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A B S T R A C T

Despite the tremendous success of convolutional neural networks (CNNs) in computer vision, the mechanism
of CNNs still lacks clear interpretation. Currently, class activation mapping (CAM), a famous visualization
technique to interpret CNN’s decision, has drawn increasing attention. Gradient-based CAMs are efficient, while
the performance is heavily affected by gradient vanishing and exploding. In contrast, gradient-free CAMs can
avoid computing gradients to produce more understandable results. However, they are quite time-consuming
because hundreds of forward interference per image are required. In this paper, we proposed Cluster-CAM,
an effective and efficient gradient-free CNN interpretation algorithm. Cluster-CAM can significantly reduce the
times of forward propagation by splitting the feature maps into clusters. Furthermore, we propose an artful
strategy to forge a cognition-base map and cognition-scissors from clustered feature maps. The final salience
heatmap will be produced by merging the above cognition maps. Qualitative results conspicuously show that
Cluster-CAM can produce heatmaps where the highlighted regions match the human’s cognition more precisely
than existing CAMs. The quantitative evaluation further demonstrates the superiority of Cluster-CAM in both
effectiveness and efficiency.
1. Introduction

Convolutional neural networks (CNNs) have provided a basis for
numerous remarkable achievements in various computer vision tasks,
like image classification (He, Zhang, Ren, & Sun, 2016; Krizhevsky,
Sutskever, & Hinton, 2012; Liu, Meng, Li, Mao, & Chen, 2022; Srinivas
et al., 2021), object detection (Cao, Pang, Han, & Li, 2019; Liu, Zhang,
Zhou, & Wang, 2023; Redmon, Divvala, Girshick, & Farhadi, 2016;
Zhu et al., 2017), and semantic segmentation (Chen, Jin, Jin, Zhu, &
Chen, 2022; Liang, Hu, Zhang, Lin, & Xing, 2018; Liu, Mao, et al.,
2022). Despite CNNs’ extraordinary performance, they still lack a clear
interpretation of the inner mechanism (Lapuschkin et al., 2019; Saleem,
Yuan, Kurugollu, Anjum, & Liu, 2022; Zhu et al., 2022). This lack of
transparency can indeed be a disqualifying factor in some peculiar sce-
narios where mistakes can jeopardize human life and health, like med-
ical image processing or autonomous vehicles (Ren, Li, Liu, & Zhang,
2021; Townsend, Chaton, & Monteiro, 2020; Vlahek & Mongus, 2021;
Zhao, Xie, Wang, Liu, Shi, & Du, 2019). Therefore, it is highly desirable
to understand and explain what exactly CNNs have learned during
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the training process (Macpherson et al., 2021; Spinelli, Scardapane, &
Uncini, 2022; Tan, Gao, Khan, & Guan, 2022).

Recently, Class Activation Mapping (CAM), a visual interpretation
technique, has drawn increasing attention (Sun, Song, Cai, Du, &
Guizani, 2022; Tu, Zhou, Gan, Jiang, Hussain, & Luo, 2021). CAM
aims at highlighting salience regions of an input image for CNN’s
decision by using a linearly weighted combination of feature maps.
Vanilla CAM directly utilizes the weight of each feature map after
global average pooling (GAP) corresponding to the target class, so it
is only available for CNNs with GAP layers (Zhou, Khosla, Lapedriza,
Oliva, & Torralba, 2016). To further extend CAM to more generic CNN
structures, numerous modified CAMs are proposed and they can be
broadly categorized as: (1) gradient-based CAMs, and (2) gradient-free
CAMs. Gradient-based CAMs (e.g. Grad-CAM (Selvaraju et al., 2017),
Grad-CAM++ (Chattopadhay, Sarkar, Howlader, & Balasubramanian,
2018), SmoothCAM++ (Omeiza, Speakman, Cintas, & Weldermariam,
2019), XGrad-CAM (Fu et al., 2020), Self-Matching CAM (Feng, Zhu,
Stanković, & Ji, 2021), SC-SM CAM (Feng, Ji, Stanković, Fan, & Zhu,
2021)) define the weights by using the average partial gradient of
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893-6080/© 2024 Elsevier Ltd. All rights are reserved, including those for text and

https://doi.org/10.1016/j.neunet.2024.106473
Received 19 January 2023; Received in revised form 13 June 2024; Accepted 16 J
data mining, AI training, and similar technologies.

une 2024

https://www.elsevier.com/locate/neunet
https://www.elsevier.com/locate/neunet
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
https://www.image-net.org/challenges/LSVRC/
mailto:hbji@xidian.edu.cn
https://doi.org/10.1016/j.neunet.2024.106473
https://doi.org/10.1016/j.neunet.2024.106473
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neunet.2024.106473&domain=pdf


Neural Networks 178 (2024) 106473Z. Feng et al.

t
a
h
t
a

2

o
w
C
G
2
a
i
e
O
t
t

l

𝑀

𝑆

w
c
C
s
g
d

2

G
t
f
t

𝛼

H

CNN’s prediction with respect to the feature maps. Gradient-based
CAMs are usually computed efficiently. However, their weights lack
reasonable explanation and are easily impeded by gradient exploding
or vanishing. To address this limitation, some gradient-free CAMs are
proposed. They define an intuitive impact of each feature map on the
predicted score instead of using the gradient. Examples of gradient-free
CAMs are Ablation CAM (Ramaswamy et al., 2020), Score-CAM (Wang
et al., 2020), LIFT-CAM (Jung & Oh, 2021), and SHAP-CAM (Zheng,
Wang, Zhou, & Lu, 2022). Gradient-free CAMs can provide a more
explainable weight definition than gradient-based CAMs in most cases.
Fig. 1 (from the second to the eighth columns) shows the salience
heatmaps produced by several aforementioned CAMs.

Although gradient-free CAMs define the weights more reasonably,
they are usually very time-consuming since hundreds of forward prop-
agations are required per image. To improve the efficiency of gradient-
free CAMs, Q. Zhang et al. proposed Group-CAM where feature maps
are split into several groups (Zhang, Rao, & Yang, 2021). In this
case, only several forward propagations are needed in computing the
weights. Nonetheless, the feature maps are split without any regula-
tion in the Group-CAM. In fact, feature maps have learned different
semantic concepts relevant/irrelevant to the object. Therefore, those
feature maps with similar semantics should be divided to the same
group. Z. Feng et al. proposed SC-SM CAM by using spectral clustering
to accomplish this goal, but this method is only available for synthetic
aperture radar (SAR) images (Feng, Ji, et al., 2021), and no further
selection of clustered features is mentioned in the SC-SM CAM (Feng,
Ji, et al., 2021; Feng et al., 2021).

In this paper, we propose a Cluster-CAM, an effective and efficient
gradient-free CAM, based on spectral clustering. In Cluster-CAM, a
clustering technique, K-means/spectral clustering is adopted to split
feature maps into several clusters. Subsequently, we provide an artful
strategy to merge those feature maps into a cognition-base map and
a cognition-scissors map. Finally, they will be merged as the salience
heatmap. The highlights of this paper are as follows:

• We propose Cluster-CAM, as the first attempt to provide a cluster-
weighted CAM framework via spectral clustering based on optical
images.

• We provide a novel and artful weight-forming strategy to merge
the cognition-base map and cognition-scissors map. These two
maps greatly match the human’s cognition and intuition, i.e., the
weights of feature maps are reasonable and understandable.

• Cluster-CAM is effective and efficient, outperforming existing
gradient-free CAMs in performance in most cases with signifi-
cantly lower computing costs.

The rest of this paper is organized as follows. Section 2 introduces
he basic knowledge of some existing CAMs as well as their advantages
nd disadvantages. Section 3 elaborates on how to generate salience
eatmaps by Cluster-CAM. In Section 4, experiments are implemented
o demonstrate the validity of Cluster-CAM and results are further
nalyzed from different perspectives. Section 5 concludes this paper.

. Related work

As discussed in Section 1, the key issue in CAMs is defining a set
f reasonable weights for feature maps. Based on definitions of these
eights, CAMs are further categorized as: vanilla CAM, gradient-based
AMs and gradient-free CAMs. Gradient-based CAMs mainly include
rad-CAM (Selvaraju et al., 2017), Grad-CAM++ (Selvaraju et al.,
017), Smooth Grad-CAM++, Self-Matching CAM (Feng et al., 2021),
nd SC-SM CAM (Feng, Ji, et al., 2021). Gradient-free CAMs mainly
nclude Ablation-CAM (Ramaswamy et al., 2020), Grad-CAM++ (Wang
t al., 2020), SHAP-CAM (Zheng et al., 2022), and LIFT-CAM (Jung &
h, 2021). In the following context, we will firstly discuss aforemen-

ioned 10 CAMs in Sections 2.1 and 2.2. Subsequently, we will analyze
he advantages and disadvantages of each CAM, and provide a picture
2

in Section 2.3 to show the most challenging problems that our proposed
scheme tries to solve.
Vanilla CAM: Vanilla CAM is proposed by B. Zhou et al. in Zhou
et al. (2016) to produce a saliency heatmap by a linerly weighted
combination of feature maps in the last convolutional layer. Denote 𝐅𝑛
as feature maps in the last convolutional layer followed with GAP layer.
𝐹𝑛(𝑖, 𝑗), 𝑛 = 1, 2,… , 𝑁 , where 𝑁 refers to the number of filters in this
ayer. The saliency heatmap, 𝑀𝑐 (𝑖, 𝑗), is defined as:

𝑐 (𝑖, 𝑗) =
∑

𝑛
𝛼𝑐𝑛𝐹𝑛(𝑖, 𝑗) (1)

𝑐 =
∑

𝑛
𝜔𝑐
𝑛

∑

𝑖,𝑗
𝐹𝑛(𝑖, 𝑗) =

∑

𝑛
𝛼𝑐𝑛

∑

𝑖,𝑗
𝐹𝑛(𝑖, 𝑗), (2)

where 𝑆𝑐 denotes the predicted score for the target class 𝑐. The
eight of each feature map, 𝛼𝑐 , is determined by the last layer’s fully-

onnected weights corresponding to the target class. Therefore, vanilla
AM is restricted to GAP-CNNs, i.e, the penultimate layer is con-
trainted to be a GAP layer. To extend CAM to generic CNN structures,
radient-based CAMs and gradient-free CAMs define the weights from
ifferent perspectives to replace 𝛼𝑐 in .

.1. Gradient-based class activation mapping

rad-CAM: Selvaraju et al. proposed Grad-CAM (Selvaraju et al., 2017)
o visualize any classification CNN architectures by weighting the
eature maps with the gradients of the predicted score, 𝐬𝑐 with respect
o 𝐅𝑛, as

𝑐,𝐺𝑟𝑎𝑑
𝑛 =

∑

𝑖,𝑗

𝜕𝐬𝑐
𝜕𝐹𝑛(𝑖, 𝑗)

, (3)

where different from (2), 𝐬𝑐 is a sparse vector whose elements are zeros
except the 𝑐th element which is equal to 𝑆𝑐 . However, the highlighted
regions generated by Grad-CAM are usually smaller than the object.
Grad-CAM++: A. Chattopadhyay et al. further proposed Grad-CAM++
(Chattopadhay et al., 2018) to produce more precise highlighted local-
ity of the object. Grad-CAM++ assumes different elements in feature
maps should have different contributions to CNN’s prediction, thus an
extra factor is introduced to realize this assumption by using higher
order partial gradients as:

𝜶𝑐,𝐺𝑟𝑎𝑑++
𝑛 =

𝜕2𝐬𝑐
𝜕(𝐹𝑛(𝑖,𝑗))2

2 𝜕2𝐬𝑐
𝜕(𝐹𝑛(𝑖,𝑗))2

+
∑

𝑎,𝑏 𝐹𝑛(𝑎, 𝑏)
𝜕3𝐬𝑐

(𝐹𝑛(𝑖,𝑗))3

∑

𝑖,𝑗

𝜕𝐬𝑐
𝜕𝐹𝑛(𝑖, 𝑗)

. (4)

owever, the gradient, 𝜕𝐬𝑐
𝜕𝐅𝑛

, is sometimes heavily noised or even all-
zero. It is probably because (1) CNN is trained to learn a generalized
capability to classify a general concept rather than a specific object. (2)
some unreasonable collapse emerged in CNN’s training, like gradient
vanishing and gradient exploding.
Smooth Grad-CAM++ To produce better visual interpretation of CNNs’
decision on fine-grained images, D. Omeiza et al. proposed Smooth
Grad-CAM++ (Omeiza et al., 2019) where the weights are defined
using the average of the gradients as:

𝛼𝑐,𝑆𝑚𝑜𝑜𝑡ℎ𝑛 =
1
𝑚
∑𝑀

𝑚=1 𝐷
𝑛
1(

1
𝑚
∑𝑀

𝑚=1 𝐷
𝑛
1)

2 1
𝑚
∑𝑀

𝑚=1 𝐷
𝑛
2 +

∑

𝑎,𝑏 𝐹𝑛(𝑎, 𝑏)
1
𝑚
∑𝑀

𝑚=1 𝐷
𝑛
3

(5)

where 𝐷𝑛
1 =

∑

𝑖,𝑗
𝜕𝐬𝑐

𝜕𝐹𝑛(𝑖,𝑗)
, 𝐷𝑛

2 =
∑

𝑖,𝑗
𝜕2𝐬𝑐

𝜕(𝐹𝑛(𝑖,𝑗))2
, and 𝐷𝑛

3 =
∑

𝑖,𝑗
𝜕3𝐬𝑐

𝜕(𝐹𝑛(𝑖,𝑗))3
when the input is added with random noise for 𝑀 times (𝑀 is a
constant integer). This smoothing strategy is intuitive but still rough
and not understandable enough for some complex CNN structures.
XGrad-CAM: To allay above drawbacks, R. Fu et al. proposed XGrad-
CAM (Fu et al., 2020) by introducing two completely explainable
axioms to form the weight:

𝛼𝑐,𝑋𝐺𝑟𝑎𝑑
𝑛 =

∑ 𝐹𝑛(𝑖, 𝑗)
∑

𝜕𝐬𝑐
𝜕𝐹 (𝑖, 𝑗)

. (6)

𝑖,𝑗 𝑖,𝑗 𝐹𝑛(𝑖, 𝑗) 𝑛
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Fig. 1. Visual comparison of Cluster-CAM and other CAMs. The first column is input images (indigo finch, eagle, rooster, and ostrich from the first to the fourth row). The second
to last columns are heatmaps produced by Grad-CAM, Grad-CAM++, Ablation-CAM, Score-CAM, SC-SM CAM, SHAP-CAM, LIFT-CAM, and Cluster-CAM.
It is worth noting that Smooth GradCAM++ and XGrad-CAM are vari-
ants of Grad-CAM++ with the same aim: to enhance the performance in
fine-grained image classification rather than suppress the abnormal gra-
dients. So we only choose Grad-CAM and Grad-CAM++ as comparative
gradient-based CAMs in the following experiments.
Self-Matching CAM: It is imperative to acknowledge that the CAMs
mentioned above may encounter diminished efficacy when employed
on peculiar data, like SAR images. To address this issue, Z. Feng
et al. propose Self-Matching CAM (Feng et al., 2021) based on SAR
imaging mechanism. Self-Matching CAM augments the object-relevant
information in feature maps by obtaining the Hadamard product of
feature maps and the input SAR image. The modified feature maps in
Self-Matching CAM algorithm are formulated as follows:

𝐅SM
𝑛 = 𝐅𝑛◦ 𝐗 (7)

where 𝐗 is the input SAR image and ◦ denotes the element-wise
multiplication. In the saliency maps produced by Self-Matching CAM,
the highlighted regions tend to exhibit a higher consistency to the shape
of SAR objects than other CAMs. Note this operation is not applicable
for common optical images because some complex edges and textures
of life/nature scenes probably introduce negative influences on feature
maps.
SC-SM CAM: It is demonstrated that many redundant filters exist
in CNNs (Zhang et al., 2021). Consequently, Z. Feng et al. further
proposed SC-SM CAM (Feng, Ji, et al., 2021), a variant of Self-Matching
CAM. SC-SM CAM is also designed for SAR images, but employs spectral
clustering to categorize the feature maps, thereby reducing the number
of feature maps and also facilitating a slight improvement in the
saliency heatmaps. SC-SM CAM is similar to our proposed Cluster-
CAM because both of them utilize spectral clustering to divide feature
maps into groups, however, they are essentially different. The distinct
differences between SC-SM CAM and Cluster-CAM are elaborated in
detail in the ending of Section 3.2.

2.2. Gradient-free class activation mapping

Ablation-CAM: Ablation-CAM (Ramaswamy et al., 2020) formulates
the weights of feature maps by referring to the direct change of CNN’s
prediction after a certain feature map is occluded. The weights of
Ablation-CAM is defined as:

𝛼𝑐,𝐴𝑏𝑙𝑎𝑡𝑖𝑜𝑛𝑛 =
𝑆𝑐 − 𝑆𝑐,𝑛

𝑆𝑐
, (8)

where 𝑆𝑐,𝑛 denotes the predicted score for class 𝑐 when 𝑛th feature map
is set to zero. In this case, a large weight will be assigned to the current
3

feature map if removing it can lead to a sharp drop of the predicted
score (𝑆𝑐 − 𝑆𝑐,𝑛 is a large value) and vice versa. The authors argue
that Ablation-CAM is immune to both saturation (marking a filter as
important although it is not important) and explosion (marking a small
influent filter as high importance.).
Score-CAM: Different from Ablation-CAM, Score-CAM considers mea-
suring the impact of each feature map by introducing the input image,
𝐗, as

𝛼𝑐,𝑆𝑐𝑜𝑟𝑒𝑛 = 𝑆𝑐 (𝐗 ◦ 𝐇𝑛) − 𝑆𝑐 (𝐗𝑏) (9)

𝐇𝑛 = 𝑠(Up(𝐅𝑛)), (10)

where 𝐗𝑏 is a baseline image which can be set the input image itself,
Up(⋅) denotes the operation that upsamples 𝐅𝑛 into the input size and
𝑠(⋅) is a normalization function that maps elements in the input into
[0, 1]. 𝐗 ◦ 𝐇𝑛 can be deemed as filtering which only passes elements
in 𝐗 masked by 𝐇𝑛, thus a large weight will be assigned if most
target-discriminative parts are preserved by the current feature map,
i.e. 𝑆𝑐 (𝐗 ◦ 𝐇𝑛) is higher than 𝑆𝑐 (𝐗𝑏) and vice versa. Currently, gradient-
free CAMs have drawn more attention than gradient-based CAMs due
to their superior performance and explainable definition of weights.
However, gradient-free CAMs are much more time-consuming than
gradient-based CAMs because hundreds or even thousands of forward
interference are required while gradient-based CAMs only require one
forward interference.
LIFT-CAM: Different from Score-CAM, H. Jung et al. formulate a CNN
explanation model as a linear function of binary variables representing
activation map existence (Jung & Oh, 2021), allowing for an analytical
determination using additive feature attribution methods. They further
validate the use of SHAP values as weights for feature maps in CAM,
and introduce an efficient approximation method, LIFT-CAM (Jung &
Oh, 2021), based on DeepLIFT, which achieves accurate estimation of
SHAP values for feature maps. Firstly, a binary vector is defined as
𝑎 ∈ {0, 1}𝑁 corresponding to feature maps. Then, the weights of feature
maps in LIFT-CAM are defined as:

𝛼𝑐,LIFT
𝑛

=
∑

𝑎′⊂𝐅′𝑛

(𝑁 − |𝑎′|)!(|𝑎′ − 1|)!
𝑁!

[𝑆𝑐 (ℎ𝐹 (𝑎′)) − 𝑆𝑐 (ℎ𝐹 (𝑎′∖𝑛))] (11)

where ℎ𝐹 is a mapping function that converts 𝑎′ into the embedding
space of 𝐅𝑛: it satisfies 𝐅 = ℎ𝐹 (𝐅′), where 𝐅′ is a vector of ones.
The above equation implies that 𝛼𝑐,LIFT

𝑛 can be obtained by averaging
marginal prediction differences between presence and absence of 𝐅𝑛
across a set of all possible feature orderings of {1, 2,… , 𝑁}.
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Table 1
Advantages and disadvantages of existing CAMs. In this table, we conclude the most distinct advantages and disadvantages of existing CAMs to provide a clear comparison.

Vanilla CAM (Zhou et al., 2016) (only available for CNN with GAP layers)

Gradient-based CAMs Gradient-free CAMs

Method Advantages Disadvantages Method Advantages Disadvantages

Grad-CAM
(Selvaraju et al.,
2017)

GAP layer is not
required

low robustness to
abnormal gradients

Ablation-CAM (Ramaswamy
et al., 2020)

avoid gradients and better
localizing objects

low efficiency

Grad-CAM++
(Chattopadhay
et al., 2018)

better localizing
multiple objects

low robustness to
abnormal gradients

Score-CAM (Wang et al., 2020) avoid gradients and better
localizing objects

low efficiency

XGrad-CAM (Fu
et al., 2020)

analytican and
understandable

only available for
ReLU-CNN

LIFT-CAM (Jung & Oh, 2021) involve the interaction
between feature maps

extremely
time-consuming

Self-Matching CAM
(Feng et al., 2021)

perfectly matching SAR
objects’ edges

only available for SAR
images

SHAP-CAM (Zheng et al., 2022) involve the interaction among
elements in feature maps

extremely
time-consuming

SC-SM CAM (Feng,
Ji, et al., 2021)

faster than
Self-Matching CAM

semantic-chaos due to
unreasonable clusters
SHAP-CAM: LIFT-CAM only considers the marginal prediction differ-
ences with all elements are occluded or masked in a feature map,
without considering the interaction between these elements. To mit-
igate this issue, Q. Zheng et al. proposed SHAP-CAM (Zheng et al.,
2022) by introducing Shapley value (i.e., marginal contributions to
classification between feature map elements) to construct weights.
Assume P = {(𝑖, 𝑗)|𝑖 = 1,… , ℎ; 𝑗 = 1,… , 𝑤} be the set of elements
in 𝑛th feature map, 𝐅𝑛, where 𝑤 and ℎ denote the height and width of
𝐅𝑛, i.e., 𝑤×ℎ = 𝑧 elements in total. The weights of Shap-CAM is defined
as:

𝛼𝑐,SHAP
𝑛 =

∑

S⊆P,𝑖,𝑗∉S

(𝑧 − 𝑠 − 1)!𝑠!
𝑧!

[𝑆𝑐 (S ∪ {(𝑖, 𝑗)}) − 𝑆𝑐 (S)] (12)

where the subset S ⊆ P, 𝑆𝑐 (S) represents the output probability of
class 𝑐 when only the elements in the set S remain and the others are
set to the average value of the entire feature map. It is essential to
highlight that both LIFT-CAM and SHAP-CAM pose significant compu-
tational challenges because exact calculating Shapley values demands
𝑂(2𝑛) complexity which is infeasible for real problems. Although some
sampling techniques are used to reduce computation complexity to
𝑂(𝑚𝑛) (where 𝑚 is the number of samples in a permutation (Zheng
et al., 2022)), millions of forward propagation are still required per
image.

2.3. Analysis of existing CAMs

To provide a clear comparison of existing CAMs, Table 1 briefly
concludes the most distinct advantages and disadvantages of them.
Evidently, gradient-based CAMs demonstrate efficiency but exhibit vul-
nerability to abnormal gradients, whereas gradient-free CAMs, albeit
avoiding gradient-related issues, are confronted with heavy computa-
tion burdens. Consequently, we endeavor to strike a judicious balance
between efficiency and efficacy. Note that the reason why gradient-
free CAMs are inefficient is that forward propagation is required for
each feature map and usually there are hundreds or even thousands of
feature maps in a CNN. We are further inspired by SC-SC CAM (Feng,
Ji, et al., 2021) where feature maps can be categorized into groups
by spectral clustering to reduce the number of forward propagations.
However, we notice that there are some semantic-agnostic clustered
feature maps (as shown in Fig. 2) which could lead to semantic-chaos
in final saliency heatmap (e.g., the heatmap for ostrich produced by
SC-SM CAM in Fig. 1, the examples in Figs. 4 and 6). Fig. 2 visually
explains the above phenomenon which is the main challenge that our
scheme tries to solve.

3. Methodology

In this section, we will first introduce some basic concepts on graph-
based spectral clustering and K-means. Then we present the detailed
procedures of Cluster-CAM.
4

Fig. 2. The visual explanation of semantic-agnostic feature maps produced by spectral
clustering. The input image includes two objects: indigo finch and golden finch. Spectral
clustering is utilized to divide feature maps into several groups (only three clusters are
shown). It is obvious that the first and the third clustered feature maps are semantic-
agonistic to the current label. This issue cannot be solved in Feng, Ji, et al. (2021)
and Zhang et al. (2021), which our proposed scheme tries to solve in this paper.

3.1. Spectral clustering and K-means

Spectral clustering is a widely-used unsupervised clustering algo-
rithm based on graph signal processing (Ma, Zhang, Pena-Pena, & Arce,
2021; Scalzo, Stanković, Daković, Constantinides, & Mandic, 2023;
Stankovic, Dakovic, & Sejdic, 2017; Stankovic et al., 2019). Specifically,
the processed data (feature maps, 𝐅𝑛) are regarded as vertices in a graph
topology. Then the elements, 𝑆(𝑖, 𝑗), of the similarity matrix, 𝐒, can be
defined:

𝑆(𝑖, 𝑗) = similarity(𝐅𝑖,𝐅𝑗 ), (13)

where similarity(⋅) refers to a function that measures the similarity
between two vertices (feature maps). If we use the structural similarity
index (SSIM), then it ranges from 0 (no similarity) to 1 (identical feature
maps). The elements of the weighted adjacency matrix, 𝐀, can be
defined as:
{

𝐴(𝑖, 𝑗) = exp(−(1 − 𝑆(𝑖, 𝑗))∕𝜎), if 𝑆(𝑖, 𝑗) > 𝜃, (14)

𝐴(𝑖, 𝑗) = 0, else,
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Fig. 3. The overview of Cluster-CAM.
where 𝜃 is a threshold to keep the direct edge in the corresponding
graph for two neighboring vertices and 𝜎 is an adjusting parame-
ter. Note that, by definition of similarity, this adjacency matrix is a
symmetric matrix resulting in an undirected graph, that is, 𝐴(𝑖, 𝑗) =
𝐴(𝑗, 𝑖).

The similarity can be defined using the difference between two
vertices (feature maps), 𝑑(𝑖, 𝑗) = ‖𝐅𝑖−𝐅𝑖‖. Then the weighted adjacency
matrix is defined by
{

𝐴(𝑖, 𝑗) = exp(−𝑑2(𝑖, 𝑗)∕𝜎2), if 𝑆(𝑖, 𝑗) > 𝜃,
𝐴(𝑖, 𝑗) = 0, else, (15)

where 𝜃 and 𝜎 have the same role as in (14).
In order to produce the vectors for spectral clustering, now we

compute the graph Laplacian matrix, 𝐋, as

𝐋 = 𝐃 − 𝐀 (16)

where 𝐷(𝑖, 𝑖) =
∑

𝑗 𝐴(𝑖, 𝑗) are the elements of the degree matrix 𝐃 which
is diagonal.

In practice, the graph Laplacian matrix usually can be normalized,
as

𝐋𝑁 = 𝐃− 1
2 𝐋𝐃− 1

2 = 𝐈 − 𝐃− 1
2 𝐀𝐃− 1

2 . (17)

The clustering results obtained using these two matrices are very
similar.

The eigendecomposition of the graph Laplacian

𝐋 = 𝐔𝑇𝜦𝐔. (18)

Results in eigenvectors 𝐮1, 𝐮2, ⋯, 𝐮𝑁 that are the columns of matrix 𝐔.
The smoothness index of these vectors is equal to the corresponding
eigenvalue 𝜆𝑖. When clustering the data into two clusters, only the
eigenvector 𝐮2 is used (Fiedler vector) since the vector 𝐮1 is omitted
as its elements are constant.

If we want to get a few clusters (𝑄 clusters) then we can use the
smoothest 𝐾 eigenvectors, 𝐮2, 𝐮3 ⋯, 𝐮𝐾+1, written in the matrix form
as

𝐁 =
[

𝐮2 𝐮3 ⋯ 𝐮𝐾+1
]

=

⎡

⎢

⎢

⎢

⎢

⎣

𝑢12 𝑢13 ⋯ 𝑢1(𝐾+1)
𝑢22 𝑢23 ⋯ 𝑢2(𝐾+1)
⋮ ⋮ ⋱ ⋮

𝑢𝑁2 𝑢𝑁3 ⋯ 𝑢𝑁(𝐾+1)

⎤

⎥

⎥

⎥

⎥

⎦

, (19)

where 𝑁 features with 𝐾 dimension are considered.
The clusters are determined based on the 𝐾-dimensional spectral

similarity vectors, 𝐪 = [𝑢 , 𝑢 ,… , 𝑢 ], 𝐪 = [𝑢 , 𝑢 ,… , 𝑢 ],
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1 12 13 1(𝐾+1) 2 22 23 2(𝐾+1)
…, 𝐪𝑁 = [𝑢𝑁2, 𝑢𝑁3,… , 𝑢𝑁(𝐾+1)], defined for vertices (features 𝐅1, 𝐅2,
…, 𝐅𝑁 ).

In this way, the dimension of the measuring distance is significantly
reduced from the original 𝑁 dimensional space in 𝑑(𝑖, 𝑗) = ‖𝐅𝑖 − 𝐅𝑖‖ to
a very low 𝐾-dimensional spaces of spectral vectors 𝐪𝑛.

Finally, the clustering result (the data grouped into 𝑄 clusters) can
be refined using K-means and the Euclidean distance 𝑑(𝑖, 𝑗) = ‖𝐅𝑖−𝐅𝑖‖.

Note that the traditional K-means algorithm can be used with an
initial random clustering of feature maps into 𝑄 clusters, with a slower
convergence due to random initialization. In this case, all the feature
maps are grouped into 𝑄 initial clusters, Q𝑞 , 𝑞 = 1, 2,… , 𝑄. Means of
the feature maps are calculated for each cluster, 𝑀𝑞 = mean(𝐅𝑛, 𝑛 ∈ Q𝑞).
The distance of each feature map is checked with respect to each of the
mean 𝑀𝑞 . The feature map is reassigned to the cluster whose mean
is the closest to the considered feature map. After all feature maps
are considered, the means are recalculated for the new clusters. The
procedure is repeated until no cluster changes its feature maps.

3.2. Cluster-CAM

Now we are ready to introduce spectral clustering and K-means
in Cluster-CAM. Here the feature maps, 𝐅, represent the vertices in
(13). Take Euclidean distance as similarity measurement, (13) can be
expressed as:

𝑆(𝑖, 𝑗) = exp {−‖𝐅𝑖 − 𝐅𝑗‖}, (20)

where a shorter distance means a higher similarity. By substituting
(20) into (14), (16), (17), and (19), we can split 𝑁 feature maps into
𝑄 clusters, Q𝑞 , 𝑞 = 1, 2,… , 𝑄, 𝑄 ≪ 𝑁 . Then we can obtain the 𝑄
representative feature maps, 𝐅̃ = [𝐅̃1, 𝐅̃2,… , 𝐅̃𝑄], by calculating the
mean of feature maps in each cluster, as

𝐅̃𝑞 = mean{𝐅𝑛, 𝑛 ∈ Q𝑞}, 𝑞 = 1,… , 𝑄. (21)

Next we obtain the Hadamard product of 𝐅̃ and 𝐗 (𝐅̃ will be
upsampled to the same size of 𝐗). This processing can be deemed
as filtering that mainly passes those elements corresponding to large
values in 𝐅̃. The predicted score of each masked image is computed as:

𝐲 =[𝑦1, 𝑦2,… , 𝑦𝑄]𝑇

=[𝑆𝑐,1(𝐅̃1 ◦ 𝐗),… , 𝑆𝑐,𝑄(𝐅̃𝑄 ◦ 𝐗)]. (22)
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In this case, we can obtain the cognition-base map and cognition
scissors as

𝐅̃base = 𝐅𝑞max
, 𝑞max = arg

𝑞
max(𝐲) (23)

̃ scissors = 𝐅𝑞min
, 𝑞min = arg

𝑞
min(𝐲). (24)

ext, we can semantically couple the cognition-base map and
ognition-scissors to form the salience heatmap, as:

𝐶𝑙𝑢𝑠𝑡𝑒𝑟 = 𝛽𝐅̃base − (1 − 𝛽)𝐅̃scissors, (25)

where 𝛽 ∈ [0, 1] is a balance factor to adjust the importance of
cognition-base map and cognition-scissors. Fig. 3 provides the overview
of Cluster-CAM. Note that though spectral-clustering is an unsupervised
clustering method, Cluster CAM is essentially not unsupervised because
the feature maps are derived from a pre-trained model, implying that
there is a supervised component involved in the initial stages of the
Cluster-CAM method.

It should be clarified clearly that Cluster-CAM is inspired by our
previous work, SC-SM CAM (Feng, Ji, et al., 2021), however, there exist
significant differences between SC-SM CAM and Cluster-CAM, which
can be summarized as:

• Different Application Scenarios: The SC-SM CAM is proposed
to locate the object (ground vehicles in MSTAR dataset) in SAR
images, i.e., SC-SM CAM is only available for CNNs trained on
SAR image datasets. In comparison, Cluster-CAM is dedicated to
provide a visual interpretation of CNNs trained on normal optical
images.

• Different Feature Processing: The SC-SM CAM can directly
generate the final heatmaps by computing the Hadamard product
of weighted feature maps and the input SAR image, termed ‘‘Self-
Matching’’ due to three peculiar characteristics of SAR images:
(1) the background is simpler than that in optical images (2) the
objects are centrally cropped. (3) they are grey-scale images with
a single channel. In contrast, the Cluster-CAM does not contain
this step.

• Different Feature Fusion: The SC-SM CAM does not consider
the semantic-chaos in clustered feature maps since it seldom
occurs in SAR images while it is common for optical images, thus
Cluster-CAM proposes semantic-scissors to restrain the unreason-
able feature maps after spectral clustering.

4. Experiments

In this section, we will present and analyze the performance of
Cluster-CAM from various perspectives. Firstly we will briefly describe
the dataset used in our experiments. Then we verify the superiority
of Cluster-CAM to other existing CAMs in terms of discrimination,
localization, explanation and multiple ablation study. As discussed in
Section 2.2, the computation complexity of LIFT-CAM and SHAP-CAM
still remains 𝑂(𝑚𝑛) after sampling some permutations of the subset
orders, S, (𝑚 is the number of samples in a permutation). Taking
ResNet-18 as an example, there are 512 feature maps in shape of
7 × 7 in the last convolutional layer. Even though we only sample 40
otential subsets in each permutation (𝑚 = 40), at least 512×7×7×40 =

1, 003, 520 times of forward propagation is needed to produce a saliency
heatmap per image. It means approximately 10 minutes to produce one
saliency heatmap in our device. Therefore, it is impractical to compute
the numerical metrics through the whole ILSVRC validation set, whose
time is 50, 000 × 10 = 500, 000 minutes ≈ 347 days. Nevertheless, it
s necessary to provide an intuitive comparison of Cluster-CAM and
HAP-CAM & LIFT-CAM, so we produce the saliency heatmaps of
6

everal images in Fig. 1.
4.1. Experimental setup

Dataset: In the following experiments, CNNs are trained on a bench-
mark dataset, i.e., ILSVRC (Deng, Dong, Socher, Li, Li, & Fei-Fei, 2009).
In ILSVRC, there are around 1.2 million images with 1000 categories for
training, and 50 thousand images with 1000 categories for validation.
For the input images, we resize them to (224 × 224 × 3), transform
them to the range [0, 1], and then normalize them using mean vector
[0.4850.456, 0.406] and standard deviation vector [0.229, 0.224, 0.225]. No
further pre-processing is performed.
Network Structure: In this paper, VGG-16 (Simonyan & Zisserman,
2015), ResNet-18 (He et al., 2016), and InceptionV3 (Szegedy, Van-
houcke, Ioffe, Shlens, & Wojna, 2016), are used as classification CNNs.
VGG-16 is a very deep CNN with approximately 134M trainable param-
eters. ResNet-18, a relatively lightweighted architecture with 25.6M
parameters. InceptionV3 has about 23.8M parameters. Cluster-CAM is
dedicated to provide an intuitive and understandable visual interpreta-
tion of generic CNN’s mechanism rather than interpreting artful tricks
of a state-of-the-art (SOTA) network. The three mentioned classic mod-
els represent fundamental architectures in the development of CNNs in
the visual domain. Therefore, referring to the configuration in Wang
et al. (2020), while these CNNs are not currently SOTA, they are
strategically chosen as backbone networks to assess the performance
of Cluster-CAM in interpreting CNNs.
Implementation Details: Note a consistent configuration of experi-
ments is necessary for a fair and convicing comparison. In the following
experiments, unless stated otherwise, the configuration of each CAM
is the same as the experimental setup in Wang et al. (2020). We use
the pre-trained VGG16, ResNet-18, and InceptionV3 from the Pytorch
model zoo as base models in torchvision. All experiments are imple-
mented in Pytorch 1.8.0+cudnn11.1, NVIDIA RTX-3070. The processor
is AMD Ryzen 7 5800H with Radeon Graphics (the clock speed is
3.20 GHz).

4.2. Performance of class discrimination

Fig. 1 shows the salience heatmaps of input images with differ-
ent objects (indigo finch, eagle, rooster, and ostrich) by Grad-CAM,
Grad-CAM++, Ablation-CAM, Score-CAM, SC-SM CAM, SHAP-CAM,
LIFT-CAM, and Cluster CAM. Visually, in comparison to existing CAMs,
the highlighted region produced by Cluster-CAM mostly matches hu-
man’s intuitive understanding of the discriminative part of the object.
Take the indigo finch as an example, Grad-CAM only highlights the
head of the bird, whereas Grad-CAM++ and Ablation-CAM also high-
light the branch (irrelevant to the label). Score-CAM, SHAP-CAM,
LIFT-CAM, and Cluster-CAM all highlight the finch body without the
branch. But obviously, the region produced by Cluster-CAM matches
the edges of the finch more precisely than Score-CAM. Though SHAP-
CAM and LIFT-CAM can produce highlighted regions similar in shape to
the object as Cluster-CAM, our method can achieve most concentrated
salient regions (dark red elements) inside the object’s profile. Note that
the highlighted regions generated by SC SM CAM usually exceed the
profile of the object or sometimes exhibit semantic-chaos (e.g., ostrich
in Fig. 1). This issue arises due to the lack of channel selection of
clustered feature maps, which motivates Cluster-CAM to introduce
cognition-scissors to restrain those unreasonable feature maps.

4.3. CNN’s cognitive explanation

Cognition Analysis of Multi-objects Images: Images of multiple ob-
jects are optimal samples to verify the rationality of the cognition-base
map and semantic-scissors in (23) and (24), respectively. As discussed
in Section 3, a reasonable cognition-base map should incorporate the
object-relevant information as much as possible, while the correspond-
ing cognition-scissors should include such information as less as better.
Therefore, it is necessary to check whether the cognition-base map
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Fig. 4. Visual comparison of Cluster-CAM and other CAMs for mutiple-object images. The heatmaps produced by different CAMs according to the label elkhound (top-left subfigure).
The results with the label spaniel are organized in the same structure (top-right subfigure). The indigo finch and goldfinch are shown in the bottom-left and bottom-right subfigures,
respectively.
Fig. 5. The analysis of feature maps for images of multiple objects. The clustered feature maps (the first row and the third row) as well as corresponding masked images (the
second row and the fourth row). Note that the cognition-base map and cognition-scissors are marked by green and red squares, respectively. The predicted score for the current
class is provided above each masked image.
and cognition-scissors can interchange in a multi-objects image if the
target label is changed to each other. Fig. 4 shows the visual compar-
ison of Cluster-CAM and other CAMs for two multiple-object images.
There are two kinds of dogs in the first image, i.e. elkhound (the
big gray dog on the left) and spaniel (the tiny brown dog on the
right). The second image includes two finches with different colors,
i.e., indigo finch and golden finch. It is evident that Cluster-CAM
shows most sensitivity to the change of target labels. Fig. 5 shows the
cognition-base map and cognition-scissors of two muti-objects images
as well as the corresponding masked images. When the target class
is elkhound, the third and the fourth clustered feature map in each
subfigure are cognition-base map and cognition scissors, respectively
(marked by green and red squares). It matches human’s cognition
because cognition-base map incorporates both objects while cognition-
scissors only selects the spaniel, thus the highlighted region will only
be concentrated on the elkhound, as shown in the top-left subfigure in
Fig. 4. When the target class is changed to the spaniel, the cognition-
base map and cognition-scissors are also interchanged, as shown in the
third column in the top-left subfigure in Fig. 5. The same phenomenon
also emerges in indigo finch and goldfinch, as shown in the bottom
subfigures in Fig. 5. In this case, Cluster-CAM provides solid evidence
that CNN’s recognition mechanism is similar to human cognition in
multiple objects classification.
Cognition Analysis of Fine-grained Images: To further understand
how CNN utilizes the learned information to make decisions, we can
use CAM to interpret CNNs in fine-grained image classification. Fine-
grained classification aims to distinguish subordinate categories within
general categories. Examples include recognizing species of birds such
as northern cardinal or indigo bunting; monkeys such as guenon or
langur. Fine-grained classification often requires much more detailed
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information compared with generic object recognition, like the texture
of the skin, the thickness of the fur, etc., so CAMs on fine-grained
images can tell whether the information is reasonably learned by CNN
for classification. Fig. 6 (the first row) shows the heatmaps generated
by several mentioned CAMs given the input image of a guenon. In-
terestingly, they focus on completely different parts of the guenon.
Grad-CAM and Grad-CAM++ highlight the guenon’s eyes and cheek,
respectively. Ablation CAM and Score CAM both highlight the guenon’s
face, whereas Cluster-CAM only highlights the guenon’s forehead. In-
tuitively, Ablation CAM and Score CAM seem the most reasonable but
the cognition-base map and cognition-scissors clearly show that the
forehead is the most discriminative part, while the face is negative for
guenon’s classification. It will be understood if we further study the
difference in species between guenon and langur. Guenon is character-
ized by blond hair on the forehead and a busty white lip, in contrast,
langur is characterized by a completely black face. We mark their char-
acteristics by green and red circles in the third row in Fig. 6. It is the
reason why the third feature map (face) is deemed as cognition-scissors,
i.e., the black face is an interference factor for guenon’s categorizing.
This example perfectly demonstrates the rationality of Cluster-CAM,
especially the validity of cognition-scissors.

4.4. Ablation study

Analysis of Different Layers: Most CNNs are constructed by a cas-
cade of convolutional blocks (a block consists of convolutional layers,
nonlinear activation, pooling operation, etc.). Fig. 7 shows the salience
heatmaps of different convolutional blocks in VGG-16. The results ba-
sically match human’s intuition that the shallow layers mainly capture



Neural Networks 178 (2024) 106473Z. Feng et al.
Fig. 6. The cognition-base map (green square) and cognition-scissors (red square) in
merged feature maps (top). The images are masked by corresponding feature masks as
well as the predicted score (middle). Nine images of guenon and nine images of langur
(bottom). Note that the discriminative characteristics of guenon (golden hair and white
mouth) and langur (black face) are labeled with green and red circles, respectively.

Fig. 7. The heatmaps produced by Cluster-CAM with different layers of VGG-16. 𝐿
refers to the indices of layers in VGG-16.

some detailed information (e.g., texture and edge), whereas deep layers
concentrate on those parts with clearer semantics.
Number of Clusters and CNN Structures: The number of clusters
usually plays a critical role in clustering algorithms. Here we vary the
cluster number from 2 to 8 and present the corresponding salience
heatmaps for AlexNet and VGG-16 in Fig. 8. It shows the salience
heatmaps are sensitive to the number of clusters and are different with
CNN models. For AlexNet, the highlighted region in heatmaps could be
semantic chaos if the feature maps are split into too many or too few
clusters. It is probably because a large number of clusters may introduce
too many detailed patterns of the object and a small number of clusters
may directly include background information. Therefore, the number
of clusters should be selected as a median value. Note it is only an
8

Fig. 8. The heatmaps produced by Cluster-CAM with different numbers of clusters for
AlexNet (top) and VGG-16(bottom).

Fig. 9. The heatmaps produced by Cluster-CAM with different numbers of clusters by
spectral clustering (top) and heatmaps produced by Cluster-CAM with different numbers
of eigenvectors (bottom).

empirical conclusion and exclusion exists that the optimal value is 2
for the fourth row (beer) in Fig. 8. It is probably because the object
is simple and in regular shape, thus only two clusters are enough to
represent all necessary information. For VGG-16, the highlighted region
is more concentrated on a specific part of the object than AlexNet. It
is probably because more detailed discriminative information could be
captured in VGG-16 with much deeper layers than AlexNet.
Clustering Method: In Section 3, we introduced two clustering algo-
rithms, i.e., K-means and spectral clustering. Here we take each feature
map as a vertex in the graph and use distance to construct the similarity
matrix, adjacent matrix, degree matrix, and Laplacian matrix using
(20), (13), (14), and (17). Fig. 9 shows the salience heatmaps produced
by spectral clustering with different clusters and different eigenvectors.
It can be observed that the heatmaps are highly related to the number
of eigenvectors rather than the clusters. A disadvantage of Cluster-
CAM should be clarified that both the number of eigenvectors and the
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Fig. 10. The upper row delineates the deletion metric, wherein salient pixels are gradually masked from the image. Specifically, this metric measures a decrease in the probability
of the predicted class as more and more important pixels are removed. Conversely, the lower row elucidates the insertion metric.
Fig. 11. Deletion and insertion curves of Cluster-CAM and other CAMs. The left subfigure shows the deletion curves of Grad-CAM, Grad-CAM++, Ablation-CAM, Score-CAM and
Cluster-CAM. The AUC of each deletion curve is presented following the corresponding legend and obviously Cluster-CAM obtains the best performance (the minimal AUC). The
right subfigures shows the insertion curves of these CAMs in the same layout. Note Cluster-CAM also performs the best (the maximal AUC).
number of clusters in K-means are critical parameters for saliency maps.
Hence, the optimal value of above two parameters should be adjusted
carefully for objects with different classes of interest.

4.5. Quantitative evaluation

4.5.1. Performance evaluation
To quantitatively evaluate the interpreting performance, two widely

used evaluation metrics are adopted in this paper, i.e., confidence drop
and increase number (Zeiler & Fergus, 2014; Zhou & Kainz, 2018).
First of all, let us think about what kinds of heatmap can be regarded
as a good interpretation of CNN. A natural and intuitive idea is to
measure how much the confidence (predicted score) of the target class
will drop when the original image is partly occluded according to
the heatmap. Specifically, for each image, a corresponding explanation
map, 𝐇, is generated by element-wise multiplication of the heatmaps
and the current image as in (9) and (10).
Confidence drop: This metric compares the average drop of the
model’s confidence for a particular class in an image after occlusion
as:

conf idence_drop =
𝑆𝑐 (𝐗) − 𝑆𝑐 (𝐗 ◦ 𝐇)

𝑆𝑐 (𝐗)
, (26)

For example, assume that CNN predicts an object indigo finch in an
image 𝐗 with confidence 0.8. When we input the explanation map,
𝐗 ◦ 𝐇, of this image, the CNN’s confidence in the class indigo finch
falls to 0.6. Then the confidence_drop would be 25%. It means that the
most discriminative part (75%) is included in the highlighted region.
9

Confidence drop is expected to be lower for a better CAM and is usually
averaged over many images.
Increase number measures how many times the CNN’s prediction
score for 𝑐 increased when the input image is masked. Specifically,
it happens sometimes that the object is entirely included and object-
irrelevant parts are occluded (e.g., other objects or background) in the
highlighted region. In this case, there could be an increase in the CNN’s
predicted score for the class (i.e., confidence drop < 0). This value is
computed as a percentage through the whole dataset.

Table 2 shows two evaluation metrics of VGG-16, ResNet-18, and
InceptionV3 on the entire validation set in ILSVRC dataset (↓ means the
lower value is better and ↑ means the higher value is better). Generally,
Cluster-CAM outperforms other CAMs in both metrics. Gradient-free
CAMs always obtain better performance than gradient-based CAMs
(Grad-CAM and Grad-CAM++), but it is at cost of computation bur-
den. Note that SC-SM CAM performs worse than any other CAMs.
It is because the clustered feature maps are directly merged with-
out considering which channels should be preserved or deleted. Such
straightforward mechanism is suitable only for SAR images with rela-
tively pure backgrounds but falls short when applied to optical images
in ILSVRC. This result further indicates the necessity of cognition base
and cognition-scissors in Cluster-CAM for CNNs trained on optical
datasets. These two metrics clearly demonstrate the superiority of
Cluster-CAM to other existing CAMs.
Insertion and Deletion In accordance with Petsiuk, Das, and Saenko
(2018), we employ two automated assessment metrics for evaluating
CAM’s interpretative capabilities: deletion and insertion. The deletion
metric gauges the decline in class probability as salient pixels are
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Table 2
The comparison of Cluster-CAM and other state of the art methods in discrimination.

Method Backbone Discrimination metrics

Confidence drop↓ Increase number ↑

Grad VGG-16 17.94 19.15
Grad++ VGG-16 18.44 19.75
Ablation VGG-16 12.38 24.67
Score VGG-16 12.21 25.48
SC-SM VGG-16 17.52 18.33
Cluster VGG-16 𝟏𝟏.𝟔𝟎 𝟐𝟔.𝟏𝟎

Grad ResNet-18 19.32 23.47
Grad++ ResNet-18 18.95 22.54
Ablation ResNet-18 10.36 27.30
Score ResNet-18 9.46 28.75
SC-SM ResNet-18 19.47 21.39
Cluster VGG-16 𝟖.𝟐𝟔 𝟑𝟎.𝟕𝟑

Grad InceptionV3 15.12 25.39
Grad++ InceptionV3 14.68 26.05
Ablation InceptionV3 10.76 27.92
Score InceptionV3 11.20 27.16
SC-SM InceptionV3 16.83 24.77
Cluster InceptionV3 𝟕.𝟗𝟒 𝟑𝟑.𝟑𝟓

gradually removed from the image, as shown in Fig. 10 (top). A sharp
decrease serves as an indicator of a proficient explanation (leading
to a minimized Area Under Curve AUC). In contrast, the insertion
metric assesses the significance of pixels in terms of their ability to
synthesize an image. This is determined by the elevation in the proba-
bility of the target class when pixels are incrementally inserted based
on the saliency map, as shown in Fig. 10 (bottom). It quantifies the
elevation in probability with the gradual introduction of pixels, and a
higher AUC signifies a more effective and comprehensive explanation.
Fig. 11 shows the deletion and insertion curves of Cluster-CAM and
other CAMs. Obviously, Cluster-CAM outperforms other CAMs in both
deletion and insertion metrics. Specifically, the deletion AUC of Cluster-
CAM (5.35) is lower than the second best method, Score-CAM (8.31),
by over 35.6%. The insertion AUC of Cluster-CAM stands at 39.10,
surpassing the second-best method, Ablation-CAM whose AUC reaches
36.26, signifying an approximately 8% superiority.
Localization Top-1 and Top-5 Localization Accuracy (Top-1/Top-5
𝑜𝑐.𝐴𝑐𝑐) and Localization Accuracy with Ground Truth (𝐺𝑡-𝐾𝑛𝑜𝑤𝑛

𝐿𝑜𝑐.𝐴𝑐𝑐) are used as metrics for evaluating localization performance.
Note a positive prediction of 𝐿𝑜𝑐.𝐴𝑐𝑐 means it meets the following
criteria: the predicted classification is correct, and the predicted bound-
ing boxes have an intersection over union (IoU) exceeding 50% with
at least one of the ground-truth boxes. 𝐺𝑡-𝐾𝑛𝑜𝑤𝑛 signifies that it
onsiders localization regardless of classification. The numerical results
n Table 3 demonstrate that Cluster-CAM surpasses other CAMs in
op-1/Top-5 𝐿𝑜𝑐.𝐴𝑐𝑐, while inferior to other Score-CAM or Ablation-
AM in 𝐺𝑡-𝐾𝑛𝑜𝑤𝑛. It is worth noting that Cluster-CAM is tailored to
lleviate ‘‘semantic-chaos’’ which usually occurs in clustered feature
aps. Unlike other CAMs, Cluster-CAM focuses more on correcting

emantic-chaos in heatmaps rather than generating heatmaps that cover
he entire object as much as possible. This is why Cluster-CAM performs
etter on interpretability metrics than other CAMs, but its performance
n localization metrics is not necessarily the best. The example in
ig. 6 further demonstrates that the highlighted forehead region of
he monkey, despite yielding a lower 𝐼𝑜𝑈 , is highly indicative of the
uenon classification.

.5.2. Efficiency evaluation
We present two efficiency metrics in Table 4, i.e., the average

omputing time (ACT) and the number of forward propagation (FPn)
er image. Note that cluster computation time (CCT) is included in ACT
s a fair comparison. Table 4 shows Cluster-CAM greatly reduces the
umber of FP compared with Ablation-CAM and Score-CAM. Naturally,
significant improvement in efficiency emerges from Cluster-CAM,
10
Table 3
The comparison of Cluster-CAM and other state of the art methods in localization.

Method Backbone 𝐿𝑜𝑐.𝐴𝑐𝑐

Top-1 Top-5 𝐺𝑡 −𝐾𝑛𝑜𝑤𝑛

Grad VGG-16 43.5 53.6 59.4
Grad++ VGG-16 44.7 52.5 60.0
Ablation VGG-16 47.7 58.6 𝟔𝟐.𝟓
Score VGG-16 47.4 58.3 61.8
SC-SM VGG-16 45.2 53.0 60.9
Cluster VGG-16 𝟒𝟖.𝟓 𝟓𝟗.𝟒 61.2

Grad ResNet-18 44.8 54.3 60.2
Grad++ ResNet-18 43.7 54.0 60.4
Ablation ResNet-18 46.8 57.3 𝟔𝟑.𝟓
Score ResNet-18 46.5 𝟓𝟕.𝟓 63.2
SC-SM ResNet-18 45.8 54.3 60.0
Cluster ResNet-18 𝟒𝟗.𝟐 57.2 60.4

Grad InceptionV3 46.3 58.2 62.7
Grad++ InceptionV3 48.5 60.4 64.2
Ablation InceptionV3 50.5 61.9 65.3
Score InceptionV3 51.2 62.3 𝟔𝟔.𝟒
SC-SM InceptionV3 47.7 59.5 62.3
Cluster InceptionV3 𝟓𝟑.𝟓 𝟔𝟐.𝟖 64.5

Table 4
Efficiency Evaluation Metrics: Cluster computation time (CCT), average computing time
(ACT) and the number of forward propagation (FPn). Note the CCT is included in ACT
for Cluster-CAM with 𝑄 = 6.

Method Backbone Efficiency

CCT (𝑠) ACT (𝑠) FPn

Grad VGG-16 – 0.078 1
Grad++ VGG-16 – 0.141 1
Ablation VGG-16 – 2.206 256
Score VGG-16 – 4.647 256
SC-SM VGG-16 0.130 0.215 6
Cluster VGG-16 0.133 0.382 6

Grad ResNet-18 44.8 54.3 60.2
Grad++ ResNet-18 43.7 54.0 60.4
Ablation ResNet-18 46.8 57.3 63.5
Score ResNet-18 46.5 57.5 63.2
SC-SM ResNet-18 37.8 42.3 45.5
Cluster ResNet-18 𝟒𝟗.𝟐 59.2 60.4

Grad InceptionV3 46.3 58.2 62.7
Grad++ InceptionV3 48.5 60.4 64.2
Ablation InceptionV3 50.5 61.9 65.3
Score InceptionV3 51.2 62.7 66.0
SC-SM InceptionV3 42.7 45.5 52.3
Cluster InceptionV3 𝟓𝟑.𝟓 𝟔𝟒.𝟒 65.5

Table 5
The ACT of Cluster-CAM with different pairs of Cluster numbers, 𝑄, and
eigenvector numbers, 𝑘.

PPPPPP𝑘
𝑄 2 3 4 5 6 7 8

2 0.22 0.26 0.29 0.35 0.38 0.39 0.43
3 0.22 0.27 0.30 0.35 0.37 0.41 0.43
4 0.23 0.26 0.31 0.34 0.38 0.40 0.43
5 0.21 0.26 0.31 0.36 0.38 0.39 0.44
6 0.22 0.26 0.29 0.35 0.37 0.40 0.42
7 0.22 0.25 0.30 0.35 0.37 0.40 0.43

i.e., Cluster-CAM is 5.7 times faster than Ablation CAM and 12.1
times faster than Score-CAM. Therefore, Cluster-CAM can obtain better
visualization and interpretation performance than gradient-based and
gradient-free CAMs with efficiency closer to gradient-based CAMs.
Besides, Table 5. presents the relation between ACT of Cluster-CAM
and two hypterparameters in Spectral Clustering (i.e., cluster number,
𝑄, and eigenvector number, 𝑘). The results show the number of clus-
ters plays a significant role in impacting ACT, whereas the count of

eigenvectors exerts a comparatively minor effect on it.
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5. Conclusion

In this paper, we proposed Cluster-CAM, an effective and efficient
CNN interpretation technique based on clustering algorithms. Cluster-
CAM is the first attempt to comprehensively analyze how to split
feature maps into different groups and provide an artful strategy to
remove the object-irrelevant elements by defining cognition-scissors.
In Cluster-CAM, only several times of forward propagation is required
per image while it is usually more than hundreds for other gradient-
free CAMs. We acknowledge two imperfections of Cluster-CAM: (1)
for different objects, careful adjustment of two hyper-parameters is de-
manded; (2) in situation without semantic-chaos, Cluster-CAM cannot
always guarantee the best localization performance. However, it still
provides a more understandable and more efficient visual interpreta-
tion for CNNs’ mechanism in most cases. Qualitative and quantitative
experimental results further verified Cluster-CAM can obtain better
performance in CNNs’ interpretation than gradient-free CAMs with
much lower computing time.
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