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Abstract

The demand for explainable Al continues to rise alongside advancements in deep learning technology. Existing methods such
as convolutional neural networks often struggle to accurately pinpoint the image features justifying a network’s prediction
due to low-resolution saliency maps (e.g., CAM), smooth visualizations from perturbation-based techniques, or numerous
isolated peaky spots in gradient-based approaches. In response, our work seeks to merge information from earlier and later
layers within the network to create high-resolution class activation maps that not only maintain a level of competitiveness
with previous art in terms of insertion-deletion faithfulness metrics but also significantly surpass it regarding the precision in

localizing class-specific features.

Keywords Explainable Al - Deep learning - Convolutional neural networks - Feature localization - High resolution class

activation map

1 Introduction

We currently face unprecedented advances in the domain
of artificial intelligence, primarily driven by developments
in deep neural networks (DNNs). However, in contrast to
techniques based on handcrafted features, DNNs often lack
transparency and explainability [1]. The need to assess a
posteriori the behavior of a model has led to the develop-
ment of explainable artificial intelligence (XAI) methods,
ranging from the development of more transparent model
architectures [2] to post-hoc methods (explanation, by exam-
ple of black-box methods). Those methods have primarily
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been developed for convolutional neural networks (CNN),
without addressing the sampling specificities and transmis-
sion issues raised by neuromorphic computing architectures
[3-5]. A detailed review of the approaches that have been
investigated to explain a CNN is provided in [6].

Saliency maps visualization has been adopted as a con-
venient approach to identify the image parts justifying the
network prediction. Those saliency maps are helpful to check
that the predictions of a model are grounded on relevant infor-
mation. It is indeed known that training convergence alone
does not exclude undesired DNN predictions [7], typically
because the model has learnt inputs/outputs correlations that
do not correspond to the desired meaningful causal relation-
ship. An example of undesired behavior is the one of an image
classifier that relies on a source tag present in about one-fifth
of the horse figures to detect horses, and inserting the tag on
an image of a car changes the classification from car to horse.

Alternatively, when sufficiently accurate, the localization
of salient features could convince a user that a model works
properly, i.e. uses relevant cues, or could even help in identi-
fying the parts of a signal that are relevant to solve a problem,
e.g. help amedical doctor in identifying the X-ray visual cues
that permit to anticipate the evolution of a treatment.

Various techniques are available to define class-specific
saliency (i.e. specific to a given output class) including
perturbation-based analysis [8], gradient-based techniques
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[9, 10], Class Activation Mapping techniques [11-14], or
combination of these techniques [14—16]. As demonstrated
in our experimental section, existing Class Activation Maps
[11] methods are limited in resolution, while gradient-based
techniques are generally subject to noise and thus produce
saliency maps composed of a large number of widespread
peaky spots.

In a preliminary conference paper, we introduced a
method called Poly-CAM [17] to generate high-resolution
class activation maps without relying on gradient backprop-
agation and thus limiting the noisiness of the map. This
method is achieved by multiplexing the high-resolution acti-
vation maps available in the early layers of the network with
oversampled versions of the class-specific activation maps
computed in the later layers of the network.

In this paper, we develop the method in more detail,
including the application of a novel channel-wise perturba-
tion method to generate the class activation maps weighting
factors speeding-up the saliency map computation. Addi-
tional results are also provided, with industrial application
perspective discussion. The source code to reproduce the pro-
posed method is available at https://github.com/aenglebert/
polycam.

The shared elements between the present paper and the
conference paper include:

e A perturbation-based approach that is able to generate
high-resolution saliency maps without relying on some-
how erratic gradient back-propagation.

e An in depth study of our recursive high resolution refine-
ment of saliency maps on the 2012 ILSVRC dataset.

The novel contributions from this paper are:

e The implementation of novel perturbation mechanism
that is based on the ablation of feature maps, thereby
reducing the complexity of Poly-CAM to the one of a
conventional Score-CAM.

e A additional comparison between input and feature maps
perturbations on 2012 ILSVRC dataset.

e An exploration of the applicability of the method on
industrial images.

e An ablation study on the LNorm operation.

Similarly to previous works addressing the CNN explain-
ability question, our study suffers from the lack of a definitive
objective quantitative metric to assess the quality of the gen-
erated saliency patterns [18]. However, as depicted in Fig. 1,
the visual inspection of the maps reveals that it is able to high-
light fine semantically meaningful details that are expected
to contribute to the model decision. Moreover, the results
obtained in terms of insertion-deletion faithfulness metrics,
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Fig. 1 An example of saliency maps produced for the class "Spider
web" by a few XAI methods. The proposed Poly-CAM approach can
generate high resolution class activation maps in comparison to previous
methods

recommended as the most relevant quantitative metric in ear-
lier works [13, 14, 19, 20], are also in favor of our method.

2 Related work

Various strategies allow visualization of the image features
contributing to the class prediction of a CNN.

Perturbation-based methods use multiple perturbations of
the input image, and monitor the changes they induce at the
output of the model to build a saliency map. Those methods
range from occlusion techniques, which recursively occlude
patches of the input [8], to more elaborate perturbations such
as Randomized Input Sampling for Explanation of Black-box
Models (RISE) [19], which generate many random masks
normalized between O and 1, to be weighted by the class-
specific softmax output obtained when the input image is
multiplied by the mask. These methods result in smooth
masks and are computationally intensive, especially when
the resolution of the saliency map increases.

Gradient-based methods use the back-propagated gradi-
ent of the neural network to identify regions in the input
image that largely impact the prediction. Those methods
however suffer from gradient shattering [21], which results
in a noisy saliency map. To mitigate this problem, a vari-
ety of approaches have been implemented to smooth out the
gradient signal. They include Integrated Gradient [9], which
integrates the gradient for multiple interpolations between a
baseline and the input image, or SmoothGrad [10], which
averages gradient for multiple perturbed variations of the
input image.

Class Activation Map [11] was initially designed as a
linear combination of activations from the last convolu-
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tional layer, weighted by the parameters of a fully connected
classifier, taking as input the global average pooling of
each channel in this last convolutional layer. Multiple meth-
ods were introduced based on alternative definitions of the
weights. Grad-CAM [12] and derivative methods [13, 22]
define the weights based on gradients backpropagated up to
the last convolutional layer. Score-CAM defines the weight
of a channel based on the softmax output associated to the
target class when probing the model with a version of the
image masked by the activation channel. In a sense, it mixes
CAM methods with perturbations methods [14]. Multiple
methods expanding this concept are also described such as
SS-CAM [20], IS-CAM [23] or Augmented Score-CAM
[24]. Ablation-CAM [25] propose to apply the perturba-
tion inside of the network by alternatively switching off
each channel at the last convolutional layer and evaluate
the change in classification. Methods such as FD-CAM [26]
use a grouped channels switching to compute the scores,
this consist of performing the Ablation-CAM switching pro-
cess on groups of channels instead of isolated channels. The
score obtained is also combined with backpropagated gradi-
ent. Overall, Class Activation Map methods are less noisy
than pure gradient-based methods but are coarser, with a res-
olution limited to the resolution of the last convolution layer.
This can be seen in Fig. 1 and Sect. 4.3.1 with SmoothGrad
[10] and IntegratedGrad [9] as examples of gradient meth-
ods, and GradCAM [12] and FD-CAM [26] as examples of
classical CAM methods.

To produce CAM at higher-resolution, [27] proposed
training an expansion network on a segmentation task using
CAM supervision to produce a saliency map.

This has the drawback that the definition of the archi-
tecture of this expansion network is specific for a given
model architecture, thereby requiring specific training for
each model and dataset to explain. At the time of writing,
this expansion network is only defined for DenseNet [28]
and trained on a subset of animal labels of ImageNet [29],
available at https://github.com/djib201 1/high-res-mapping.
Very recently, Layer-CAM [16] and Zoom-CAM [15] have
proposed to generate high-resolution CAM by combining
back-propagated gradients with activations from multiple
layers, using element-wise multiplication. The two methods
improve the resolution of the maps but also inherit some noise
from the gradients.

In our preliminary conference paper, we introduced Poly-
CAM, an original method to compute high-resolution acti-
vation maps without using gradients, nor requiring to train a
specialized network. The main contribution was the process
to leverage the activation from multiple layers to increase the
resolution of the Class Activation Map up to the one of the
input image.

This paper extends the preliminary version of the method
by introducing a new algorithm that uses a perturbation at the

channel level in combination to the aforementioned combi-
nation of layer activations.

3 Proposed Poly-CAM approach

This section presents the core contribution of our work. Sec-
tion3.1 introduces the notations and variables required in
the rest of the text, while Sect.3.2 reviews the formal def-
inition of the conventional Class Activation Map method,
which serves as a baseline to our work. Section 3.3 then intro-
duces our Poly-CAM approach, which proposes to generate
a high resolution class activation map by recursively multi-
plexing the high-resolution activation maps available in the
early layers of the network with upsampled versions of the
class-specific activation maps computed in the last layers of
the network. Eventually, Sect. 3.4 introduces three different
methods to associate a weight to each layer activation channel
by masking/unveiling the input based on the channel acti-
vation. Section3.5 considers a channel switching strategy,
meaning that the perturbation is not performed at the input
level but directly inside of the network by zeroing specific
channels.

3.1 Notations

Let fo (X) denotes the prediction of a CNN with parameters
©® when the image X is provided as input. In the following,
for conciseness and because we are interested in analyzing
a trained network (parameters ® are fixed), we omit ®, and
justuse f(X) to refer to the CNN prediction associated to X.
f(X) is a vector, defined by the output of a softmax. f.(X)
denotes the component of f(X) corresponding to the class
c.

A; denotes the activation tensor of the /' convolutional
layer, 1 <[ < L, while Af refers to the activations of the
k-th channel of layer /.

s7 denotes the subsampling factor of layer / compared to
the input. It corresponds to the product of stride and pooling
factors encountered between the input and layer /.

i (M, s) defines a bilinear upsampling of a matrix M €
R™*" by a factor s € N.

Yav (M, s) denotes a 2D average pooling on any matrix
M e R"™*" with a stride s € N.

u(M) linearly maps the value range of the elements in
matrix M to the unit interval.

@ denotes the element-wise division operator, while ©
denotes the element-wise product operator.

LNorm(M, s) is a local normalisation operator. It parti-
tions the matrix M € R™*" in a set of non overlapping blocks
of size s x s, with s € N, and divides each matrix element by
the mean value of its corresponding block. Formally, using
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the above notations,
LNorm(M,s) =M @ (Tpi (Jav (M, 5),5)). (H
ReLU denotes the rectified linear unit operator [30].

3.2 Activation maps in previous work

In [11] CAMF, the Class Activation Map associated to a
target class ¢ and a layer / is defined as

CAM{ = ReLU <Z wl,k(c)Af) , )

k

with A¥ denoting the k™" activation map of the I convolu-
tional layer,/ € 1, ..., L, and w; i (c) being a scalar weighting
factor.

Most of the CAM-based methods [10, 12-14, 20, 23, 25,
26], adopt this formula. They differ in the way they define the
weighting factors, and generally only consider it for the last
convolutional layer (I = L). Alternatively, Zoom-CAM and
Layer-CAM have proposed to combine activation maps from
multiple layers, using gradients as dense weighting factors.
Our work also combines multiple activation maps, but does
it without back-propagated gradients, thereby managing to
produce high-resolution saliency maps without inheriting the
noise from the gradient. As demonstrated by our results in
Sect.4.2 and 4.3.1, this has a huge impact on the visual
quality of the saliency maps.

3.3 Our proposed Poly-CAM

It is common that CNNs handle layers at multiple scales/
resolutions [31, 32], e.g. to reconstruct images [33] or con-
catenate features [34].

Our method leverages information from multiple those
multiple scale layers to produce a high resolution Class Acti-
vation Map. Similar to other CAM-based techniques, it builds
on the linear combination of activation maps, but combines
them through a backward recursive procedure, as depicted in
Fig.2.

Letting P denote the class-specific saliency map associ-
ated to class ¢ in the [!” layer, the recursive process works as
follows. In the initial step, the saliency map Py is defined to
be equal to the conventional C AMj saliency map, as derived
from Eq. (2). Then, at each recursive step, an upsampled ver-

sion of P, , is tuned (or modulated) by a locally normalized

+
version of the activation map in the /'’ layer. Mathematically,

we have:
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Fig.2 Our Poly-CAM process: the upsampled version of the saliency
map in layer / is tuned based on the class activation map of layer [ — 1.
Image samples correspond to the ’cat’ class, and are computed from
VGG16[35]

c

CAM; forl =L
Pf =

LNorm(CAME, %) © 1y (Pfy, %) forl <l <L-1"
3)

with CAMj defined in Eq. (2), and s; defining the sub-
sampling factor of layer ! compared to the input. The
class-specific weights wy x(c) involved in Eq.2 to define
CAM IC are defined in Sect.3.4 and 3.5, based on perturba-
tions related to the content of the (/, k) channel.

Intuitively, Eq. (3) can be understood based on the follow-
ing two observations. First, the element-wise multiplication,
between the upsampled (and thus smooth) saliency map of
layer [ + 1 and the activation map in layer /, aims at restrict-
ing the large saliency values in layer / + 1 to the locations
that are activated in layer /. Second, the local normalization
(L Norm) of the activation map aims at preserving the spatial
distribution of saliency across the layers. It ensures that an
image block with large saliency in layer 1+1 has also a large
saliency in layer I, even if the level of activation in this block
is small compared to the rest of the image. This is meaningful
since the backpropagated saliency should be predominant to
assign a saliency level to a spatial region in layer 1, while the
activation in layer 1 should simply control the increase in res-
olution, by tuning the smooth saliency signal inherited from
coarser layers based on the local variations of the activation
map.

Our ablation study in Sect.4.5 confirms the critical role
played by the LNorm operator.

This paper also extends the preliminary version of the
method by a new algorithm that uses a perturbation at the
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level of the channels in combination to the aforementioned
combination of layers activation

3.4 Input perturbation for weight definition

This section presents different alternatives to define the
weights wy ¢ (c), used in Eq. (2), by using a masking of the
input image.

Channel-wise Increase of Confidence Score-CAM [14], SS-
CAM [20] and IS-CAM [23] define wy x(c) based on the
so-called Channel-wise Increase of Confidence (CIC), which
estimates how the spatial support of the activation map A;‘
contributes to the softmax output f.. Formally, the channel-
wise increase is denoted w;fk(c), and is defined as:

wffk(c) = f; (X Qu (Tbi (Aé{ Sl))) — fe (Xp), “4)

with O denoting the pixel-wise product, and X, referring to
a baseline image. Previous works have considered baselines
that are uniform black, uniform grey, or a blur version of X.
In the following, f.(Xp) is set to zero in all experiments.

Our work proposes two extensions of (4), respectively to
measure how the softmax output decreases when masking
a fraction of the input, and to sum-up the increase and the
decrease associated to the unveiling and the masking of the
input. Those new weights are defined as follows.

Channel-wise Decrease of Confidence The Channel-wise
Decrease of Confidence (CDC) is a dual notion compared
to C1C. Instead of measuring the increase of softmax output
when the part of the input corresponding to non-zero A;‘ is
unveiled and the remaining is masked, CDC measures the
decrease of softmax output when the part of the input corre-
sponding to Ai is masked. The intuition is that an important
part of the input for any class ¢ not only increase the out-
put when shown, but should also decrease it when hidden.
Formally,

w(©) = ReLU(£eX) = fo (X © (1= (15 (4f.5)))))
o)

ReLU is applied to only keep the activation maps that
decreases the output when removed.

Channel-wise Variation of Confidence By combining the
CIC with the CDC, the Channel-wise Variation of Confi-
dence (CV C) is defined. As,

W} () = ReLU(fe (X0 + fe (X O u (i (4f.51)))

xo(iu( () o

The Channel-wise Variation of Confidence is influenced by
the ability of the activation map to increase the softmax out-
put when inserted, but also by its ability to decrease it when
removed.

3.5 Channel perturbation for weight definition

Similarly to FD-CAM [26], we propose to define the weight
wy k(c) by perturbing the [’ layer rather than the input.
Therefore, channels of a convolutional layer are grouped
together based on their similarities. We computed the cos
similarity between an activation map A;‘ and every activa-

tion maps Aé‘/ from the same layer /, with k # k’.

k 1% 'Ulk.v;(/
cos(A 7A1 ) = TR (7
oy 111y |l

with vlk and ka, as the vectors obtained after flattening Af‘
and A;‘/. For each channel in a layer, we identify a the prede-
fined percentage « of channels in the same layer with highest
cosine similarities. The subset of channels that are similar to
channel k in layer / is denoted Sk ; (for the sake of simplicity,
we omit the dependency on the input image X in the nota-
tion). We let f; s, ,(X) denote the class-specific output of the
model f when all the activation maps in layer / are dropped,
i.e. all values are set to zero, except for the maps in Sg g,
which are kept untouched. Similarly, f,. 150 (X) denotes the
model f. when the activations maps of the layer / remain
untouched, except for ones in S ; that are set to zero.

We use an approach similar to the one adopted in Eq. 6 to
define the w; x(c). This weight is denoted wl@f (¢), where ¢
refers to the fact that it is obtained by setting some channels
to zero. Formally,

w/(©) = fe(X) = fo, 5,00 + fis, (X). ®)

4 Experiments

Four variants of the Poly-CAM method introduced in
Sect. 3.3 and Sect. 3.5 are considered, depending on whether
W,  is defined to be equal to w;fk (PCAM™), wlf « (PCAM™),
wj, (PCAM®) or w/f (JPCAM).

We follow the assessment method described in [13] and
[19] to evaluate our proposal. This assessment consists of
evaluating a defined number of images using insertion and
deletion metrics, as described in Sect.4.1 and Sect.4.3.
Datasets, networks, and baseline methods are presented in
Sect.4.1. Qualitative and visual assessment is presented in
Sect. 4.2, while quantitative assessment of the saliency maps
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is considered in Sect.4.3. Section4.4 presents the results of
the Sanity check and robustness metrics. An LNorm ablation
study is carried out in the Sect.4.5. We assessed the speed
of execution in Sect.4.6. Section4.2.3 explores the usage of
the proposed method to an industrial use case.

4.1 Experimental set-up and saliency map baselines

For these evaluations, 2000 images were randomly selected
from the 2012 ILSVRC validation set [29]. The images are
scaled to 224x224x3 pixels and normalized to the same
mean and standard deviation as the ImageNet [29] training
set (mean vector: [0.485, 0.456, 0.406], standard deviation
vector [0.229, 0.224, 0.225]). The models used for faith-
fulness evaluation are VGG16 [35] and ResNet50 [36],
both pretrained from the PyTorch model zoo. The anal-
ysis considers, as reference baselines, Grad-CAM [12],
Grad-CAM++ [13], Smooth Grad-CAM++ [37], Score-
CAM [14], SS-CAM [20], IS-CAM [23], Zoom-CAM
[15], Layer-CAM [16], Occlusion [8], Input X Gradient
[38], FD-CAM [26], Integrated Gradient [9], Smooth-
Grad [10] and RISE [19]. The implementations for these
methods are the ones from Captum [39] for Integrated
Gradient, SmoothGrad and Occlusion, from https://github.
com/eclique/RISE for RISE, from https://github.com/X-
Shi/Zoom-CAM for Zoom-CAM, from https://github.com/
crishhh1998/FD-CAM for FD-CAM and from torchcam [40]
for all the other CAM-based methods.

For SS-CAM, IS-CAM, FD-CAM, LayerCAM and Zoom-
CAM, SmoothGrad and IntegratedGradien, the parameters
recommended by the authors or set as default in the reference
implementation have been used when available. ! For FD-
CAM, the source code was not compatible with architectures
other than VGG at the time of writing without modifica-
tions. The experiments were thus limited to VGG16 for this
method. For Occlusion, the size of occlusion patch was set
to (64, 64) with a stride of (8, 8) as used by [19]. For RISE,
6000 masks were used.

For the Poly-CAM methods (PCAM™T,PCAM™, PCAM®,
@PCAM), the layers corresponding to a change in resolu-
tion were considered to recursively compute the saliency
map as depicted in Fig.2. It corresponds to [blockl_conv2,
block2_conv2, block3_conv3, block4_conv3, block5_conv3]
for VGG16, and [convl_1, conv2_3, conv3_4, conv4_6,
conv5_3] for ResNet50. For #PCAM, « was set to 0.05, fol-
lowing previous works[26].

! It means 35 input perturbations (with a 0 = 2 Gaussian noise) for
SS-CAM, 50 input perturbations (with a ¢ = 1 Gaussian noise) for
SmoothGrad, 10 interpolation steps for IS-CAM, threshold at 0.95 for
FD-CAM and 50 for IntegratedGradient. For Layer-CAM, the layers
corresponding to a change in resolution were used, and recommended
scaling has been applied to the first two layers. For Zoom-CAM, all the
layers/blocks were fused for VGG16 and ResNet50.
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Fig. 3 Layer refinement of PolyCAM method for the four proposed
variants. The high frequency details appears progressively during the
iterative process

4.2 Visual qualitative assessment

This section assesses our method visually. Saliency maps
were generated for all the baseline methods (see Sect.4.1)
on the 2000 selected images using VGG16 model. For the
Poly-CAM methods, saliency maps were also generated for
each target layer. An interactive interface is provided with
the source code as a jupyter notebook, in addition to the
source code, to allow an easy visualisation of any of the
saliency maps generated in our experiments. Section4.2.1
compares the three Poly-CAM variants, as a function of the
layer index and targeted class. A comparison with previous
works is shown in Sect.4.2.2.

4.2.1 PCAM variants

PCAM produces saliency maps at various resolutions. Fig-
ures2 and 3 show how Poly-CAM progressively refines the
lastlayer saliency map through a backward recursive strategy.
We observe that the structures are coarse at block5_conv3,
to gain in accuracy when accounting for earlier network
layers, doubling the resolution at each step. The elements
highlighted by the three variants are similar on the major-
ity of images. However, variations appear on some images,
PCAM™ highlighting more frequently contextual elements
compared to PCAM™ (and PCAM® sitting between the two).
Intuitively, this can be understood by the fact that the appear-
ance of those contextual features in a baseline image does not
help in classifying the image correctly, while their removal
from the original image hinders the classification. ¥/PCAM
produce similar results with sharper and more thin highlight-
ing.

All Poly-CAM variants are class specific as displayed in
Fig.4, where the saliency maps associated to the the Barn,
Alps and the Ox classes are clearly distinct, with a level
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Fig.4 Class specificity for Poly-CAM. The different classes as correctly determined by the four variants. We can note that PCAM™ is less specific
than the other methods (part of the mountain is attributed to the barn), while PCAM™ is the most specific. In general, the different PolyCAM

methods perform similarly

of accuracy close to segmentation. It is worth noting that
PCAMT is more specific in highlighting the part of the image
related to the class of interest. This is in line with the above
observation that PCAM ™, and a bitless PCAM™, are stronger
in highlighting contextual information.

4.2.2 Comparison with previous works

Saliency maps have been produced for all baseline methods
listed in Sect.4.1. A sample of this comparison is presented
in Fig. 6. For ease of view, this figure restricts to Grad-CAM,
Score-CAM, Integrated Gradient, SmoothGrad, Occlusion,
RISE and the three Poly-CAM variants. A comparison with
all the methods listed in Sect.4 can be found in Appendix.
We can see that Poly-CAM methods accurately identify quite
relevant elements in the image like a spider net or the pipes of
an organ. CAM and perturbation methods cannot achieve this
level of precision, gradient base methods highlight elements
of the image that are not related to the class, while Zoom-
CAM and Layer-CAM increase the resolution but are more
noisy, halfway between gradient and more classical CAM-
based methods. The spotted salamander is highlighted by
all methods but the Poly-CAM methods are the only ones
to identify the spots. The oranges are identified by Poly-
CAM methods while the smile sketched on them is correctly
excluded. This is in contrast with other methods that are
either too low resolution, or do not exclude the smile, while
SmoothGrad seems to give more importance to the smile than
to the texture of the orange.

4.2.3 Industrial defect localization
To illustrate the importance of fine details identification in

the industry, we also performed an experiment involving
defect detection on stone tiles. The used dataset is the Stone

Tiles dataset,” which consists of 605 labeled images of stone
tiles. The labels are either "Good", "Broken", "Damaged" or
"Glued". We split the dataset randomly into a validation set
(10% of the images) and a training set (90% of the images).
We fine tuned a VGG16 model on this dataset, pretrained
on ImageNet from the PyTorch model zoo. The model was
trained for 50 epochs with a fixed learning rate of 0.001,
without early stopping, that’s an accuracy of 89.7%. Score-
CAM and PCAM® were performed on the validation set
images for the classes predicted by the models. We compared
the saliency maps produced by ScoreCAM and the proposed
method for images that are classified as other than "Good",
either correctly or wrongly, to assess if the explanations given
by the two methods allow to better grasp the reasons of the
classification.

Figure 6 show explanation for correct classifications of
stone tiles. Both ScoreCAM and PolyCAM allow to under-
stand the pixels related to a *'Broken’ stone tile in the image
but PolyCAM is more precise. For ’Damaged’ and *Glued’
labels, the area highlighted by Score-CAM are generally very
wide since the defects can be distributed on the whole image.
ScoreCAM maps thus bring little information about what the
model learned to detect theses labels. On the other hand, Poly-
CAM show more fine details for those classes and allow to
identify that the model use the scratches on the surface of the
’Damaged’ tile and the small traces of glue on the *Glued’
tile to make a classification. Figure 7 shows the two samples
that are erroneously classified as defectives. For both images,
Poly-CAM help to identify more precisely than Score-CAM
elements in the images that can be interpreted by the model
as 'Broken’ or ’Damaged’

2 Downloaded from the Euresys website: https://www.euresys.com
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Original image  PCAM+- (ours)  ©@PCAM (ours) ZoomCAM LayerCAM GradCAM FDCAM IntegratedGrad ~ SmoothGrad Occlusion

Leopard Spider web

Pipe organ

Fig.5 Visual comparison of methods (see Appendix for full version). dient [9], SmoothGrad [10], Occlusion [8] and RISE [19]. A description
The compared methods are ours PCAM® and #PCAM, Zoom-CAM of this figure is available in Sect.4.2.2
[15], Layer-CAM [16], Grad-CAM [12], FD-CAM [26], IntegratedGra-

Spotted Salamander

Orange

Table 1 Faithfulness metrics for

Methods VGG16 ResNet50
zlr]agizglofns(:l gg?j{ﬁ;ﬁiﬁ’ Insertion Deletion Ins-Del Insertion Deletion Ins-Del
methods PCAM™ (ours) 0.58 0.17 041 0.67 0.29 0.38

PCAM™ (ours) 0.60 0.16 0.45 0.66 0.27 0.39

PCAM® (ours) 0.61 0.15 0.46 0.67 0.28 0.39

#PCAM (ours) 0.60 0.17 0.43 0.66 0.27 0.39

GradCAM 0.58 0.18 0.40 0.65 0.31 0.35

GradCAM++ 0.57 0.19 0.38 0.65 0.31 0.34

SmoothGradCAM++ 0.54 0.21 0.33 0.63 0.32 0.30

ScoreCAM 0.59 0.19 0.40 0.65 0.31 0.34

SSCAM 0.50 0.23 0.27 0.59 0.36 0.24

ISCAM 0.59 0.19 0.40 0.65 0.32 0.33

FDCAM 0.60 0.20 0.40 - - -

ZoomCAM 0.60 0.14 0.46 0.66 0.29 0.37

LayerCAM 0.58 0.14 0.44 0.65 0.30 0.35

IntegratedGradient 0.41 0.10 0.31 0.52 0.16 0.36

InputXGrad 0.37 0.12 0.26 0.47 0.18 0.28

SmoothGrad 0.54 0.20 0.34 0.62 0.29 0.33

RISE 0.62 0.18 0.44 0.67 0.28 0.39

Occlusion 0.62 0.23 0.39 0.66 0.33 0.33

Insertion (higher is better), deletion (lower is better) and Insertion-Deletion (higher is better) with VGG16
and ResNet50 on the 2012 ILSVRC validation set. Boldface and underline indicate the best result and the
best result amongst CAM-based methods respectively. Comparison of our Poly-CAM methods with gradient
methods: Input X Gradient [38], Integrated Gradient [9], SmoothGrad [10], perturbation methods: Occlusion
[8] and RISE [19], and CAM methods: Grad-CAM [12], Grad-CAM++ [13], Score-CAM [14], SS-CAM [20],
IS-CAM [23], Smooth Grad-CAM++ [37], FD-CAM [26], Zoom-CAM [15] and Layer-CAM [16]. FD-CAM
source code was only compatible with VGG16 at the time of writing

@ Springer



Poly-cam: high resolution class activation map for convolutional neural networks

Page9of16 89

Vg 1A

&)

Original
image

PolyCAM

ScoreCAM

Fig. 6 Correct stone tile classifications explanations. The figure show
representative Poly-CAM and Score-CAM explanations of correctly
classified images of stone tiles using VGG16. Poly-CAM show a more
precise identification of the causal elements of the classification for
the three classes, in particular for Damaged and Glued tiles where the
structures of the scratches and the glue are more clearly identified

True Label Good Good
Predicted Broken Damaged
Original

image e
PolyCAM

ScoreCAM

Fig. 7 False positive images of stone tiles. This figure show explana-
tions of images labeled as good but falsely labeled as broken or damaged.
Poly-CAM supports, i.e. explains, the wrong decision. We can identify
using Poly-CAM that the dark veins are interpreted as fracture lines for
the left image, while the lighter areas are shown as scratches for the right
images. In comparison, Score-CAM also highlight roughly the veins on
the left image, but the explanation on the right image is much less clear

4.3 Faithfulness quantitative assessment

There is still a lack of consensus regarding the metrics to
assess the relevance of saliency maps for explainability [41].
The ability to segment the semantic object justifying the class
label was used as a proxy to evaluate saliency maps [12],
but it has been observed in [19] that the segmentation mask
might not be correlated to the discriminant visual features
justifying the class label. The same authors also introduced
the insertion and deletion metrics to measure the increase
(resp. decrease) in the class softmax output when inserting
(resp. removing) pixels in decreasing order of saliency. These
metrics are widely used in recent works [ 14, 20, 23]. They are
thus considered in this work, even if they remain arguable,
as discussed in the subsequent sections.

4.3.1 Metrics definition

Insertion Formalized by [19], the insertion metric measures
how fast the model softmax output increases when adding
the salient image pixels to a baseline image. The pixels of a
baseline (uniform black/grey or highly blurred version of the
image) are replaced by the image ones in decreasing order
of saliency map value, allowing to define the faithfulness
metric as the area under the curve of the class softmax output,
observed as a function of the proportion of pixels inserted.
The higher the metric the better. A blurred version of the
image is generally preferred to a uniform color baseline, since
it prevents the introduction of sharp artificial edges that might
disrupt the predictions.

Deletion The deletion metric [19] measures the decrease
in class softmax output while removing pixels. The pixels
are progressively removed from the image and replaced by
a baseline using the same logic as the insertion metric. The
intuition behind the deletion metric is that removing the more
important pixels in the saliency map should more rapidly
decrease the softmax output of the target class prediction.
The lower the metric, the better.

Insertion - Deletion A good explanation map should have a
good insertion map and a good deletion map. A combination
of the two scores is thus proposed here by computing the
difference between insertion (higher is better) and deletion
(lower is better) to obtain a combined score that should be
maximized.

It is worth noting that, despite they are widely used,
those metrics have some drawbacks. In particular, the inser-
tion and deletion procedures are likely to result in outliers,
i.e. in images that do not match the distribution of natural
images. To mitigate this problem, as most previous works,
we have used blurred baselines when implementing the inser-
tion/deletion process. However, it is not sufficient to ensure
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Original saliency
assifier_fc3
classifier_fc2
blocks_conv2
blocks_convl
block4_conv3

PCAM+
PCAM-
PCAM+/-

@PCAM

Fig. 8 Cascading randomization of VGG16. Sanity check on Poly-
CAM methods [42]. Progression from left to right corresponds to a
progressive, layer-wise randomization of the network parameters. It
show how the saliency map changes with increasing up to complete
randomization of the VGG16 model, starting by the last layer up to the

that a high correlation between the network prediction and
the salient pixels means that those pixels exactly correspond
to the whole set of class-discriminant visual features. Hence,
these quantitative metrics should never be used as a substitute
for a visual assessment of the saliency map, which remains
the gold standard when comparing saliency map generation
methods.

For the above metrics, 224 steps were performed with 224
pixels inserted or removed at each step. The used baseline for
all the metrics is a blurred version of the input image using
a Gaussian kernel of size 11x11 with a sigma of 5.

4.3.2 Quantitative assessment

Table 1 compares the faithfulness metrics for all methods.
Among the Poly-CAM variants, PCAM* gives the best
results compared to PCAM™, PCAM™ and #PCAM for all
metrics on VGG16. On ResNet50, The results are very close
for all the variants, PCAM™® gives a insertion metric similar
to PCAM™ and slightly superior to PCAM™~ and JPCAM,
while PCAM™ and #PCAM give a better deletion metric
compared to PCAM™ and PCAM®. For insertion-deletion
on ResNet50, PCAME, J)PCAM and PCAM™ are on par.

Interestingly, the insertion metrics of PCAM® is sys-
tematically better than all other CAM-based approaches.
Compared to the non-CAM methods, the PCAM* method
gives similar or better insertion results than perturbation or
gradient methods, respectively.

In terms of deletion, PCAM™ tends to perform better than
most other CAM-based methods, but appears to be weaker
than gradient-based methods. InputXGrad and Integrated-
Gradient achieve at the same time very poor results on the
insertion metric and thus have a poor insertion-deletion. This
is not surprising since gradient-based methods give lots of

@ Springer

block4_conv2
block4_convl
block3_conv3
block3_conv2
block3_convl
block2_conv2
block2_convl
block1_conv2
block1_convl

first layer. The methods are sensible to model randomization, which
mean they pass this sanity check. It is interesting to note that the class
specificity is lost rapidly after randomising the first classifier layer, then
more and more features are lost while randomization progress up to the
first layer of the network

importance to the parts of the input that largely impact the
loss and thus the output. As a consequence, the deletion met-
ric is (trivially) good for those methods since this metric
measures the decrease of output when important parts are
removed from the input. The poor insertion metric however
reveal that the parts that are considered as being important
by gradient methods are not sufficient to explain the network
prediction. This observation reveals the limits of the metrics
when applied to dissimilar kinds of techniques.

4.4 Sanity check and robustness

We followed the method in [42] to implement a sanity check
of our method. It consists in progressive, iterative, layer-wise
randomization of the network parameters while regenerating
an explanation after the randomization of each additional
layer to evaluate the influence of the model’s parameters on
the explanation. So, the PCAM saliency maps have been visu-
alized at each step of a cascading randomization of a VGG16
network, from last to first layer. The purpose of this sanity
check is to verify that the PCAM methods do not work as
edge detectors, and effectively derives class-specific saliency
maps. All PCAM variants successfully passed the test, as
shown in Fig. 8.

To evaluate the robustness of our explanation method, a
sensitivity analysis has also been run, following the method-
ology introduced in [43] and [44]. The approach consists in
assessing the extent of change in the saliency map produced
when small perturbations are introduced into the input image.
A method with a higher sensitivity is more prone to adver-
sarial attacks. This is important to evaluate in the objective
of real world application where adversarial attacks are pos-
sible [45, 46]. Results are presented in Table 2. They reveal
that PCAM has a small explanation sensitivity, similar to
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Fig.9 Visual comparison of PCAM™* with and without LNorm. With-
out LNorm the visualisation tends to concentrate on very focal elements
of the images like eyes or mouth. Sometime some elements of the image

Table 2 Sensitivity max table

Green mamba

Ostrich

Speedboat

Indian elephant  Tiger shark

that are not in object of the target class become also highlighted, like
an object behind the elephant, or the diver next to the shark

Table 3 Execution time per image

Method Sensitivity max
VGG16 ResNet50

IntegratedGradient 0.3576 0.5299
InputXGrad 0.6132 0.7225
SmoothGrad 5.6824 7.7777
RISE 0.7864 0.7841
Occlusion 2.5176 3.4378
GradCAM 0.0625 0.0212
GradCAM++ 0.0525 0.0199
SmoothGradCAM++ 0.5451 0.1594
ScoreCAM 0.0466 0.0193
ISCAM 0.0433 0.0334
FDCAM 0.0433 -

ZoomCAM 0.0987 0.0485
LayerCAM 0.0937 0.0590
PCAM™ (Ours) 0.0650 0.0262
PCAM™ (Ours) 0.0837 0.0578
PCAM® (Ours) 0.0659 0.0659
PCAM (Ours) 0.0783 0.0419

Sensitivity max metric measures maximum sensitivity of an explanation
using Monte Carlo sampling-base approximation [44]. Captum imple-
mentation was used with 10 perturbations per input and a epsilon radius
of a L-Infinity ball set to 0.02 for sampling (defaults parameters from
the implementation) [39]. The compared methods are the three Poly-
CAM variants proposed in this paper (PCAM*, PCAM~, PCAM®),
Zoom-CAM [15], Layer-CAM [16], Grad-CAM [12], Grad-CAM++
[13], Smooth Grad-CAM++ [37], Score-CAM [14], SS-CAM [20], IS-
CAM [23], FD-CAM [26], Input X Gradient [38], IntegratedGradient
[9], SmoothGrad [10], Occlusion [8], RISE [19]

Batch size 128 64 32
PCAMT (ours) 4.32 4.38 4.67
PCAM™ (ours) 4.38 4.68 4.71
PCAM® (ours) 8.48 8.92 9.60
#PCAM (ours) 1.51 1.61 2.01
ScoreCAM 1.48 1.52 1.64
ISCAM 12.85 13.29 14.18
SSCAM 47.13 48.01 52.12
FDCAM 0.17 0.17 0.17
RISE OOM* OOM* 18.50
Occlusion 2.62 2.62 2.62

Execution speed to compute the saliency maps for a VGG16, expressed
in second per image. Mean over 100 computations.*OOM: Out of Mem-
ory

the ones obtained by other CAM-based methods, and one or
two orders of magnitude below the sensitivities obtained by
gradient-based and perturbation methods.

4.5 Ablation study on LNorm

The importance of including the LNorm operator in Eq.3

is challenged in this section. We produced saliency maps

using both the complete method and a variant where LNorm

has been ablated. Formally, the saliency map of the LNorm

ablated method becomes

— CAMy{ forl =L 9
L= (CAMf, ‘{v—jl)@ Abi @ﬁrl, S’c—jl) fort<t<p—1" &
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Representative examples are presented in Fig.9 to com-
pare the conventional and ablated PCAM. We clearly observe
that the ablated method tends to ignore some of the class-
relevant features, and to focus on a limited set of highly
contrasted features (such as eye, mouth, or beak).

4.6 Speed of execution

Using the same experimental setup described in the previous
sections, we measured the average average execution time
per image over the first 100 images of the ILSVRC2012
validation set for both the perturbation-based methods and
the subset of CAM-based methods relying on perturbations.
Measurements were repeated for batch sizes of 32, 64, and
128 images on an 8Gb nvidia RTX3070M and reported in
Table 3.

The results show that the different PolyCAM variants fall
between RISE and ScoreCAM in terms of computation time.
FDCAM is the fastest method using perturbations, this is
understandable since the perturbations only need to be per-
formed for the head of the network and don’t require to
recompute the whole backbone, but is also limited to the
resolution of the last convolutional layer. It is interesting to
note that the YPCAM method, that compute scores similarly
to FDCAM, is the fastest of or four variant, with a similar
execution speed to ScoreCAM. J/PCAM seems to be the most
appropriate compromise in terms of high resolution saliency
maps quality and execution time.

5 Conclusion

Our Poly-CAM method produces high resolution saliency
maps without relying on gradient backpropagation. Two vari-
ants of our Poly-CAM framework are investigated. In the
first variant, the values weighting the activation maps are

@ Springer

obtained by masking or unveiling image pixels, or both. In
the second variant, an approach using perturbations inside of
the network by switching off and on convolution channels
is implemented. Our experiments reveal that a strategy com-
bining masking and unveiling, either in the pixel space or at
the level of channels, provides the more versatile solution.
It achieves state of the art performances in term of faith-
fulness insertion-deletion metrics and outperforms current
available methods in term of precision of visualization. As a
main original contribution, our method allows for the high-
resolution visualization of image regions that contribute to
the network prediction. The channel switching strategy hav-
ing the advantage of being quicker to compute. Despite our
work is a valuable step towards a more explainable Al, there
is still plenty of room for improvement in this domain. One
of the questions raised by this work is related to the way the
importance of a pixel should be quantified.

Indeed, the importance of a group of pixels appears to be
different when this group is removed or when it is inserted
(for example the importance of contextual information is
more important when removing it than when inserting it),
which can not be properly reflected by a single saliency map.

While our work focuses on post-hoc explanations of
classical CNN models using saliency maps, it is worth men-
tioning that other research directions attempt to give sense
to neural network decisions by developing architectures that
are naturally suited for interpretability [2].

Appendix A Section title of first appendix
A.1 Visual comparison with previous work

Figure 10 display a visual comparison with all the compared
methods.
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Fig. 10 Visual comparison of
methods. The compared
methods are the three
Poly-CAM variants proposed in
this paper (PCAM™, PCAM—,
PCAM™® and /PCAM),
Zoom-CAM [15], Layer-CAM
[16], Grad-CAM [12],
Grad-CAM++ [13], Smooth
Grad-CAM++ [37], Score-CAM
[14], SS-CAM [20], IS-CAM
[23], Input X Gradient [38],
IntegratedGradient [9],
SmoothGrad [10], Occlusion
[8], RISE [19]
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