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ABSTRACT

Weakly Supervised Object Localization (WSOL) aims to utilize the features learned by a classifier
on the image-level labels to locate target objects. However, these existing channel selection methods
for WSOL still cannot effectively select the important channels and remove the unimportant ones.
To address this issue, we propose a Clustering-inspired Channel Selection method based on Class
Activation Maps (CCS-CAM). Compared with the traditional methods, the advantage of CCS-CAM
is that it is very simple yet effective for channel selection due to the K-means clustering based on
Class Activation Maps. It can effectively ensure both object localization and classification accuracy.
The effectiveness of the proposed CCS-CAM method has been demonstrated using multiple public
datasets, with GT-Know Loc reaching 87.9% and 63.71% on the CUB200-2011 and ImageNet-1k,

which is superior to the other state-of-the-art Methods.

© 2024 Elsevier Ltd. All rights reserved.

1. Introduction

Object localization [1] aims to learn and locate the objects
in images, which has made great progress with the advent of
convolutional neural network [2]. But, the traditional object lo-
calization needs not only the image-level labels but also accu-
rate position-level labels or the pixel-level labels, which hinder
its real application due to the high annotation complexity. On
the contrary, Weakly Supervised Object Localization (WSOL)
needs only image-level labels, and thus greatly reduces its an-
notation complexity. As a result, it receives intensive attentions
[2,3,4,5].

The most common method for WSOL is based on the Class
Activation Mapping [1](CAM), which is fine-tuned on the pre-
trained classification network by using the Global Average

**Corresponding author

e-mail: xfwang@nwu.edu.cn (Xiaofeng Wang),
2019321280@stumail .nwu.edu.cn (Zhe Liu),
2020329140@stumail .nwu.edu.cn (Xiangru Qiao),
lizhiquan@stumail.nwu.edu.cn (Zhiquan Li),
202133547@stumail .nwu.edu.cn (Sidong Wu),
2022334760@stumail .nwu.edu.cn (Jiao Zhang), Liuyo@edgehill.ac.uk
(Yonghuai Liu), 1izhan@nwu. edu. cn (Zhan Li), 100563934@zte . com.cn
(Hongbo Guo), Huaizhong.Zhang@edgehill.ac.uk (Huaizhong Zhang)

Pooling layer (GAP) to replace the full connection layer in the
Convolutional Neural Network (CNN). The previous work [2]
has shown that CAM often fails to capture the entire target ob-
ject area, which is typically smaller than the actual one. The
reason is that CAM only learns the object itself, or the most
discriminative or representative parts of the object, that is most
relevant to classification. As illustrated in Fig.1, CAM tends
to focus only on the bird head, as shown in Fig.1(b), while ig-
noring other less discriminative regions such as the bird body,
which is well detected with our method CCS-CAM in Fig.1(c),
leading to relatively small and inaccurate positioning areas.

Many methods have been proposed to solve the above men-
tioned problem. For example, [3, 4, 5] attempt to expand the
class identification region, enabling these networks to learn
other regions with a relatively weak correlation with the target
object. However, expanding the identification region usually
reduces the object classification performance. In addition, [6]
and [7] propose two different methods to complete object local-
ization using category-independent determination areas. These
methods [6, 7] use a pretrained model to extract image features
for positioning, without optimizing different categories of target
objects. [6] shows poor performance on these images with com-
plex backgrounds, while [7] requires additional data to help lo-
cate objects. Moreover, [8, 9] adopt feature addition to acquire
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Fig. 1. Comparison of methods for randomly selected images in CUB200-
2011. (a) original images; (b) original CAM; (c) our proposed method
CCS-CAM.

the image depth descriptor, which was used to locate the region
of the object through the activation values. However, due to the
lack of category information, the deep descriptor often contains
a lot of noise.

[8, 9] have demonstrated the efficiency of channel se-
lection by reducing the unimportant or redundant channels.
Adopting the similar idea, we propose a clustering-inspired
method (CCS-CAM) for Weakly Supervised Object Localiza-
tion (WSOL), which utilizes the channel redundancy mecha-
nism and the features of channels to locate objects. Our method
employs standard CNNs for object classification, and identifies
the most discriminative parts of an object by removing the re-
dundant channels based on the last convolutional layer of the
backbone. Fig.1 shows that our CCS-CAM can capture more
object regions than CAM.

To sum up, our contributions are:

e We present the WSOL network, which is an extention of
image classification network. Making full use of the fea-
tures learned by the classification network, WSOL can
well locate the objects in images.

e We design a Clustering-inspired Channel Selection (CCS)
module, which is used to filter the unimportant channels
and select the important ones. The advantage is that the
K-means clustering is effective and simple to find object
regions and correctly localize them.

o Experimental results on the public datasets CUB200-2011
[10] , ImageNet-1K [11] , FGVC-Aircraft [12] and Stan-
ford Cars [13] show that our method can deal with classi-
fication and object location well.

The remainders of this paper are organised as follows. Sec-
tion 2 reviews relevant works, Section 3 details the proposed
CCS-CAM, and Section 4 presents the experimental results. Fi-
nally, Section 5 concludes the paper and indicates the future
work.

2. Related work

The most relevant works include weakly supervised object
localization and channel redundancy.

2.1. Weakly-supervised object localization (WSOL)

WSOL is a very challenging task that requires both accu-
rate image classification and object location. The most rep-
resentative work of WSOL is CAM [1], which performs ob-
ject localization by aggregating the last convolutional layer of
a network trained for image classification. The shortcoming
of CAM is that the areas of the location are usually too small
compared to the actual ones. To address this problem, HaS
and CutMix [3] randomly remove parts of the input images,
which can be regarded as a data augmentation method to make
the network learn other regions that are weakly correlated with
the target object. [14] proposes a Gradient-based Refined Class
Activation Map (GRCAM), which is a training-free weakly su-
pervised localization algorithm and desn’t increase huge train-
ing resources. [15] combines the Generative Adversarial Net-
work (GAN) with weak supervision object localization, using
the method of Gradient-weighted CAM (Grad-CAM).

To enhance the localization region, [16] proposes the Region-
based Dropout with Attention Prior (RDAP) algorithm, to im-
prove the WSOL accuracy. Considering the power of self-
supervised learning, [17] proposes an unsupervised object lo-
calization method using self-supervised learning. Following
this idea, [18] introduces a Discriminative Pseudo-label sam-
plings (DiPs) to locate weakly supervised targets, where only
image-class labels are available. Given multiple attention
graphs, DiPs relies on a pre-trained classifier to identify the
most discriminative region in each attention graph. [19] pro-
poses a graph-based method that uses the self-supervised trans-
former features to localize objects. [20] proposes a Strengthen
Learning Tolerance approach (SLT-Net) to implement object lo-
calization in a localization and classification separation frame-
work. [2] adopts a foreground consistency loss to strengthen
the activation of the target area and weaken the response of the
background area.

In addition to the above-mentioned CAM-based methods,
some methods relies on deep descriptors of the network. The
most representative works are Selective Convolutional Descrip-
tor Aggregation(SCDA) [6] and Deep Descriptor Transform-
ing(DDT) [7]. SCDA [6] introduces deep descriptors to guide
the object localization, which accumulates all the features in the
last layer, and takes the activation intensity as a localization ba-
sis. However, due to the lack of category constraint, SCDA [6]
tends to be influenced by background noise in complex images.
DDT [7] identifies object regions based on deep descriptors, en-
abling it to locate objects on a batch of images in the same cate-
gory. It is worth mentioning that neither of these methods fine-
tuned the pretrained classification model, so the classification
performance will not be affected. However, for the generality
of the network, SCDA [6] is not suitable for real scene images,
while DDT [7] requires the network to generate sample image-
constrained localization regions. Recently, Shieh [21] proposes
a positive-weighting feature enhancement method for WSOL,
which is a plug-in module and can correctly utilize the existing
information of the positive weights.

2.2. Channel Redundancy
With the success of deep learning, many powerful models
[22, 23] have been proposed. However, the number of channels



has also grown with the accuracy. Traditional convolutional
networks, such as VGG [22] and ResNet [24], rely on local
features of channels and map them to the fully-connected layer.
These models typically require hundreds or even thousands of
channels.

To reduce the number of parameters and the training time,
a recent trend is to remove the redundant channels. DenseNet
[23] directly connects all layers with only 32 channels to en-
sure information transfer between different layers. To reduce
the complexity of ResNet [24], ResNeXt [25] adopts a paral-
lel stacked block to reduce the number of network parameters.
IGCNet [8] uses continuous cross-group convolution to reduce
channel redundancy, ultimately increasing the performance of
the network. GhostNet [9] applies fixed convolutions to re-
duce the number of parameters and redundant channels. SP-
Conv [26] separates features into representative and uncertain
two groups and processes them differently, which can reduce
the number of parameters and training time.

In this paper, we propose a Clustering-inspired Chan-
nel Selection-based Class Activation Mapping (CCS-CAM)
method, which generates activation maps using selected chan-
nels. It can effectively reduce redundant channels for object
localization while maintaining the performance of image clas-
sification.

3. The proposed CCS-CAM method

We propose a CCS-CAM method for WSOL, which contains
two components, Classification Network (CN) and Clustering-
inspired Channel Selection module (CCS module). CCS-CAM
adds a module to check the availability of channels before the
fully connected layer, with the aim of clearing out channels that
fail to locate the target area during training. As shown in Fig.2,
CN network is a fully convolutional network for image classi-
fication followed by the Global Average Pooling (GAP) layer,
Fully Connected (FC) layer, and Softmax Function (SF). The
CCS module adopts a clustering-based method to locate the
objects in images. The Clustering-inspired channel selection
module is located in Fig.2 (b).

(b) Clustering-inspired channel selection module
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Fig. 2. The network of CCS-CAM.

3

We first revisit CAM method [1] as the basis of CCS-CAM,
and then the channel redundancy analysis and the details of the
CCS module are described.

3.1. Revisit of CAM

CCS-CAM is based on well-known CAM [1], which is a
classical WSOL method. CAM also contains the above men-
tioned Classification Network (CN) in Fig.2.

Assume input image 7 is an image from class c, the task of
WSOL is to learn the location heat map of the image I. In Fig.2,
the CN network first obtains the last convolutional feature map.

S eRN><H><W (1)

where N, H and W represent the number of channels, the width
and height of the feature map. § is feeded into GAP to generate
feature G, which is further processed by Fully Connected layers
(FC) to obtain weight matrix WM. The final classification score
M. of class c is defined as

N
M, = Z WME x G, )

n=1

where G, is the output of GAP for class ¢, WM;, is the element
of the matrix WM at the n-th row and the c¢-th column.

The location heat map Y of [ is computed by the last con-
volutional feature map S and the weight matrix of FC layer W,
which is denoted as

N
Y, = ZW;’ xS, 3)
n=1

where S, is the n-th channel in feature map S. Finally, a rect-
angular box for object location is produced to frame the pixels
above a given threshold.

3.2. Analysis of Channel Redundancy

By visualizing the last convolutional layers, it can be easily
found that many channels are redundant as they corrrespond to
the same regions of interest. Fig.3 shows the class activations
for the randomly selected four channels, where the activation
intensity is progressively increased from blue to red. Fig.3(b),
(c), (d) and (e) show four randomly selected feature channels.
The red parts are the strongest activation intensity areas of the
channels. It can be seen that not all channels can respond to the
object itself [22].
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Fig. 3. Heat map of some channels in VGG over the images in (a),
(b)(c)(d)(e) are picked randomly from all the channels.
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Channel redundancy exists in probably all the CNNs, which
is determined by the characteristics of the channels themselves.
In addition, all these channels that contribute to object classifi-
cation [23] may mislocate object location due to channel redun-
dancy. As a result, we need a method to filter out the channels
that are not responsible for object location and improve the per-
formance of WSOL.

3.3. CCS module

From the above analysis, we can see that some channels are
not available in the identification classification, that is, redun-
dant channels. Therefore, these channels can be removed in the
forward propagation.

The idea of our method is to select specific channels from the
pre-trained classification model and then accumulate them to
generate the final object localization result. Assuming S, is the
n-th channel in feature map S, our approach can be expressed
as

N
Y= L,xS, @
n=1

where L, is a coefficient with a value of O or 1 which indicates
whether the channel S, is selected or not. L, is calculated as
shown in the CCS module in Fig.2, which is obtained by the
K-means clustering.

The reason for using the k-means algorithm here is because
the past work [22] uses the form of heat maps to directly present
the values of regions, but the region values can be divided into
several categories, and K-means is an effective unsupervised
algorithm for image region division.

Our method is to select the maximum value ¢, of all the seg-
mentation regions in each channel and compare it with the av-
erage value ¢ of all the channels. If the maximum value §, is
greater than the average value 0, the channel is selected; oth-
erwise, it is considered a redundant one. Specifically, we first
conduct K-means clustering on the feature map generated by
the sum of all teh channels. Then, we calculate the ratio of the
sum of feature values in each segmentation region of the i-th
channel to the size of the segmentation region, and define it as
the region density. We choose the maximum region density as
the &, of the i-th channel. And ¢ is the ratio of the sum of all
the channel feature values to the size of the feature map.

Assume that f is the trained classification network of Fig.2
and S, is the n-th channel of the last convolutional feature map.
We first sum these channels and obtain

w=3s, )
n=1

Subsequently, we calculate L, by using the M. The idea is to
use the K-Means clustering method to divide M into K different
feature regions and filter out channels. And then we compute
the mean value of the K different feature regions on each chan-
nel. If its value is bigger than the feature mean of M, we assign
the value of Lj, to 1.

Assume the clustering matrix obtained by the K-Means clus-
tering method on M be K, whose K different segmentation re-
gions of M are {R,-}fi ,- We calculate the mean values of the K
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different segmentation regions on the channel n of S separately
and select the biggest of them as the ¢,

S’(lx»y)
On = 25 (6)
HxW
where § represents the value of the n-th channel S, in the
S.
We define the mean of the feature map on M as
- MO
0= 7
HxW ™

where M are the feature values of the (x, y) positions in the
M.

For image I whether to choose the n-th channel for the object
location depends on the below ratio, which is defined as

n =

{1 if 5§<6, )

0 otherwise

The core of CCS-CAM is to filter out these channels that are
not relevant to object location to improve its performance.

3.4. Relationship with other WSOL methods.

In complex scenarios, such as the image-net test, because
the convolutional neural network already has good classifica-
tion ability, the image is downsampled into some regions with
objects of interest and background regions, see Fig.8, and the
noise background is cleared.

Almost all of our work is unsupervised exception the clas-
sification part. Compared to other existing WSOL methods,
our network is lightweight and can easily be plugged into other
classification networks.

Our method CCS-CAM can be seen as a variant of the CAM.
CCS-CAM could be implemented by only replacing the object
location part of the CAM. CCS-CAM actively selects channels
that are helpful for object location and achieves better perfor-
mance. In addition, some studies [6, 7] have shown that pre-
trained models have significant potential to be exploited for ob-
ject location, and our CCS-CAM takes full advantage of this.
Furthermore, our method uses a very simple clustering method
to select channels that are suitable for the object location task
due to its effectiveness and conciseness.

4. Experimental results

In this section, we demonstrate the effectiveness of our CCS-
CAM on various publicly available datasets.

4.1. Dataset

We adopt ImageNet-1k [11], ILSVRC dataset [27] as the
dataset for training a classifier model, which is further used for
object location. The datasets used for evaluation include CUB
200-2011 [10], FGVC-aircraft [12], Stanford cars [28], and
ImageNet-1k [11], where the first three belong to fine-grained
image dataset and the last to coarse-grained image dataset.

The ImageNet-1k [11] is a massive dataset containing 10 mil-
lion images from 1,000 classes. We chose 1.2 million images



for training, 50,000 images for testing, and 50,000 images for
evaluation. The CUB 200-2011 [10] consists of 11,788 images
of 200 categories, with 5,994 images for training and 5,794
for testing. The FGVC-aircraft [12] includes 10,000 images
categorized into 100 classes, divided into three equally-sized
datasets for training, validation, and testing. Stanford Cars [28]
contains 196 classes and 16,185 images, which is also divided
equally.

4.2. Experimental setting

We evaluate the proposed CCS-CAM network using VGG
and ResNet as the backbone which is pre-trained on the
ImageNet-1K dataset [11] .

All images used in CCS-CAM network are resized to 256 x
256 pixels and then randomly cropped to 224 x 224 pixels. The
feature maps of the final convolutional layer are aggregated to
form the feature map M for the CCS module.

We apply K-means clustering method on feature map M with
K = 3 in 50 iterations to generate L. The reason using K=3 is
that the regions can be divided into three categories, the regions
where objects do not exist, the regions where objects exist with
low probability, and the regions where objects exist with high
probability. Here we only focus on high-probability regions.

We employ transfer learning to fine-tune the pre-trained
model on ImageNet-1K dataset. We train CCS-CAM network
with 60 epochs, learning rate of Se-5 and batch size of 128.

4.3. Evaluation metrics

We adopt Top-1 Loc, Top-5 Loc, and GT-Know Loc (Zhou et
al., 2016) as evaluation metrics. Top-1 Loc computed the ratio
of images that are correctly classified and the intersection ratio
between predicted and actual annotation boxes is greater than
0.5. Top-5 Loc selects the top 5 ratio similar to Top-1 Loc. GT-
Know Loc considers the intersection ratio of the real annotation
box and the predicted one to be larger than 0.5, regardless of
whether the predicted classification is correct or not.

4.4. Channel analysis of CCS-CAM

To analyze the channel selection performance of our CCS-
CAM, we carry out three experiments using the VGG16 net-
work, whose results are shown in Fig.4. Fig.4(a) is the com-
parison of the number of important channels and the number of
useful channels. The important channels are the ones selected
by our CCS-CAM, while the useful channels are those chan-
nels whose object regions overlap with the Ground Truth (GT)
box. The GT box refers to the real annotation box of the target
object in an image. Fig.4(b) is the ratio of the sum of feature
map values in selected important channels to the sum of feature
map values in the aggregation map M. Fig.4(c) shows the ratio
of the feature information of the GT box to the aggregation M
as the number of channels increases.

As Fig.4 (a) shows, the number of useful channels obtained
by VGG16 is far greater than the number of important channels
selected by our CCS-CAM. Fig.4 (b) shows that the amount of
information contained in important channels is about 70% of
the aggregation map M, indicating that most of the necessary
information for classification in channels are selected by our
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Fig. 4. The analysis of channel redundancy characteristics. (a) shows the
number of important and useful channels, (b) shows the proportion of
information contained in important channels in aggregation map M, (c)
shows the results of random 100 class aggregation channels in ImageNet-
1k.

CCS-CAM. From Fig.4 (a) and Fig.4 (b), it can be seen that our
network CCS-CAM can significantly reduce the model param-
eters in object localization, while still retaining the classfication
performance of the network.

To observe that the channels we select contain most of the in-
formation in the GT box, we calculate the ratio of the informa-
tion in the GT box to the M as the ordinate in Fig.4(c). Fig.4(c)
shows the results of 100 random class aggregation channels in
ImageNet-1k with VGG as the backbone. Starting from 0, we
continuously add new channels to the channels that our algo-
rithm has already selected. From Fig.4(c), it can be seen that
as the number of channels increases, the ratio of the informa-
tion in the GT box to the aggregation M is initially fluctuated
slightly, and then gradually decreases. We use different colors
to indicate that when the number of channels reaches a certain
number, the positioning area will be rapidly reduced, there are
about 100 or so channels that play a great role in positioning,
and when the channels reach more than 300, the channels ba-
sically do not have an effect on positioning. These redundant
channels have a relatively small impact on algorithm perfor-
mance, thus eliminating the redundant channels cannot affect
the performance of our network.

Table 1. The performance of CAM and CCS-CAM for object location on
CUB-200-2011.

Dataset Method GT-Know Loc
CUB-200-2011 CAM 51.09
CCS-CAM 87.90

4.5. Ablation study

The ablation study is conducted using the ImageNet-1k.
Fig.5 illustrates the high response regions in different images
using various thresholds on the aggregation M. When analyz-
ing the fish image from the ImageNet-1k or the bird image from
the CUB200-2011, it is obvious that threshold value 90 is more
appropriate, but the K-means is the best. Therefore, dynamic
segmentation using K-means is more suitable than using a fixed
or average threshold alone.

We carry on an experiment on CUB200-2011. As shown in
Table 1, CCS-CAM outperforms CAM [1] on CUB200-2011,
with more than 36% increase in GT-Know Loc respectively.



Table 2. The performance of the proposed and state-of-the-art methods over different datasets using different backbone networks.

Model Backbone CUB 200-2011 ImageNet-1k
Top-1 Loc (%) | Top-5 Loc (%) | GT-Known Loc (%) | Top-1 Loc (%) | Top-5 Loc (%) | GT-Known Loc (%)
CAM [1] VGG 44.15 - 57.96 42.80 54.86 59.00
CutMix [3] VGG 52.53 - - 43.45 - -
I>C [4] VGG 55.99 68.40 - 47.41 58.51 63.90
Ci-CAM [5] VGG 58.39 70.54 75.68 48.71 58.76 62.36
SLT-Net [20] VGG 67.8 - - - - -
PDAP [16] VGG 59.35 - - 46.52 - -
GRCAM [14] VGG 56.01 66.44 - - - -
CCS-CAM VGG 69.21 80.16 87.9 49.26 59.13 62.15
CAM [1] ResNet 42.72 - - 46.19 - -
CutMix [3] ResNet - - - 47.25 - -
GRCAM [14] ResNet 60.53 72.08 - - - -
TokenCut [19] | ViT-S/16 - - - 52.3 - -
Dips [18] DeiT-s 79.2 92.2 - - -
PDAP [16] ResNet 63.65 - - 50.33 - -
RCAM+PFE [21]| ResNet 63.93 - 79.77 - - -
CCS-CAM ResNet 71.45 83.69 86.37 52.32 63.68 63.71

This reason is that the clustering in CCS-CAM is more effi-
cient and the channel selection method of it can improve the
performance.
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Fig. 5. Heatmap region extraction using different methods: K-means ver-

sus fixed threshold. DD is the features of aggregation A/, and ADD is the
features of X_.

4.6. Comparative study

We compare CCS-CAM with other WSOL methods quanti-
tatively and qualitatively. Because CCS-CAM simply throws
away all the channels that aren’t able to help object localiza-
tion, and other models just try to retrain those models, we get
better results.

Quantitative Evaluation

The quantitative experiment is conducted on CUB 200- 2011
and ImageNet-1k by using VGG and ResNet as the backbone.

The compared WSOL methods include state-of-the-art unsu-
pervised, co-supervised, and weakly supervised methods. As
shown in Table 2, CCS-CAM achieves almost optimal perfor-
mance on three evaluation indicators. CCS-CAM outperforms
the other WSOL methods, achieving 87.90%, 63.71% accuracy
on CUB 200-2011, and ImageNet-1k in GT-Known Loc re-
spectively. To verify the performance of our algorithm on fine-
grained data sets, we have also conducted experiments specif-
ically on this. As shown in Table 3, our method used ResNet
still outperforms other WSOL methods.

To verify the effect of noise on the CCS-CAM method, we
add noise to the images and see whether the objects can still
be localized (Fig.6 and Fig.7) and get the result that Gaussian
noise and Salt_pepper noise added to the images don’t affect the
localization effect of our CCS-CAM method.

Fig. 6. Image (first and third line) and Heatmap (second and fourth line)
of Bird with Gauss noise. (a) Gauss_sigma=0 (b) Gauss_sigma=0.1 (c)
Gauss_sigma=0.12 (d) Gauss_sigma=0.15.



Table 3. The performance of state-of-the-art methods for object localiza-
tion over three fine-grained datasets

Dataset Method GT-Know Loc
FGVC-Aircraft | SCDA [11] 9491
DDT [7] 92.53
MO [29] 94.94
PsyNet [30] 95.59
Self [17] 96.72
CCS-CAM 98.43
Stanford Cars SCDA [6] 90.96
DDT [7] 71.33
MO [29] 92.51
PsyNet [30] 96.61
Self [17] 97.73
CCS-CAM 98.12

Fig. 7. Image (first and third line) and Heatmap (second and fourth line)
of Bird with Salt_pepper noise. (a) Salt_pepper=0 (b) Salt_pepper=0.05 (c)
Salt_pepper=0.07 (d) Salt_pepper=0.1.

Qualitative Evaluation

To visually and qualitatively evaluate the performance of dif-
ferent methods, heatmaps generated by various methods over
randomly selected images from the CUB 200-2011, FGVC-
aircraft, and ILSVRC2016 are presented in Fig.8. The origi-
nal images are shown in Fig.8(a), while Fig.8(b), (c) and (d)
show the heatmaps obtained using CAM, the aggregation map
M, and the proposed method CCS-CAM, respectively. The re-
sults demonstrate that the proposed method captures less dis-
criminative parts than CAM, and eliminates noisy regions while
highlighting integral objects, such as fish, birds, and airplanes.

Compared with the latest methods such as Dips, CCS-CAM
is an unsupervised attention module, which is slightly lacking
in accuracy, but has no training cost and training time.

5. Conclusion and Future Work

In this paper, we propose a novel method CCS-CAM to
tackle the challenging WSOL task. The advantage of our
method is the effectiveness of the K-means clustering algo-
rithm and channel redundancy determination mechanism. Our
method clusters the feature map generated by the sum of all
the channels using the K-means algorithm, and further com-
pares the maximum region density of each channel with the

CUB200-2011

FGVC- alrcraﬁ ILSVRC

Fig. 8. The heatmaps generated using different methods over randomly
selected images in the CUB200-2011, FGVC-aircraft and ILSVRC2016,
respectively. (a) original images; (b) renderings generated using CAM [1];
(c) unsupervised heatmap generated using the aggregation map M; (d) The
proposed CCS-CAM method.

average of all the channels for useful channel selection. By
selecting the useful channels in CNN network, CCS-CAM can
effectively locate objects in images and classify them into dif-
ferent categories. The experiments on datasets CUB 200-2011,
FGVC-aircraft, Stanford cars, and ImageNet-1k show the effi-
cacy of CCS-CAM. The limitation of our algorithm is that K
in K-means clustering needs to be manually selected, and the
selected useful channels need to be further integrated for ob-
ject localization. In the future work, we will further investigate
how to choose more suitable automatic clustering algorithm and
to construct more expressive features on these selected useful
channels for object classification and localization.
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