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LayerCAM: Exploring Hierarchical Class Activation
Maps for Localization
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Abstract—The class activation maps are generated from the fi-
nal convolutional layer of CNN. They can highlight discriminative
object regions for the class of interest. These discovered object
regions have been widely used for weakly-supervised tasks. How-
ever, due to the small spatial resolution of the final convolutional
layer, such class activation maps often locate coarse regions of
the target objects, limiting the performance of weakly-supervised
tasks that need pixel-accurate object locations. Thus, we aim
to generate more fine-grained object localization information
from the class activation maps to locate the target objects more
accurately. In this paper, by rethinking the relationships between
the feature maps and their corresponding gradients, we propose
a simple yet effective method, called LayerCAM. It can produce
reliable class activation maps for different layers of CNN. This
property enables us to collect object localization information
from coarse (rough spatial localization) to fine (precise fine-
grained details) levels. We further integrate them into a high-
quality class activation map, where the object-related pixels
can be better highlighted. To evaluate the quality of the class
activation maps produced by LayerCAM, we apply them to
weakly-supervised object localization and semantic segmentation.
Experiments demonstrate that the class activation maps gener-
ated by our method are more effective and reliable than those
by the existing attention methods. The source code is available
at our project page: https://mmcheng.net/layercam/.

Index Terms—Weakly-supervised object localization, class ac-
tivation maps.

ECENTLY, a lot of attention methods [1], [2], [3] have

been proposed to utilize the CNN-based image classifiers
to generate class activation maps. These maps can locate the
regions of the target objects, where the pixels with strong
values in them are more likely to belong to the target objects.
As image-level labels only indicate whether the target objects
exist, they do not provide any object location information.
Thus, the localization ability of the class activation maps
can make up such an issue of image-level labels, which
further facilitates the ill-posed weakly-supervised tasks, such
as weakly-supervised semantic segmentation [4], [5], [6],
[7] and weakly-supervised object localization [8], [9] under
image-level supervision.

The concept of class activation maps is firstly proposed in
CAM [1]. They generate class activation maps by utilizing
a specific network structure that replaces the fully-connected
layer of the image classifier with the global average pooling
layer. Later, Grad-CAM [2] enhances the generalization ability
of this technique, which enables generating class activation
maps for any off-the-shelf CNN-based image classifier pos-
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Fig. 1. Class activation maps of the horse category produced by Grad-CAM
[2] (top row) and our LayerCAM (bottom row). The class activation maps are
generated from conv3_3 and conv5_3 of VGGI16 [10].

sible. Grad-CAM utilizes the average gradients of a feature
map to represent its importance to the target category. Al-
though these methods can effectively locate the target objects,
a common issue among them is that they all rely on the
final convolutional layer of CNN to generate class activation
maps. Due to the low spatial resolution of the output from
the final convolutional layer, the resulting class activation
maps can only locate coarse object regions. As shown in
Fig. 1, the class activation maps generated by Grad-CAM from
convb_3 of VGG-16 [10] can only locate the general location
of the horse. They cannot obtain fine details of the horse,
such as the location of the horse leg. However, the weakly-
supervised tasks, such as semantic segmentation, usually need
more accurate object localization information. Class activation
maps from the final convolutional layer only providing coarse
localization information limit the performance upper bound of
weakly-supervised tasks. Thus, we hope to obtain more fine-
grained details to help locate the target objects better.

As the outputs of the shallow layers of CNN tend to have
larger spatial resolutions, a natural way to acquire object
details is to employ existing attention methods, such as Grad-
CAM, to them. We show the class activation maps generated
from conv3_3 of VGG16 by Grad-CAM in Fig. 1. It can be
seen that the localization becomes worse as the locations with
strong values in the maps scatter around the whole image.
We analyze Grad-CAM only considers capturing the global
information of each feature map, where the local differences
in it are lost. We have provided more discussion in Sec. II-A
to analyze why Grad-CAM gets worse in shallow layers.

To generate reliable class activation maps for shallow lay-
ers to obtain more accurate fine-grained object localization
information, we propose a simple yet effective method, Lay-
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Fig. 2. An illustration of our LayerCAM. LayerCAM can be applied to any
off-the-shelf CNN-based models and generates class activation maps from
different layers. The fusion of class activation maps from different stages is
beneficial for the object localization and semantic segmentation tasks.

erCAM, in this paper. Specifically, we rethink the relationships
between the feature maps and their corresponding gradients.
Unlike previous attention methods only considering the global
information of each feature map, we utilize the gradients
to highlight the different importance of each location in the
feature map for the class of interest. Through such operation,
the fine-grained details of the target objects can be effectively
kept while the details in the background can be removed.
Generally, LayerCAM offers the following advantages:

o LayerCAM can generate reliable class activation maps
not only from the final convolutional layer but also from
shallow layers, where we can obtain both coarse spatial
locations and fine-grained object details.

« The class activation maps from different layers are often
complementary. This advantage motivates us to combine
them to generate more precise and integral class-specific
object regions, which will significantly benefit weakly-
supervised tasks.

o LayerCAM is easy to be applied to off-the-shelf CNN-
based image classifiers without modifying the network
architectures and the back-propagation way, making it
more general and convenient to use.

To demonstrate the quality of the class activation maps, we
apply them to the weakly-supervised object localization and
semantic segmentation tasks. An illustration of our LayerCAM
is shown in Fig. 2. Experiments on both tasks show that
our approach achieves better object localization ability than
previous attention methods, demonstrating the effectiveness
of our LayerCAM. Besides, the property of generating fine-
grained object locations from the shallow layers of CNN-based
models can also be used to locate the tiny defects accurately
in industrial images.

I. RELATED WORK
A. Attention Methods

Researchers have proposed many attention methods [11],
[12], [13], [14], [15] to locate the object regions of the class of
interest from the powerful CNN based image classifiers [16],
[17], [18], [19], [20], [21], [22]. The effectiveness of the
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Fig. 3. The process of class activation mapping methods [1], [2], [3].

attention methods [1], [2] or attention modules [23], [24], [25]
benefit a lot of vision tasks [26], [27], [28], [29], [30], [31],
[32]. Here, we mainly discuss two kinds of attention methods
that are highly related to our work.

Class Activation Mapping. Such kinds of attention methods
[11, [2], [3], [33] generate class activation maps from the
final convolutional layer. We show the general procedures
of these methods in Fig. 3. The class activation maps are
obtained by multiplying each feature map by its weight and
then performing a summation on all weighted feature maps.
Finally, a ReLU operation is applied to filter out negative
activations.

The difference between these attention methods is the way
to generate the weight for each feature map. CAM [1] obtained
the weights from the fully-connected layer. They replaced the
first fully-connected layer in the image classifiers with a global
average pooling layer. Grad-CAM [2] flowed the class-specific
gradients to each feature map and then averaged the gradients
of each feature map as its weight. In Grad-CAM++ [3], similar
to [2], they also utilized the gradients of a feature map to
generate its weight. Score-CAM [33] get rid of the dependence
on gradients and generate the weight for each feature map
through its forwarding score. One common point shared by
the above methods is that they all generate reliable class
activation maps from the final convolutional layer. Unlike these
methods, our LayerCAM can generate reliable class activation
maps from different layers of CNN.

Winner-take-all Scheme. Zhang et al. [34] propose a top-
down back-propagation scheme, c-MWP, which passes signals
in the network downwards based on a probability Winner-
Take-All model. It can produce class activation maps for all
convolutional layers of image classifiers. However, as verified
in [2], the maps by c-MWP from the last convolutional layer
are less faithful than Grad-CAM, which are rarely used in
weakly-supervised tasks. Moreover, such a top-down process
is complex and also needs more running time than Grad-
CAM. Recently, PRM [35] utilizes local maximums, i.e., the
peak values, as top signals to be back-propagated the network
downwards in a winner-take-all manner to extract fine-detailed
class instance activation maps.

Despite their ability to generate hierarchical class activation
maps, the extracted cues from these maps often cover small
object regions. Only the most relevant neurons are retained
when the winner-take-all scheme is used. Besides, NormGrad
[36] utilized identity layers to generate class activation maps
for different layers. However, NormGrad is more likely to cap-
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ture the small and discriminative object regions, not integral
object regions. Different from them, the class activation maps
generated by LayerCAM tend to cover more object regions
than them. Additionally, LayerCAM is easy to be applied to
off-the-shelf CNN-based image classifiers without modifying
the network architectures, making the class activation maps
are more easily available.

B. Hierarchical semantics

Many vision tasks, such as the challenging object detection
task [37], [38], saliency object detection task [39], [40], and
semantic segmentation task [41], [42], have benefited from the
semantic knowledge of different feature hierarchies. Besides,
Xie et al. [43] largely improved the edge detection task by
utilizing the features from different hierarchies of CNNs.
Wang et al. [44], [45] modeled the human parsing with a
hierarchical structure. For visual object tracking, Shen et al.
[46] made full use of the features of different hierarchies and
fused them for better tracking results. Our LayerCAM also
utilizes the hierarchical semantic knowledge from different
layers. The class activation maps generated from shallow
layers tend to capture the fine-grained details of the target
objects. While the class activation maps generated from deep
layers often locate coarse spatial object regions. The class
activation maps from different hierarchies all help to locate
the target objects.

C. Weakly-supervised object localization

Weakly-supervised object localization (WSOL) uses only
image-level labels to find the tight boxes of the target objects.
Some researchers [47], [48], [49], [50], [S1], [52] attempt
to solve WSOL as a multiple instance learning framework.
Another kinds of methods [53], [54], [55], [56] selected the
proper tight boxes for objects from the object proposal priors
[571, [58].

Recently, a lot of WSOL methods [59], [60], [1], [8],
[60], [61], [62], [63] utilizing attention methods have been
proposed, such as CAM [1], Grad-CAM [2], and ACoL [8].
CAM and Grad-CAM identified the object regions by extract-
ing the confident areas in class activation maps. However,
the localization performance is limited because the confident
areas are often small and coarse. Kim et al. [61] utilized two
training steps to find different object localization information.
Zhang et al. [8] used two CNN classification branches to
find more confident areas from class activation maps based
on the erasing strategy. The localization methods based on
attention methods all generate class activation maps from the
final convolutional layer of CNN. Different from previous
localization methods, we attempt to mine more integral and
accurate object locations by generating reliable class activation
maps for different convolutional layers and finding more fine-
grained localization information to help locate target objects
accurately.

D. Weakly-supervised semantic segmentation

Weakly-supervised semantic segmentation (WSSS) with
image-level labels has been widely studied because the image-
level labels are easily available without much human effort.
As image labels only provide the existence of a certain class
without any spatial location information, this task is still a
challenging problem. Despite the difficulty, a lot of WSSS
works  [64], [65], [66], [67], [68], [69], [70] have been
proposed in the past years. Some works [71], [72], [73] utilize
image labels to train segmentation models directly. Besides,
because of the popularity of attention methods [1], [2], [3],
many WSSS approaches [74], [75], [6], [76], [77], [78], [79],
[80], [81] use the object localization cues extracted from the
class activation maps. They first generate pseudo segmentation
labels and then use them to train the segmentation models.
The integrity of located objects largely affects the quality of
pseudo segmentation labels. Our class activation maps fused
from different layers of CNN can discover more integral and
accurate object regions, benefiting the WSSS task.

E. Surface Defect Localization

Using computer-aided tools to check the quality of industrial
products is a very important way to improve the quality and
efficiency of industrial production. To find the surface defect
locations in industrial images, many researchers [82], [83],
[84], [85] often use fully supervised methods. Specifically,
they need to annotate the location of the defects in industrial
images and then train a segmentation or detection network.
Although such kinds of methods achieve extraordinary per-
formances, labeling the defects is quite difficult. Because the
defects and their surrounding patches on the surface tend to
have very low contrast, such as Fig. 7(a), labeling defects in
industrial images becomes challenging.

Additionally, checking the defeats in industrial images in
specific scenarios often requires professional knowledge, re-
quiring lots of human effort and time. Thus, weakly-supervised
methods worth studying as they can significantly reduce the
annotation costs. We utilize class activation maps generated
from shallow layers to locate tiny defects with various shapes
in industrial images because the maps from shallow layers are
sensitive to the fine-grained object details.

II. METHODOLOGY

In this section, we first revisit the two most related ap-
proaches, i.e., Grad-CAM and GradCAM++. Then we intro-
duce our method, LayerCAM.

A. Revisit Grad-CAM and Grad-CAM++

Formally, let f denote the image classifier and 6 represent
its parameters. For a given image I, when inputting [ to the
classifier, we can obtain the predicted score y¢ of the target
category c by

y° = f(L.0). (1)

Let A be the output feature maps of the final convolutional
layer in CNN and Aj be the k-th feature map within A.
The gradient of the prediction score y° with respect to the
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Fig. 4. (a-b) show the variances of the gradients corresponding to each feature map at different stages of VGG16. (c) illustrates the feature maps randomly

selected from different stages.

spatial location (i, j) in the feature map Ay can be obtained by

gfjc = 661;’;_ . To produce the class activation map of the target

category ¢, Grad-CAM and Grad-CAM++ assign a channel-
wise weight wy, to each feature map Ay. Then they perform a
linear weighted summation on all feature maps in feature A.
Finally, a ReLU operation is applied to remove the negative
responses from the class activation map, which is formulated

as
Me :ReLU<Zw,§ -Ak>. )
k

Grad-CAM obtains the channel-wise weight wy, for the
feature map Ay by averaging the gradients of all locations
in the feature map Ay, which is formulated as

wi = %Zngjﬂ 3)
i g

where N denotes the number of locations in the feature map
Ay. For Grad-CAM++ [3], the channel-wise weight w{, can
be computed by

wy, = Z Z afjc . relu(gff), 4
i g

where oF¢

ij 1s computed by

2
ke _ (glkjc)
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2(gk)" + 204 2oy Al (gh)?
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where (a,b) denotes the spatial location in Aj. The dif-
ference between Grad-CAM and Grad-CAM++ is that the
latter utilizes both the feature maps and gradients to generate
the channel-wise weight. Grad-CAM++ shows better object
localization ability when multiple object instances occur.

Although Grad-CAM and Grad-CAM++ can generate reli-
able class activation maps from the final convolutional layer,
the located object regions are often small and coarse. We hope
to find more fine-grained localization information to remedy
the class activation maps from the final convolutional layer
to locate the target objects better. As we know, the shallow
layers of CNN have larger spatial resolutions, causing them
to capture more fine-grained details of the target objects.
Thus, a natural idea to obtain fine-grained object details
is to apply Grad-CAM or Grad-CAM++ to shallow layers.
However, based on our experiments, the class activation maps
from shallow layers produced by Grad-CAM or Grad-CAM++
often include many false positives, as shown in Fig. 1. In the
following, we first analyze why Grad-CAM and Grad-CAM++
fail to generate reliable class activation maps for shallow layers
and then introduce our method, LayerCAM.

Analysis Both Grad-CAM and Grad-CAM++ assign a global
weight wy, to the k-th feature map Ajf,, where each location
in Af has the same weight wj with each other. However,
the feature maps in shallow layers tend to capture the fine-
grained details, whether they belong to the target objects or
background, as shown in Fig. 4(c). Thus, a global weight
cannot eliminate the noisy regions in the background, which
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The comparison of the class activation maps from different stages. The images are randomly selected from the PASCAL VOC dataset [86]. Stage5

denotes the class activation maps are generated from the last convolutional layer of stage 5 in VGG16. Fusion denotes the class activation maps are fused
from stage 3, stage 4, and stage 5. Notice that the class activation maps from stages 1, stage 2, and stage 3 are scaled according to Eqn. (9).

makes that the resulting class activation maps cannot locate
target objects accurately.

Additionally, we also conduct a numerical analysis that
whether the global weight can represent the importance of
each location in one feature map. For Grad-CAM, we compute
the variance of the gradients "¢, where the variance denotes
the difference of the gradient for each location to the average
gradient, i.e., wy. And for Grad-CAM++, we compute the
variance of a*¢-relu(g*c) for the k-th feature map. We select
the last convolutional layer of each stage from VGG16. As
shown in Fig. 4(a-b), at the last stage, we can see that the
variances corresponding to most feature maps tend to be zero.
This demonstrates that the weight for each spatial location in
the feature map is approximately equal to the global weight.
Thus, at the last stage, both the global weights used by Grad-
CAM and Grad-CAM++ can represent the importance of each
spatial location in the feature map. However, at the shallow
layers, the variances corresponding to most feature maps are
very large. The global weight cannot represent the importance
of different locations in the feature maps on the target category.
Thus, Grad-CAM and Grad-CAM++ cannot generate reliable
class activation maps for the shallow layers.

B. LayerCAM

Based on the above analysis, we propose LayerCAM, which
enables the harvesting of reliable class activation maps for all
layers in a very simple and effective manner. Specifically, to
generate a separate weight for each spatial location in a feature
map, we utilize the backward class-specific gradients. As
empirically verified in [3], a positive gradient corresponding
to a location in the feature map indicates that increasing the
intensity of this location would have a positive influence on
the prediction score of the target class. For the locations with
positive gradients, we use their gradients as weights. Those
locations with negative gradients are assigned with zero.

Formally, the weight of the spatial location (4, j) in the k-th
feature map can be written as

wh = relu(gfjc). (6)

ij
To obtain the class activation map for a certain layer, Layer-

CAM first multiplies the activation value of each location in
the feature map by a weight:

Al = whe - AL @)
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Finally, the results Ay, are linearly combined along the chan-
nel dimension to obtain the class activation map, which is
formulated as follows:

M¢ = ReLU ( > A’“) . (8)
k

Based on the above operation, the class activation maps
generated from the shallow layers can capture reliable fine-
grained object localization information, as shown in Fig. 5.
We believe this mostly benefits from not only considering
the importance of different channels, but also considering
the importance of different spatial locations. The separate
weight for each location can reflect the importance of different
locations in the feature maps related to the target categories.
We will give a more qualitative and quantitative analysis in
the experiment section.

III. EXPERIMENTS

In this section, the weakly-supervised object localization ex-
periment is firstly conducted to verify the localization ability of
LayerCAM. Then we utilize the image occlusion experiment
to test the reliability of the general localization ability of class
activation maps from the final convolutional layer. Moreover,
we conduct the surface defect detection experiment to show the
class activation maps from shallow layers can find fine-grained
object localization information. Finally, we demonstrate that
the combination of class activation maps from different stages
is beneficial to the weakly-supervised semantic segmentation.

A. Weakly-supervised Object Localization

The object localization experiment is proposed in the
ILSVRC benchmark [87], aimingat locating object bounding
boxes for the top-predicted categories. We evaluate the local-
ization ability of our method on the ILSVRC validation set
that has 50000 images. The localization accuracy is measured
by the locl and loc5 metrics. The locI metric denotes that
the estimated result falls into the correct category if the
intersection over union (IoU) between the estimated bounding
box and the ground-truth bounding box is greater than or equal
to 0.5 and meanwhile the top 1 predicted class is correct. The
loc5 metric is for the top 5 predicted categories.

Implementation details. To generate object bounding boxes
from class activation maps, we directly binarize them with
the threshold of 15% of maximum intensity and then find the
tight box of the largest connected segment as done in [1],
[2]. We select the last convolutional layers of different stages
in VGG-16 to generate class activation maps. For the class
activation maps generated by LayerCAM from the convi_2
and conv2_2 layer, the object locations with strong values in
maps tend to scatter around the objects. Thus, following [11],
we apply GraphCut [88] to generate a connected segmentation.
Moreover, when combining the class activation maps from
different layers, the class activation maps from the first three
stages of VGG16 are scaled by Eqn. (9).

In Tab. I, we first show the localization ability of class
activation maps from different stages of the VGG16. We find

TABLE I
COMPARISON OF THE LOCALIZATION ACCURACY OF THE CLASS
ACTIVATION MAPS FROM DIFFERENT STAGES. THE ’S’ IN THE FIRST ROW
DENOTES "STAGE’ IN VGG16. S5-S1 DENOTES THE LAST
CONVOLUTIONAL LAYER OF EACH STAGE IN VGG16.

Method Metric (%) | S5 S4 S3 S2 S1
Grad-CAM locl 43.62 | 18.32 | 8.87 | 19.59 | 13.95
loc5 53.99 2270 | 11.05 | 23.85| 17.27
Grad-CAM++ locl 45.44 |1 41.11 | 35.33 | 31.70 | 31.32
loc5 56.42 | 50.97 | 43.86 | 39.40 | 38.90
ScoreCAM locl 39.51{33.08 | 31.15|29.90 | 29.63
locs 49.63 | 41.63 | 39.30 | 37.80 | 37.46
locl 38.94 | 40.85 | 38.67 | 32.05 | 29.94
NormGrad
loc5 49.19 | 51.98 [ 49.56 | 41.37 | 38.69
LayerCAM locl 46.62 | 44.05 | 41.83 | 43.18 | 43.71
loc5 57.83 | 55.02 | 52.28 | 53.60 | 54.34
TABLE II

COMPARISON OF THE LOCALIZATION ACCURACY OF THE FUSED CLASS
ACTIVATION MAPS FROM DIFFERENT STAGES. THE ’S’ IN THE FIRST ROW
DENOTES ’STAGE’ IN VGG16. S5-S1 DENOTES THE LAST
CONVOLUTIONAL LAYER OF EACH STAGE IN VGG16.

Method Metric (%) | S5 +S4 | +S3 | +S2 | +S1
Grad-CAM locl 43.62 | 40.56 | 40.03 | 35.87 | 33.96
locs 53.99 | 50.11 | 49.47 | 44.48 | 42.17
Grad-CAM-+ locl 45.44 142,721 37.25 | 32.51 | 31.60
loc5 56.42 | 52.95 | 46.19 | 40.40 | 39.23
ScoreCAM locl 39.51 | 37.26 | 31.88 | 29.94 | 29.52
loc5 49.63 | 46.78 | 40.19 | 37.84 | 37.33
locl 38.94 | 36.59 | 36.45 | 36.41 | 36.26
NormGrad
locs 49.19 | 46.02 | 45.86 | 45.79 | 45.59
LayerCAM locl 46.62 | 47.17 | 47.22 | 47.24 | 47.23
locs 57.83 | 58.67 | 58.72 | 58.74 | 58.74

the localization performance of LayerCAM outperforms Grad-
CAM [2], Grad-CAM++ [3], ScoreCAM [33], and NormGrad
[36] by a large margin, especially in shallow layers. This
fact demonstrates LayerCAM can obtain more reliable fine-
grained object localization information from shallow layers
than those by Grad-CAM, Grad-CAM++, ScoreCAM, and
NormGrad. As shown in Fig. 10(b-c), the class activation
maps generated by Grad-CAM and Grad-CAM++ from the
shallow layer cannot eliminate the noisy regions from the
background and other categories. Our LayerCAM that assigns
a separate weight for each location in the spatial dimension
can consider the different importance to the class of interest,
which can keep reliable object localization information while
removing the background noise.

Additionally, we also show the localization performance of
fusing class activation maps from different stages. For the class
activation maps from shallow layers, the activation values are
much lower than those from deep layers. When we don’t
use the scale function, the performance of the fused class
activation maps will not be improved, as shown in Tab. IV
(no scale). Thus, when combining the class activation maps
from different layers, we first scale the class activation maps
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Comparison of localization results among different methods. The images are randomly selected from the ILSVRC validation set [87]. The red

box denotes the ground-truth box, and the green box denotes the predicted box. Our class activation maps fused from multiple layers can locate the object

bounding-boxes more precisely than Grad-CAM and Grad-CAM++.

TABLE III
THE ABLATION OF 7.

Settings Metric (%) 1 2 3 4

$5454453 locl | 47.18 | 47.22 | 47.17 | 47.04
loc5 | 58.63 | 58.72 | 58.62 | 58.46
locl | 47.19 | 47.24 | 4717 | 47.02

4 2

S5+54+53+5 loc5 | 58.63 | 58.74 | 58.63 | 58.46
locl | 4720 | 47.23 | 47.19 | 46.97

S5+S4+53+S52+S1

ARARSAR S loc5 | 58.65 | 58.74 | 58.64 | 58.39
TABLE IV

THE ABLATION OF DIFFERENT SCALE FUNCTIONS.

Settings Metric | no scale | tanh(z) | &z |tan(z)
§5454453 locl 47.01 47.18 [44.52| 4291
loc5 | 58.40 58.63 |55.62| 53.39
§54+54+534S2 locl | 47.00 47.19 |44.53| 40.07
loc5 | 58.39 58.63 |55.64| 49.96
§54+54+S3+4S24S 1 locl | 4691 47.20 |44.51| 38.67
loc5 | 58.27 58.65 |55.62| 48.27

from shallow layers by a scale function, where the scaled maps

are computed by
(&

ﬂ) 9)

max(M¢)
where y is a scale factor. Then we utilize a simple element-
wise maximum operation to combine the maps from different
layers. It can be seen from Tab. III that LayerCAM achieves
the best localization results when + is set to 2. We also explore
different kinds of scale functions, as shown in Tab. IV. When
we use the ¥z scale function, the performance becomes much
worse. This is because the ¥z scale function magnifies the
value near 0 too much, which enhances the noise intensity.

M€ = tanh<

TABLE V
COMPARISON OF THE LOCALIZATION ACCURACY AMONG DIFFERENT
METHODS. THE ATTENTION MAPS OF OTHER METHODS ARE ALL
GENERATED FROM THE FINAL CONVOLUTIONAL LAYER. THE METHODS
ASTERISK * DENOTES THE RESULTS ARE FROM THIS PAPER [2].

Methods ACoL ADL CAM*  c-MWP* Ours
locl (%) 45.83  44.92 42.80 29.08 47.24
loc5 (%) 59.43 - 54.86 36.96 58.74

For example, 0.01 is scaled to 0.1. When we use the tan(z)
scale function, the performance also becomes much worse.
The tan(x) scale function scales the large values near 1 two
much, which will restrain the magnification of the lower values
after normalization. It can be seen that when using the tanh(z)
scale function, we can obtain better fusion results.

As shown in Tab. II, the combination of class activation
maps from different layers can gradually improve the local-
ization performance. However, we have also observed that the
performance gain becomes very small when gradually fusing
the class activation maps from shallow layers. We analyze that
the localization performance of the fused maps is limited due
to the bounding box only indicates general object locations.
It cannot measure the fine-grained details of the objects; for
example, if the ear of the horse is found, the bounding box
will not change much. In Sec. III-D, the segmentation results
gradually increase when fusing the class activation maps from
shallow layers, such as the class activation maps from stage
3, which can also verify the quality of the fused maps.

In Tab. V, we present the comparison of the localization
performance among different methods. The attention methods
in the rightmost two columns are all based on the original
VGG16 model. The leftmost three localization methods all
take the VGGI16 architecture replacing the fully connected
layer with the global average pooling layer. Compared to c-
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Fig. 7. The class activation map of industry defects. (a) Images. (b) Ground-truth. (c-e) shows class activation maps from layer3 of ResNet50 generated
by LayerCAM, Gard-CAM++, and Grad-CAM. The images are randomly selected from the DAGM-2007 defect dataset [89]. Our class activation maps can
locate the object bounding boxes more precisely than Grad-CAM and Grad-CAM++. Zoom in for the best view.

MWP, CAM, Grad-CAM, and GradCAM++, it can be seen
that our LayerCAM improves locl performance by 18.16%,
4.44%, 3.62%, and 1.80%, respectively. Our method also
achieves a better result than some state-of-the-art localization
approaches ACoL [8] and ADL [23]. They are specially
designed to solve the object localization task. The comparison
demonstrates the class activation maps by our LayerCAM
can provide more reliable object localization information. The
visual examples can be found in Fig. 6.

B. Image Occlusion

For the class activation maps generated from the final
convolutional layer by LayerCAM, we conduct the image
occlusion experiment proposed in [13] to verify the reliability
of confidence regions indicated by these maps. The image oc-
clusion experiment tests the importance of the occluded image
regions to the final prediction. If the confidence regions are
important, the predicted score of the target class would largely
decrease when we input the occluded image. Specifically, on
the ILSVRC validation set, we first select out the images
that are predicted correctly by VGGI16 used in Sec. III-A.
For these truly predicted images, we occlude them with the
threshold of 0.7 and then input them to the network. As shown
in Tab. VI, we present the top-1 classification accuracy, top-5
classification accuracy, and the average predicted scores of the
ground-truth category, respectively.

The performance of the image occlusion experiment is
shown in Tab. VI. LayerCAM achieves a lower classification
accuracy than Grad-CAM and Grad-CAM++, demonstrating
that the class activation maps generated by LayerCAM from
the final convolutional layer can discover more important
spatial object regions for the target category. This experiment
verifies the reliability of confidence regions located by our
LayerCAM. When masking the images, we can find that
removing the confidence regions by LayerCAM has more

@ (b © @ (@

TABLE VI
COMPARISON OF THE CLASSIFICATION ACCURACY ON THE IMAGE
OCCLUSION EXPERIMENT. CONFIDENCE: DENOTES THE AVERAGE
PREDICTED SCORES OF THE GROUND-TRUTH CATEGORY. LOWER IS
BETTER.

Method original Grad-CAM Grad-CAM++ LayerCAM
Top-1 Acc (%) 68.74 50.36 50.07 48.26
Top-5 Acc (%) 88.57 75.62 75.26 73.43
Confidence (%)  68.64 50.24 49.99 48.12

significantly reduced the predicted scores than Grad-CAM and
Grad-CAM++.

C. Industry Surface Defect Localization

For class activation maps generated from shallow layers
of CNN, we utilize them to locate tiny defects with various
shapes in industrial images. We regard this problem as a binary
classification problem with or without defects in images. Then
we use the image-level label to train a classifier based on
ResNet50 [16]. Finally, we apply LayerCAM to locate defects
in industrial images.

Implementation details. We do experiments on the DAGM-
2007 defect dataset [89], which contains 3550 training images
and 400 test images. This dataset contains many types of
defects on different textured surfaces, as shown in Fig. 7(a-b).
We train a defect image classifier on this dataset. We use SGD
to optimize the classifier and train the model for 15 epochs
with a batch size of 32. The initial learning rate is set as 0.001,
and it decays at 5-th epoch and 10-th epoch, respectively.
At the inference time, we apply our LayerCAM, Grad-CAM,
and Grad-CAM++ to layer3 of ResNet-50 to generate class
activation maps, respectively. The generated maps are first
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TABLE VII
COMPARISON OF DIFFERENT METHODS. THE SEGNET AND REFINENET
ARE THE FULLY-SUPERVISED METHODS, WHILE THE OTHERS ARE
WEAKLY-SUPERVISED METHODS. THE RESULTS ASTERISK * INDICATES
THAT THEY ARE FROM THE ORIGINAL PAPER [82].

Methods mloU (%) FPS

SegNet [90] 21.95% 17.92%*

RefineNet [91] 32.90* 31.05%

Grad-CAM 0.35 60.97

Grad-CAM++ 6.46 60.24

LayerCAM 27.26 60.61
TABLE VIII

COMPARISON OF THE LOCALIZATION ACCURACY AMONG DIFFERENT
LAYERS. S4-S1 DENOTES layer4-layer! OF RESNET-50.

Setting ‘ S4 S3 S2 S1  S4+S3 S3+S2

mloU (%)‘11.59 27.26 1937 13.10 12.28 24.51

thresholded to a binary mask. Then we compute the IoU score
among the binary mask and ground-truth mask. We search for
the best threshold for each attention method and report their
best performance. We also test the frames per second (FPS)
of different methods. The running time is averaged over 100
iterations on an NVIDIA RTX 2080Ti.

We have shown the quantitative comparison among different
methods in Tab. VII. The experimental results demonstrate
that our method can locate defects more accurately than
Grad-CAM and Grad-CAM++ while suppressing background
noise. We have also shown several fully-supervised methods
SegNet [90] and RefineNet [91] trained with pixel-level labels.
Compared with them, our LayerCAM achieves comparable
performance, but with about two times speed than them.
Besides, we also show the qualitative comparison among
different methods in Fig. 7. Compared with Grad-CAM and
Grad-CAM++, LayerCAM can locate the defects with various
kinds of shapes, while Grad-CAM and Grad-CAM++ cannot
filter the interference information on the background.

In Tab. VIII, we have shown the localization accuracy of
different layers. For the industry defect localization task, the
performance of layer3 is better than that of the fusion of
multiple layers. This is because industry defects usually have
small sizes and various shapes. As shown in Fig. 8, the low
spatial resolution of class activation maps from layer4 can only
locate the defects coarsely, which cannot benefit the feature
fusion. The class activation maps generated from layer2 and
layerl locate small defect regions with some noises. Thus, for
the industry defect localization task, we only utilize the class
activation maps from layer3 instead of the multi-layer fusion.

D. Weakly-supervised segmentation

To further test the quality of our class activation maps, we
apply them to the weakly-supervised semantic segmentation

GT

layer2

layer3 layer4

Fig. 8.  The class activation maps from different layers on the defect
localization task.

task that needs more pixel-accurate information. We utilize
the class activation maps and the superpixels [92] to generate
pseudo segmentation labels. As inspired by [35], we use the
class activation maps as queries to collect object masks from
the superpixels. We compute the probability of the existence
of the category c by averaging the attention values in each
superpixel,

Se = (10)

1
o1 2, )
jeo

where O denotes a superpixel and M is the class activation
map whose values are normalized to the range of [0, 1].
Then we select the maximum probability among all target
categories and assign the corresponding category to all pixels
in the superpixel. If the maximum probability is smaller than
a fixed low threshold (in our experiment, the threshold is set
to 0.3), the pixels in the superpixel are assigned with the
background category. After assigning the semantic categories
for each superpixel, we utilize them to constitute the pseudo
segmentation labels to train a segmentation model.

Implementation details. We perform the segmentation
experiment on the popular PASCAL VOC 2012 dataset [86].
This dataset contains 20 semantic classes and the background.
The original images are split into 1464 training images, 1449
validation images, and 1456 test images. Following the setting
in [93], we utilize the augmented training set with 10,582
images to train the segmentation model and then compare our
method with Grad-CAM and Grad-CAM++ on the validation
and test sets. For ease of comparison, we use the CNN
classifier as proposed in [1]. The last fully-connected (FC)
layer with 1000 channels is modified to have 20 channels for
the PASCAL VOC dataset. We adopt the VGG16 model pre-
trained on ImageNet [87] to initialize our network and use the
cross entropy loss to optimize it. During the inference time,
we select the class activations maps generated from the last
layers of each stage in VGG16. For Grad-CAM and Grad-
CAM++, we only utilize the class activation maps from the
final convolutional layer as the maps from shallow layers are
much worse.

We adopt the popular Deeplab-LargeFOV [94] architecture
based on VGGI16 [10] as our segmentation network. We
also train Deeplab-LargeFOV [94] based on ResNet [16]
following the setting in [95]. The hyper-parameters for training
the segmentation network are as follows: learning rate: Ie-
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Fig. 9. Examples of segmentation results produced by our method: (a) source images, (b) ground-truth, (c-e) segmentation results using class activation maps
from stage 5, the combination of stage 5 and 4, and the combination of stage 5, 4, and 3, respectively.

TABLE IX
WEAKLY-SUPERVISED SEGMENTATION RESULTS ON THE PASCAL VOC
DATASET. "WEAK’ MEANS THE APPROACHES WITH ONLY IMAGE-LEVEL
SUPERVISION. FOR A FAIR COMPARISON, OUR APPROACH IS ALSO BASED
ON THE DEEPLAB-LARGEFOV SEGMENTATION MODEL.

Methods val (%) test (%)
Grad-CAM 55.6 56.3
Grad-CAM++ 55.5 56.1
LayerCAM (Ours, VGG16) 60.8 61.4
LayerCAM (Ours, ResNet101) 63.0 64.5

TABLE X
COMPARISONS OF THE MIOU SCORES ON THE PASCAL VOC
VALIDATION SET WHEN COMBINING CLASS ACTIVATION MAPS FROM
DIFFERENT STAGES.

S5 S4 S3 S2 S1 mloU (%)
v 55.6
4 55.0
v 50.8
4 50.5
4 46.0
4 4 57.1
v 4 v 60.4
4 4 4 4 60.8
4 v v 4 v 60.2

3; learning rate policy: poly, batch size: 10. We run the
SGD for 16000 iterations. The learning rate decays at 12000
iterations by a factor of 10. At the inference time, we use the
mean intersection-over-union (mloU) metric to evaluate the
segmentation results.

In Tab. IX, we report the performance of our method in
terms of the mloU scores. The performance of our method
outperforms that of Grad-CAM and Grad-CAM++ by more
than 5%. We also report the performance using the fusion
of different stages of class activation maps, as shown in
Tab. X. The mlIoU score of our method using class activation
maps from stage 5 of VGGI16 is 55.6%. We observe that
when continuously fusing the class activation maps from
stage 4, stage 3, and stage 2 into stage 5 with the element-

TABLE XI
COMPARISONS OF DGCN [80] WITH DIFFERENT CAM SEEDS.

Setting val(%) test (%)
DGCN-CAM 64.0 64.6
DGCN-LayerCAM 67.1 67.6

wise maximum operation, the mloU score gradually increases
(from 55.6% to 60.8%). This fact validates that our fused
class activation maps can obtain more object localization
information, which is beneficial for the segmentation task.
Additionally, we also apply our fused class activation maps
to a more advanced weakly-supervised semantic approach,
DGCN [80]. As shown in Tab. XI, we can see that when
replacing the CAM seeds with our LayerCAM seeds, the
segmentation results can be further improved by about 3%
mloU score. The experimental results verify that the seeds
generated by LayerCAM have better localization ability than
those by CAM, which benefits the weakly-supervised semantic
segmentation approach. As shown in Fig. 9, we show some
qualitative segmentation results. It can be seen that fusing class
activation maps from different stages of VGG16 can gradually
increase the quality of the segmentation results. We notice that
when fusing class activation maps of stage 1 into the final
maps, the performance decreases from 60.8% to 60.2%. We
analyze that the class activation maps from stage 1 lack class
discrimination compared to those from other stages.

E. The influence of negative gradients

In Eqn. (6), LayerCAM utilizes ReLU to filter out the
negative gradients. In this section, we explore the influence
of the negative gradients. We first do experiments to study
the impact of the negative gradients on the localization abil-
ity. As shown in Tab. XII, LayerCAM with negative gradi-
ents (LayerCAM-normal) achieves a much lower localization
ability than LayerCAM. This fact verifies that the negative
gradients in LayerCAM will decrease the localization ability.
Additionally, we also measure the mloU scores of fine-grained
locations on the PASCAL VOC 2012 dataset. We generate the
class activation maps for different stages of VGG16 and then
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Fig. 10. Visualization of class activation maps. (a) Source images. (b-d)
Class activation maps from the ‘pool2’ layer of VGG16 by Grad-CAM, Grad-
CAM++, LayerCAM, and LayerCAM-normal, respectively. LayerCAM-
normal: we use the original gradient of each location in the feature map
as its weight.

TABLE XII
COMPARISON OF THE LOCALIZATION ACCURACY OF THE CLASS
ACTIVATION MAPS FROM DIFFERENT STAGES. THE ’S’ IN THE FIRST ROW
DENOTES "STAGE’ IN VGG16. S5-S1 DENOTES THE LAST
CONVOLUTIONAL LAYER OF EACH STAGE IN VGG16.

Method Metric | S5 S4 S3 S2 S1

LayerCAM-normal locl |42.09|37.63|34.74 |34.12|30.86
loc5 [52.10|46.37 | 43.09 | 42.52|39.01

LayerCAM locl |46.62|44.05| 41.83 |43.18 | 43.71
loc5 |57.83(55.02| 52.28 | 53.60 | 54.34

threshold them to binary masks by a hard threshold of 0.2. We
compute the mloU score between the thresholded mask and
ground-truth mask.

In Tab. XIII, we present the mloU scores of LayerCAM
with different settings. It can be seen that LayerCAM utilizing
the positive gradients as weights achieves higher mIoU scores
than utilizing the normal gradients (with negative gradients),
We also show the qualitative results from the pool2 layer in
Fig. 10(d-e). It can be seen that the class activation maps
from LayerCAM with negative gradients lose many object
localization information. Previous works [3], [12], [13] have
also shown the importance of positive gradients in generating
class activation maps or saliency maps. Thus, based on the
empirical results, we filter out the negative gradients and select
the positive gradient as the weight for each location in the
feature map.

IV. CONCLUSION

In this paper, we propose an attention method, LayerCAM,
which can generate reliable class activation maps from differ-
ent layers of the CNN effectively. The class activation maps
from deep layers can locate the general location of objects, and
the maps from shallow layers can generate fine-grained object
localization information. The combination of class activation
maps from different layers can find more object locations,

TABLE XIII
THE COMPARISON OF THE CLASS ACTIVATION MAPS OF LAYERCAM
WITH DIFFERENT SETTINGS. LAYERCAM-NORMAL: DENOTES WE USE
THE ORIGINAL GRADIENT OF EACH LOCATION IN THE FEATURE MAP AS

ITS WEIGHT.
mloU(%) S5 S4 S3 S2 S1
LayerCAM-normal 343 22.2 14.4 8.4 4.8
LayerCAM 362 357 315 218 11.1

which is beneficial for improving the performance of the
weakly-supervised tasks. Experiments show that LayerCAM
has better object localization ability than current attention
methods. Moreover, LayerCAM is easy to be utilized for any
off-the-shelf CNN-based image classifiers without network
architecture modification and changing the back-propagation
way. Both PyTorch [96] and Jittor [97] versions of the source
code will be made publically available.
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