
was reduced, the better the occlusion, and therefore the
heatmap. However, this was inefficient, requiring further
image processing, and relied on a possibly incorrect
assumption that the best overall heatmap for explaining
features would cause the greatest performance degradation
in the classifier.

4

Figure 19: an example of occlusion areas with horizontal offset
as per the refined algorithm. Note how A and E are effectively
the same. The dotted lines indicate the theoretical regions
while the solid lines indicate the final occlusion regions, after
cropping.

As an example, if an image’s largest occlusion area was 40
pixels and its smallest occlusion area was 10 pixels, there
would be offsets at 5 pixels, 10 pixels, …, 30 pixels, and 35
pixels. These offsets needed to be applied both horizontally
and vertically. To cover all possible offsets, every single
combination of horizontal and vertical offsets had to be
considered, creating a potential heatmap for each one. This

Instead, it was more computationally efficient and more
logically sound to compare trees directly. Inspired by the
concept of information density [6], a heuristic was
developed that calculated a linear combination of all leaf
importance scores (activation), divided by the total area
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covered by these areas (coverage). This gave a value of
importance per area, where the “best” heatmap was defined
as the one which conveyed the most importance in the least
area (i.e. the most information-dense). This favoured
heatmaps with finer granularity. Note, this method worked
because zero and near-zero importance nodes were pruned
from the tree, otherwise the total area would always equal
the whole image. As the various offset heatmaps were
created, the best heatmap was stored. It was overwritten
when a new heatmap achieved a better heuristic score. An
example output is shown in Figure 21.

Figure 22: a heatmap generated for the same image of a train
as Figure 20, combined from the “best” 5 offset heatmaps with
a max depth of 5
5. USER TESTING

To test the effectiveness of this visualisation, a user study
was performed. To obtain results that could be compared to
other visualisations, this study extended the work done by
Alqaraawi [3] with LRP heatmaps, using the same study
protocol, classification images, and user interface. A
comparison of multi-scale occlusion heatmaps and LRP
heatmaps is shown in Figure 23. The general pattern of this
study is forward simulation – participants are shown
example classifications and then asked to predict the
classification for a new image [13].

Figure 21: a heatmap generated for the same image of a train
as Figure 20, taking the single “best” offset heatmap
4.12 A Combination of Methods

Due to the timing and budget constraints of this being a
MSc project, this study extends the previous study rather
than replicating it. As such, this study collects data for two
additional conditions which are added to the data for the
four conditions of the original study.

The above worked well but there was some concern that
there could be several useful offsets that capture different
features. As such, combining the two methods from 4.10
and 4.11 offered a beneficial compromise. The algorithm
was adapted such that an additional parameter could be
provided: the number of heatmaps to combine, 𝑁.
Instead of storing only the best heatmap, the best 𝑁
heatmaps would be stored and combined by taking the
average. This allows for flexibility between the other two
options as in the case 𝑁 = 1, it provides the “best” heatmap
as above while 𝑁 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 (e.g. 64, as in the previous
example) provides the outcome of combining every
possible heatmap. This provided a user-customisable
balance between representing several offsets while retaining
the value of the multi-scale heatmap by keeping smaller,
more specific, regions discernible. An example output is
shown in Figure 22.

Figure 23: A. a sample image from the PASCAL dataset [17],
B. the multi-scale occlusion heatmap for this image, C. the
LRP heatmap for this image
5.1 Participants

32 participants were recruited through the academic
crowdsourcing community Prolific Academic 1for greater
consistency with Alqaraawi et al.’s study. Participants had
to be at least 18 years old with normal or corrected to
normal vision and required a technical background (such as
a degree in computing or engineering). Participants also
needed to be fluent in English, have a Prolific Academic
approval rate above 95% and be able to complete the task
using a laptop. The participants were split evenly between
two conditions, resulting in 16 participants per condition.

However, this implementation still involved generating
every possible heatmap which is very computationally
intensive. To optimise this code, future work would involve
parallelising the code or identifying which offsets are most
beneficial to generate, before generating them.

1
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https://prolific.co/

generation. As in the previous study, only the classes “cat”
and “horse” were used for simplicity.

This extends the original study which had 64 participants
across 4 conditions (16 per condition). When combined,
this gives a total of 96 participants across 6 conditions.

Regarding algorithm parameters, the heatmaps were
generated using a maximum depth of 4 and the best 5
heatmaps were combined. In contrast to the technical
development above, the occlusion area was filled with grey
(RGB [169, 169, 169]) instead of using the neighbouringpixel technique. This was to ensure consistency with
another concurrent study which was ultimately not used in
future comparisons.

5.2 Design

This study had a single factor (classification scores) with
two conditions (scores shown, scores not shown). In this
study the multi-scale occlusion heatmaps were always
shown as the control condition was provided from the
previous study. When combined with the previous study,
there were 6 conditions in total, as shown in Table 1.

This
study

Previous
study

Condition

Heatmap

Scores

1

Multi-scale
occlusion

Shown

2

Multi-scale
occlusion

Not shown

3

LRP

Shown

4

LRP

Not shown

The study interface is the same as the previous study, a web
interface built using HTML5, CSS, Python and Django.
The LRP heatmaps were replaced with the multi-scale
occlusion heatmaps and relevant instructions were updated.
Changes to the instructions were kept as minimal as
possible for consistency, but necessary changes were made
to explain the new heatmaps and fix typographical errors or
accessibility issues like low colour contrast.

5

No heatmap

Shown

5.4 Procedure

6

No heatmap

Not shown

5.3.2 Study interface

Participants were first asked to give informed consent. They
were then shown a short set of instructions which included
information about the study, how to receive higher financial
rewards, how to use the interface, and an explanation of
classification outcomes (true positive, true negative, false
positive, and false negative). Participants in the “scores
shown” condition were then shown an explanation for this
visualisation. All participants were then shown instructions
that explained what the heatmap visualisation was and how
to interpret it (that darker red meant the area greater
supported the given prediction). Next, participants were
shown examples of a task and asked to complete some short
questions to demonstrate whether they had understood the
instructions.

Table 1: factors and conditions across this study and the
previous study [3] which it extends

Note that in all conditions, participants are shown examples
of images that classify as true positive, false positive, and
false negative.
Conditions were between-subjects to avoid learning effects
that could occur if they repeated the activity in a second
condition. Participants were randomly assigned to a
condition.
5.3 Materials
5.3.1 Dataset and CNN architecture

Upon completion of this step, the participants began the
main study, comprising of 14 tasks. The task structure is
explained below.

To generate example heatmaps, a classification system and
dataset were required. As in Alqaraawi et al.’s study [3], the
dataset used was the PASCAL Visual Object Classes
dataset (2008) which contains images across 20 different
classes. The PASCAL Visual Object Classes challenge
provides a benchmark in visual object category recognition
and detection [17]. In this study, the same CNN architecture
and weights of the trained model were used to ensure
consistent results between the two studies. This CNN was a
pre-trained Keras model (trained on ImageNet) using the
VGG16 architecture which was then fine-tuned on the
PASCAL dataset. Notably, this CNN was purposely trained
to not reach state-of-the-art performance to explore how
visualisations may help understanding both strengths and
weaknesses in a model. The average precision of the CNN
was 0.91 on the training set and 0.73 on the validation set.

Following the completion of the tasks, participants selfreported which information they had found useful during
the task (outcomes (e.g., true positive), the heatmaps, the
classification scores) and what they had learned. They were
also provided with feedback on their answers, as a score out
of 14, and their subsequent reward amount. Further down
the page, participants could view their answers and the
correct answers for each of the 14 images.
Participants were paid £8 for participation with an
additional £0.50 for each correct answer.
5.4.1 Task Structure

During a task, the participant is shown 12 example images
(6 true positive, 3 false positive and 3 false negative) of the
given class, “cat” or “horse”. An example of how this was
displayed is shown in Figure 24. In each case, they see the
original image and the multi-scale occlusion heatmap. If

As the intention is not to test the accuracy of the classifier
on new data but to understand how it interprets known data,
images were taken from the training set for heatmap
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they are in the “scores shown” condition, they will also see
the classification scores for each image as a bar chart. To
counterbalance any learned effects, half of participants first
saw the images of cats while half began with images of
horses.

(F(1,90)=0.002, p=0.964). Similarly, there were no interaction
effects (F(2, 90)=2.656, p=0.076).
The average percent of correct forecasts were also
calculated per task type (true positive, false positive, and
false negative). Accuracy was highest for true positive
images at 77.2%. False positive tasks remained lower with
44.2% accuracy and lower still for false negative tasks with
only 38.5% correctly predicted.

Figure 24: an example of how images, heatmaps and
classification outcomes were shown to participants. In the
condition without scores, users saw the same interface except
that the score graph was missing.

Following this, participants were shown a new image
without any heatmap or score data. Participants were asked
to list any features they thought the classifier was sensitive
to and any it ignored. They were then asked if the image
would be classified as containing the given class, e.g.
“horse”, and to rate their confidence in their answer using a
4-point Likert Scale [24] from “extremely unconfident” to
“extremely confident”.

Figure 25: The average fraction of correct forecasts per
participant in each condition. Neither heatmaps (left) nor
scores (right) significantly impacted prediction performance.

The task images used were the same as in the previous
study. In the previous study, these were selected as they had
a “mid-range” classification score which, in pilot studies,
provided a good balance of difficulty for prediction [3].

Overall, these values indicate the same findings from the
previous study that this is generally a challenging task,
particularly for false negative and false positive
identifications where participant performance is worse than
random chance.

6. RESULTS

As this study extends the work of Alqaraawi et al. [3]
through an additional heatmap condition, the data gathered
in the user study above was combined with the data from
the original study and processed again in aggregate. Where
appropriate, the same analysis as in the previous study was
performed so that direct comparisons could be made
between the two. Due to the additional heatmap condition,
post-hoc tests were required. All statistical tests rejected the
null hypothesis at the significance level 0.05.

6.2 Confidence

As well as predicting the outcome, participants were asked
to self-report their confidence that their answer was correct.
The Likert values of extremely unconfident, slightly
unconfident, slightly confident, and extremely confident
were mapped to values 1 to 4 respectively, for numerical
analysis. Consistent with the previous study, the median
was 3, corresponding to the slightly confident response. A
Kruskal-Wallis test showed that confidence did not vary
significantly between different heatmap conditions
(H(5)=3.178, p=0.673).

6.1 Outcome prediction accuracy

This metric measures the ability of participants to correctly
predict the classification outcome of an image when passed
through the CNN. For example, a participant correctly
predicts that an image will be classified as containing a
horse. As in the previous study, participant performance
was assessed based on the proportion of correct predictions
per participant. The results of prediction accuracy are
summarised in Figure 25.

6.3 Mentioned Features

As well as predicting the classification outcome and
indicating their confidence levels, participants were also
asked to indicate which features they thought the classifier
was sensitive to (i.e., contributed to classification) and
which features the classifier ignored (i.e. did not contribute
to classification). These answers were given through free
text to allow for any possible answer and to avoid priming
participants by providing suggestions.

A Shapiro-Wilk test confirmed that this prediction accuracy
was approximately normally distributed (W=0.964,
p<0.01). A Levene’s Test showed performance variances
between groups were similar (F(5,90)=0.882, p=0.497).
Following this, a two-way independent ANOVA was
performed which identified that there were no significant
main effects of heatmap (F(2,90)=3.067, p=0.051) or scores

6.3.1 Excluded Data

No participants from our new dataset were excluded. One
response from one participant was missing due to a
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technical fault. However, two excluded participants from
the original dataset continued to be excluded at this stage,
as their answers indicated they had misunderstood the task.

previous study. This revealed a significant main effect of
heatmaps on the saliency-feature ratio (F(2,88)=12.340,
p<0.01). There was no significant main effect of showing
the scores (F(1,88)=0.788, p=0.380) and no interaction effect
(F(2,88)=0.332, p=0.719).

Furthermore, in the previous study, information on the
ignored features was not used due to misinterpretation of
the question by many of the participants. As such, this
question was still asked during the new study for
consistency (in case it changed the way participants
approached the task) but was not analysed.

A post-hoc Tukey Test indicated significant differences
between both the “no heatmaps” and “multi-scale
occlusion” conditions (p=0.014) and “no heatmaps” and
“LRP” conditions (p<0.01). There was no significant
difference between the “multi-scale occlusion” and “LRP”
conditions (p=0.068). As participants had higher saliencyfeature ratios in the LRP (µ=0.840, σ=0.154) and occlusion
(µ=0.711, σ=0.218) conditions, this suggests that both LRP
heatmaps and multi-scale occlusion heatmaps encouraged
participants to mention more saliency-features than when
no heatmap was present (µ=0.546, σ=0.284). This data is
summarised in Figure 26.

6.3.2 Analysis approach

A deductive (top-down) approach to coding was adopted,
using the codebook from the previous study. Due to the
nature of the study, the responses were only analysed by a
single researcher, though in a larger-scale study multiple
coders would be preferred in order to measure inter-rater
reliability. The previous dataset had both raw and coded
answers available which was used to ensure consistency
when coding the new data.
These codes belong to two groups saliency-features and
general-attributes. Saliency-features are codes that relate to
localised features within the image and can therefore be
represented through a heatmap. Examples codes include
eyes and legs. Conversely, general-attributes refer to
features which are properties of the whole image. Example
codes include image quality or background. In the previous
study, the codes were separated this way to compare the
localised features that heatmaps may have highlighted
(saliency-features) to more general ones that heatmaps
would not have highlighted (general-attributes).
Though mostly deductive, one new code, neck, was added
inductively as it appeared 17 times across multiple
participants in the new data. As such, it was deemed
significant enough it should be a separate code. There were
2 responses including neck in the previous dataset which
were updated to reflect this new code. Neck was considered
a saliency-feature.

Figure 26: The average participant saliency-features ratio for
each condition. Both LRP heatmaps and multi-scale occlusion
heatmaps lead to a significant increase compared to no
heatmaps (left). Scores had no significant effect on saliencyfeatures ratio (right).

To further analyse mentioned features, the percentage of
responses containing each code was calculated. This
normalises the frequency across codes and conditions,
allowing for direct comparison. The results for cats are
summarised in Figure 27 and the results for horses are
summarised in Figure 28. Overall, the multi-scale occlusion
heatmaps seemed to follow a similar trend to the LRP
heatmaps in terms of which features they encouraged
participants to mention the most. However, the multi-scale
occlusion heatmaps seemed to consistently encourage more
general-attribute features to be mentioned compared to the
LPR heatmaps. Additionally, among saliency-features,
there are some examples where more general features are
favoured over more specific ones. For example, the face
feature was mentioned more with multi-scale occlusion
heatmaps than LRP heatmaps for both cats and horses.
More specific facial features – such as eyes, ears, and nose
for cat and mouth and nose for horse – were mentioned
more with LRP heatmaps.

6.3.3 Analysis results

As per the previous study, to accommodate the fact that
usual answer length (total number of features mentioned)
tended to vary by participant, the saliency-features ratio is
considered for analysis. This is the ratio of saliencyfeatures to general-attribute features, obtained by dividing
the number of mentioned saliency-feature codes by the
number of all saliency-feature and general-attribute codes
identified from their response. A value greater than 0.5
indicates that most features mentioned were saliencyfeatures.
A Shapiro-Wilk test showed that the saliency-features ratio
between groups were not normally distributed (W=0.916,
p<0.01). A Levene’s test showed there were statistically
significant differences between groups (F(5,88)=3.056,
p=0.014). To account for the non-normal distribution, a
white-corrected coefficient covariance matrix [42] was used
in a two-way independent measures ANOVA, as in the
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Figure 27: the percentage of cat responses containing the different saliency-features (top) and general-attributes (bottom) for the
different heatmap conditions LRP heatmaps, multi-scale occlusion heatmaps and no heatmaps

Figure 28: the percentage of horse responses containing the different saliency-features (top) and general-attributes (bottom) for the
different heatmap conditions LRP heatmaps, multi-scale occlusion heatmaps and no heatmaps.
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7. DISCUSSION

participants may have answered partly according to their
internal assumptions as opposed to solely based on the
visualisations provided. Further research may help establish
whether this is true.

Overall, versus no heatmap, multi-scale occlusion heatmaps
did not lead to a significant improvement in prediction
accuracy but did elicit a higher ratio of mentioned saliencyfeatures. These results indicate that multi-scale occlusion
heatmaps have the potential to highlight important features
to users but require additional refinement in order to
achieve a significant improvement in prediction accuracy.
Specific metrics are discussed in detail below.

7.2 Confidence

The confidence measures were consistent with the previous
study, that there were no significant differences in
confidence between conditions and that the median value
was “slightly confident”. As such, the performance of
multi-scale occlusion heatmaps is comparable to LRP
heatmaps in terms of making users feel confident.

7.1 Outcome Prediction Accuracy

Neither multi-scale occlusion heatmaps nor LRP heatmaps
were found to significantly increase outcome prediction
accuracy over the no heatmap condition.

7.3 Mentioned Features

The presence of multi-scale occlusion heatmaps did lead
participants to mention significantly more saliency-features
in images compared to no heatmap, indicating that they did
help participants interpret features in the image.

This differs from the previous study in which the heatmap
condition did indicate a significant effect on performance
(F(1,60)=4.191, p=0.045). Namely, that LRP heatmaps led to
a significant improvement in prediction success. One
hypothesis for this is because the new data for the multiscale occlusion heatmaps had greater variance (σ2=0.0144)
than the previous conditions (LRP σ2=0.0121, No heatmaps
σ2=0.0126), it increased the variance within distributions,
affecting the results of the ANOVA. Overall, this study
should be replicated with all conditions tested at the same
time remove any ambiguity in the results.

There was a slight trend that responses from multi-scale
occlusion heatmaps tended to favour general-attributes
over saliency-features compared with the LRP heatmaps.
This indicates that the multi-scale occlusion heatmaps may
have less precision than LRP heatmaps or may favour more
general features. One hypothesis is that, because LRP is
pixel-based [4] as opposed to multi-scale occlusion
heatmaps which are area-based, LRP favours highlighting
finer details in images. LRP heatmaps may also have a bias
towards highlighting edges, due to their use of the
underlying CNN which is often sensitive to edges. This
may explain why LRP heatmaps led to less generalattribute features which cannot be localised to a pixel.
Another notable example of differences in responses
between heatmap conditions was that more participants
mentioned “neck” with the multi-scale occlusion heatmaps
(17) versus LRP heatmaps (2), leading to a new code being
introduced. This further supports the idea that different
heatmaps may promote different features. Further research
should be completed to explore this further and determine if
there are statistically significant differences between the
kinds of codes mentioned based on the heatmap shown.
The dichotomy of saliency-features and general-attributes
was inherited from the previous study and defined as
features that could be localised within a heatmap (saliencyfeatures) and those which could not (general-attributes).
This was based on the behaviour of LRP heatmaps which
are pixel-based and therefore incredibly localised.
However, multi-scale occlusion heatmaps can have much
more coverage than LRP heatmaps, including some
examples where the whole image is returned as equally
important. In this way, the multi-scale nature of this new
technique may actually imply the importance of generalattributes, violating the original basis of the dichotomy and
how it was defined. In future work, these definitions and
subsequent metrics would likely be redefined to better
accommodate the kinds of features each heatmap can
convey.

Figure 29: A boxplot showing the skew of participant accuracy
per condition for all 14 questions

The accuracy per task type (true positive, false negative,
etc.) was also similar to the previous study with true
positive tasks generally answered more accurately than
either false negative or false positive tasks. Accuracy rates
for false negative and false positive tasks remain below
50%, i.e. worse than random, indicating that this is an
inherently difficult task. This may be visible in the negative
skew of boxplots in Figure 29, which suggests that some
questions were harder than others as very few participants
scored above 10. Lowered performance in “false” tasks
may indicate a bias based on personal beliefs about the
capability of these kinds of technologies, especially as the
performance of the classifier used in this study is
intentionally below current industry standards. In this case,
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7.4 Comparisons with LRP

partly through more elegant implementations that were
outside the scope of this work.

As LRP heatmaps (currently a popular and widely used
explanation technique [29]) did not perform significantly
better than multi-scale occlusion heatmaps regarding
prediction accuracy or saliency-features ratio, this suggests
that multi-scale occlusion heatmaps also have the potential
to be useful in real-world applications. However, further
research with significant prediction results is needed to
establish this.

8.2 Limitations of the user study

Due to the timing and budget constraints of this being a
MSc project, it extended a previous study rather than
replicating it. A serious limitation of this was that the
control condition (no heatmaps) was not collected at the
same time as the new data. Instead, the control condition
was measured roughly 2 years prior to this study as part of
the original study. Therefore, there may be confounding
variables related to the passage of time that cannot be
identified and may have adversely affected the results of the
study. In future work, to minimise confounding variables,
the study should be replicated completely, with all
conditions performed at once.

Given the variations in the qualitative responses, with
multi-scale occlusion heatmaps seeming to favour more
general features, there may be different situations where
one heatmap technique is more appropriate given the nature
of the underlying image data. Furthermore, multi-scale
occlusion heatmaps can be applied to any opaque-box
system while LRP heatmaps require access to the trained
CNN network. As such, even if LRP heatmaps were to
perform significantly better, multi-scale occlusion heatmaps
may still be of use in situations where the underlying
classification system is unknown or inaccessible. Further
research could explore the different applications of these
heatmaps and when each technique is most valuable.

There were also some participants that failed the initial
screening questions involving identifying a false positive/
true positive classification for a given example. As this was
not a basis for excluding participants in the previous study,
they were not excluded from this study. However, if they
misunderstood the terminology and the task, it may have
affected their performance. In total, 8 of 32 participants
failed one or both of these questions so this may well have
had a significant impact on the overall results. In future
work, participants that fail the screening task should be
removed to eliminate any uncertainty.

8. LIMITATIONS AND FUTURE WORK
8.1 Limitations of the algorithm

While different scale data was combined within a single
tree, in future work, it would be valuable to combine the
different offset data into a single tree as well and process
this data-structure to establish the optimal heatmap. This
may allow for more sophisticated methods for finding the
optimum offset as opposed to aggregating the best 𝑁
heatmaps according to a heuristic. This could allow for a
more accurate visualisation and a more computationally
effective implementation. From initial investigation, this
proved to be a very difficult problem and so could not be
completed within the scope of this work. An alternative
algorithm that could make use of such a data-structure
would involve each smallest-granularity region “voting” for
the parent (offset) it is best represented by.

9. CONCLUSION

This paper presents a novel explanation technique for
opaque-box image classifiers that accommodates features at
various scales by encapsulating the data from multiple
granularities into a single visualisation.
This technique was evaluated through a user study,
extending the work of Alqaraawi et al. [3], comparing
performance with no heatmaps and LRP heatmaps. While
the multi-scale occlusion heatmaps did not provide a
significant improvement in prediction accuracy (versus no
heatmaps), they did lead to significantly more specific
features being mentioned by participants compared to when
no heatmap was present. The performance of this new
technique was comparable to LRP heatmaps which also
showed no significant improvement in prediction accuracy
but a significant increase in mentioned specific features. As
such, this new technique may be a useful addition to the
growing body of XAI research, particularly as it can be
applied to any opaque-box system. However, further work
is required to establish this and to ascertain which situations
this technique is most appropriate for.

Additionally, the infilling implementation – which provides
the replacement for the occluded area – could be improved.
In the user study, the occluded area was filled with grey to
ensure consistency with another paper that was eventually
not used for comparison. However, even the
implementation using the average of neighbouring pixel
colours could be refined further. For example, generative
inpainting techniques [43] could be used that would
effectively erase the area without adding new artefacts to
the image. This is important as discontinuities (where the
colour suddenly changes) may appear to the classification
system as an edge, being interpreted as the addition of
something new rather than simply the absence of the
original feature.
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APPENDIX
A1. Information Sheet and Consent Form

These were presented at the start of the study. Participants could not advance if they did not accept.
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A2. Task Instructions and Screening Questions

These were slightly adapted from the previous study, as described in the paper above, but mostly reuse the implementation by
Ahmed Alqaraawi et al. [3]. These examples show what would have been seen for someone in the condition with scores.
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A3. Task Examples

The heatmaps were produced as part of this study and some instructions slightly changed, but the task interface mostly reuses
the implementation by Ahmed Alqaraawi et al. [3].
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A4. Code Book

Below is the code book used. It is mostly from the previous study[3] but with updates from this study highlighted in blue.
Simple Name

Code

Specific

Simple Name

Legs

Â§1

TRUE

Legs

Legs

Paws

Â§11

TRUE

Paws

Paws

Â§0

TRUE

Shapes / Outlines

Overall shape

Horse torso, overall shape of cat, side profile of
horse, body

&9

FALSE

Generic Shapes

Basic shapes (circles
etc)

Straight lines, spots

Head

Â§21

TRUE

Head

Head shape

Face

Â§211

TRUE

Face

face

Horns

Â§245

TRUE

Horns

Horns

Eyes

Â§22

TRUE

Eyes

Eyes / eye shape

Mouth

Â§23

TRUE

Mouth

Mouth / snout

Ears

Â§24

TRUE

Ears

Ears

Nose

Â§25

TRUE

Nose

Nose

Whiskers

Â§251

TRUE

Whiskers

Whiskers

Hair

Â§26

TRUE

Hair

Hair

Tail

Â§27

TRUE

Tail

Tail

Belly

Â§28

TRUE

Belly

Belly

Posture

Â§29

TRUE

Posture

posture related
shape

Texture

&7

FALSE

Texture

texture

Fur

Â§31

TRUE

Fur

Fur (inlc. Texture)

Equipment

Â§7

TRUE

Equipment

Humans

$8

FALSE

Humans

Image
Quality

&1

FALSE

Image Quality

Colour

$2

FALSE

Colour

Colour

Size

$3

FALSE

Size

Size

Spatial

&4

FALSE

Spatial

Perspective/ Spatial
composition
/position

Background

&5

FALSE

Background

Background/Context
(not contrast!)

Animals Back

Â§100

TRUE

Animals Back

Back of animal

Neck

Â§32

TRUE

Neck

Neck

Shapes /
Outlines
Generic
Shapes

More Explanation

people / Rider
/saddle
lighting/ contrast/
blur/ noise/
occlusion
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Talking about the face in general, "facial details"
or "facial features" - more specific sub feature
use other codes below

Including mane but not fur

walking, standing, eating, moving
When talking about texture but not about a
specific feature, includes stripes if fur not
specified
When talking about the fur, often including the
texture of the fur
Leash and other equipment used for animal including saddle, carriage
Any kind of people present in the image
Everything were they talk about the general
image quality but nothing specific, includes
cropping
Talking about colours in general but also specific
features having a specific colour. Yellow fur
would be coded as
Including Length hight etc Including proportions
(one object compared to the other) but not, e.g.
"long legs"
How the picture was taken, what’s in the centre,
what is far away, viewing angles etc. OR Where
something is in the picture or where something
is in relation to something else
Generally referring to background or
surroundings but also objects that are clearly
background related such as trees and gras.
Including Shadows / Shades

A5. Example Raw Data

This is an excerpt of the data gathered as part of this study. The dataset for the previous study [3] is available at
https://rdr.ucl.ac.uk/articles/dataset/Evaluating_Saliency_Map_Explanations_for_CNN/11638275/2?file=21114780.
Please note, for analysis purposes, this data uses symbolic representations for codes that align with the codebook above.
Participant
Id

Condition

Heatmap

Scores

Question
Id

Task
Type

Certainty

Sensitive Features

Specific
Features

Count
Specific
Features

Count All
Features

More
Specific
Than
General

56

s3_Occl_nS

OCCLUSION

FALSE

1

TP

56

s3_Occl_nS

OCCLUSION

FALSE

2

TP

56

s3_Occl_nS

OCCLUSION

FALSE

3

56

s3_Occl_nS

OCCLUSION

FALSE

56

s3_Occl_nS

OCCLUSION

FALSE

56

s3_Occl_nS

OCCLUSION

56

s3_Occl_nS

56

s3_Occl_nS

56

2.5

Â§1 Â§0

TRUE

2

2

TRUE

TRUE

3.5

Â§1 Â§0 Â§26

TRUE

3

3

TRUE

FALSE

FP

2.5

Â§1 Â§0 Â§211

TRUE

3

3

TRUE

TRUE

4

FN

1.5

Â§1 Â§0 $2

TRUE

2

3

TRUE

FALSE

5

FN

2.5

Â§1 &1

TRUE

1

2

FALSE

FALSE

FALSE

6

TP

3.5

Â§1 Â§0

TRUE

2

2

TRUE

TRUE

OCCLUSION

FALSE

7

FP

2.5

Â§1 Â§0 Â§211

TRUE

3

3

TRUE

FALSE

OCCLUSION

FALSE

8

TP

3.5

&7 &1

FALSE

0

2

FALSE

TRUE

s3_Occl_nS

OCCLUSION

FALSE

9

FP

2.5

&7 Â§31 &1

TRUE

1

3

FALSE

FALSE

56

s3_Occl_nS

OCCLUSION

FALSE

10

FP

1.5

&7 &1

FALSE

0

2

FALSE

TRUE

56

s3_Occl_nS

OCCLUSION

FALSE

11

FN

3.5

&7 &1

FALSE

0

2

FALSE

TRUE

56

s3_Occl_nS

OCCLUSION

FALSE

12

FN

2.5

Â§211 &7 &1

TRUE

1

3

FALSE

FALSE

56

s3_Occl_nS

OCCLUSION

FALSE

13

TP

2.5

&7 &1

FALSE

0

2

FALSE

TRUE

56

s3_Occl_nS

OCCLUSION

FALSE

14

TP

3.5

Â§25 &7 $2

TRUE

1

3

FALSE

TRUE

57

s3_Occl_S

OCCLUSION

TRUE

1

TP

3.5

Â§1 Â§22 &4

TRUE

2

3

TRUE

TRUE

57

s3_Occl_S

OCCLUSION

TRUE

2

TP

2.5

Â§1 Â§0 Â§22

TRUE

3

3

TRUE

FALSE

57

s3_Occl_S

OCCLUSION

TRUE

3

FP

2.5

Â§1 Â§0

TRUE

2

2

TRUE

TRUE

57

s3_Occl_S

OCCLUSION

TRUE

4

FN

3.5

Â§1 &4

TRUE

1

2

FALSE

FALSE

57

s3_Occl_S

OCCLUSION

TRUE

5

FN

2.5

Â§1 Â§0

TRUE

2

2

TRUE

FALSE

57

s3_Occl_S

OCCLUSION

TRUE

6

TP

2.5

Â§1 Â§211 &4

TRUE

2

3

TRUE

TRUE

57

s3_Occl_S

OCCLUSION

TRUE

7

FP

3.5

&4 Â§32

FALSE

1

2

FALSE

FALSE

57

s3_Occl_S

OCCLUSION

TRUE

8

TP

2.5

Â§1 Â§0 Â§22

TRUE

3

3

TRUE

TRUE

57

s3_Occl_S

OCCLUSION

TRUE

9

FP

3.5

Â§0 Â§211 Â§31

TRUE

3

3

TRUE

FALSE

57

s3_Occl_S

OCCLUSION

TRUE

10

FP

3.5

Â§0 Â§22

TRUE

2

2

TRUE

FALSE

57

s3_Occl_S

OCCLUSION

TRUE

11

FN

1.5

Â§0 Â§211 Â§27

TRUE

3

3

TRUE

FALSE

57

s3_Occl_S

OCCLUSION

TRUE

12

FN

0.5

Â§0 Â§22

TRUE

2

2

TRUE

FALSE

57

s3_Occl_S

OCCLUSION

TRUE

13

TP

2.5

Â§0 Â§211 Â§24

TRUE

3

3

TRUE

TRUE

57

s3_Occl_S

OCCLUSION

TRUE

14

TP

2.5

Â§1 Â§24

TRUE

2

2

TRUE

TRUE

28

Correct

