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Abstract

®

CrossMark

Deep learning is now widely used for detecting surface defects, which is crucial for automated
quality control in industries. However, getting lots of accurate labeled data is tough, and this
slows down the progress of smart defect detection. To tackle this, we suggest using weakly
supervised semantic segmentation (WSSS) methods, especially those based on class activation
maps (CAMs). One issue with CAM is that the feature maps from the last layer of the neural
network do not have high enough resolution. We want to create feature maps with more detail
that can give us better semantic information. We take a new look at the semantic information in
the early feature maps, finding that they have fine details but also mix in a lot of noise that is not
relevant to our target. To fix this, we propose a simple way to reduce noise by cutting off
positive gradients. This idea can be added to other CAM methods to help them get better CAMs.
A large number of WSSS experiments were conducted on defect detection datasets. The results
from these experiments consistently show that our method is effective for finding defects.

Keywords: weakly-supervised semantic segmentation, class activation maps, defect detection

1. Introduction

Surface defect detection is a crucial part of quality inspec-
tion and the final and most effective means to ensure product
quality [1]. When substandard products enter the market, they
not only affect the consumer experience but can also lead to
safety accidents in severe cases. Traditional inspection meth-
ods rely on manual labor, which is time-consuming, ineffi-
cient, and highly subjective. With the rapid development of
machine vision technology, image processing and computer
vision techniques have been applied to defect detection tasks,
initially achieving automated inspection. However, machine
vision technology also has its limitations, as it finds it difficult

* Author to whom any correspondence should be addressed.

to adapt to complex background environments and the vari-
able appearances of products [2]. Moreover, due to the signi-
ficant differences in the geometric characteristics of defects
themselves, such as cracks and pits with diverse morphologies
[3], classical machine vision methods struggle to extract key
features.

With the advancement of artificial intelligence techno-
logy, detection methods based on deep learning have been
empirically proven to effectively address the aforementioned
challenges [4]. Compared to the manually designed features
of traditional machine vision [5, 6], data-driven deep learn-
ing methods can extract more robust and generalized features.
Consequently, defect detection methods based on convolu-
tional neural networks have been widely applied, including
tasks such as object detection and semantic segmentation. [7]
studied a method for detecting defects in power line insulators
using aerial imagery. The study proposed a two-stage cascaded

© 2025 IOP Publishing Ltd. All rights, including for text and
data mining, Al training, and similar technologies, are reserved.
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defect detection scheme, first using the first network to detect
all potential defective insulators in the image, and then using
the second network to detect and locate missing insulator caps
in the cropped images. [8] proposed a network for steel sur-
face defect detection. By fusing multiple pyramid feature maps
with different resolutions, it retains texture information that
may be lost due to downsampling, enhancing the detection
capability for small defects.

However, the surface defect inspection task has
encountered a number of challenges in terms of data acquisi-
tion. Firstly, the data accumulation process is lengthy, which
is tied to the production cycle and the output rate of quality
products. Collecting mature defect data from the production
line is a slow process, and the time to accumulate a large data-
set can be up to several years. Secondly, data labeling is not as
efficient as it should be. Defect labeling requires the expert-
ise of skilled workers, and tasks such as object detection and
semantic segmentation are significantly more complex than
image-level labeling tasks. Thirdly, data labeling is inher-
ently challenging. The boundaries of certain defects are often
blurred, which poses considerable challenges for pixel-level
annotation. Furthermore, incorrect annotations can also seri-
ously affect the performance of deep learning algorithms.

Weakly supervised learning (WSL) sheds light on redu-
cing the manual labor required in deep learning. WSL does
not require high-level labels such as semantic labels, and it is
less dependent on the quantity of samples. The most widely
used fundamental technology for applying WSL to tasks such
as defect detection is class activation maps (CAMs). CAM
is originally a method for interpretability in deep learning.
CAM-based explanations generate heatmaps for CNN-based
classification models where the highlighted regions have a
higher probability of coinciding with the target object [9-11].
Therefore, the CAM-based approaches can enable object loc-
alization and segmentation under the supervision of image-
level annotation, which greatly facilitates the development of
weakly supervised target localization [12] and weakly super-
vised semantic segmentation (WSSS) [13, 14].

Nevertheless, most of the methods mentioned above
involve only the feature maps of the last convolutional layer,
whose spatial resolution is limited, resulting in a coarse loc-
alization and segmentation of the targets. A natural idea is
whether it is possible to obtain semantic information about the
target from shallow, high-resolution feature maps. As revealed
by Relevance-CAM and LayerCAM, shallow feature maps
do contain higher-resolution semantic information, albeit with
more noise. FullGrad [15] goes a step forward by fusing gradi-
ent features from all convolutional layers. For the sake of brev-
ity, we refer to the operation of fusing features from different
layers as the layerization trick.

Inspired by the layerization trick, the question we want
to determine is whether such numerous CAM variants can
be implemented with it. Moreover, although the layerization
trick enables better visual explanation, it is difficult to apply
in WSSS if the noise cannot be suppressed, even if the feature
resolution becomes higher.

To verify the issues described above, we investigate the
performance of the basic Grad-CAM in shallow layers.
Surprisingly, with only a gradient rectification, the perform-
ance of Grad-CAM can be improved to be comparable to or
even surpassed by state-of-the-art methods. We further valid-
ate the gradient rectification and find that the method can also
improve the performance of FullGrad and LayerCAM, which
is termed the truncation trick. Generally, our main contribu-
tions are threefold:

o We propose LTGrad-CAM, which shows that global weights
can still exploit shallow semantic information and are quite
easy to deploy to any off-the-shelf CNN model.

o We summarize for the first time the layerization trick and
the truncation trick. Moreover, we propose that these two
techniques can be used as plug-ins for many gradient-weight
CAM-based methods, which can provide fine-grained visual
explanations and substantially improve the performance of
weakly supervised tasks.

o We propose a weakly supervised detection process for sur-
face defect detection, which only requires image-level labels
to achieve high-resolution defect semantic segmentation.

2. Related works

2.1 Fully-supervised defect inspection

Deep learning-based defect detection methods can be cat-
egorized into classification, object detection, and semantic
segmentation, with the latter two having a broader range of
applications [1, 4]. Chen et al [16] studied convolutional
neural networks for wafer defect classification and employed
the attention spatial pyramid pooling module, which enhanced
the accuracy of the CNN. However, classification networks
cannot accurately obtain the location of defects, thus object
detection methods have stronger applicability. Luo et al [17]
proposed a decoupled two-stage defect detection algorithm
for detecting surface defects on flexible printed circuit board.
The proposed decoupled two-stage object detection frame-
work achieves decoupling of localization and classification
tasks by generating two specific features for the localiza-
tion and classification tasks. Zheng et al [18] optimized the
YOLOV3 network for the detection of tire defects in x-ray
images. Furthermore, semantic segmentation models [5] have
transformed the task of surface defect detection into a semantic
segmentation and even instance segmentation issue, distin-
guishing defects from normal areas. By segmenting defect
areas pixel by pixel, one can not only pinpoint the location and
category of defects but also calculate other geometric proper-
ties such as length, area, and central position. With accurate
semantic segmentation, it becomes feasible to assess the sever-
ity of defects, which is instrumental in controlling production
processes and enhancing manufacturing efficiency. Dong et al
[19] introduced PGANet, which facilitated the propagation
of valid information from low-resolution fusion feature maps
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to high-resolution fusion feature maps. PGANet also incor-
porated a boundary refinement module within its framework
to enhance the prediction of object boundaries. Su et al [20]
proposed a segmentation network guided by shape informa-
tion, which integrated the shape knowledge of fasteners into
the segmentation network, thereby improving the segmenta-
tion performance on images of the railway track fastener. Full
supervision semantic segmentation is also applied in the field
of chip defect detection. In [21], a global information fusion
module is proposed to improve the performance of the seg-
mentation model. This work also proposes synthetic sample
generation and loss function adjustment solutions to address
issues such as sample imbalance and limited sample quantity.

2.2. WSSS

WSL, in the context of defect detection tasks, generally
refers to the use of only image-level labels to achieve tasks
such as object detection and even semantic segmentation.
This approach allows for the training of models with min-
imal annotation requirements, leveraging the availability of
images that may not have detailed pixel-wise or bounding box
annotations [22]. In early research, classification models were
trained using multi-instance learning methods, and traditional
image segmentation was relied upon to obtain foreground and
background information [23]. However, this method of seg-
mentation was found to be too rudimentary and slow-paced
to meet the demands of industrial defect detection. An altern-
ative approach involves the use of CAMs [9], which offers
a more refined and efficient solution. Zhang et al [24] have
extended CAM to the convolutional neural network architec-
ture they designed, and by integrating model distillation tech-
nology, they have enhanced the detection capability for surface
defects on glass. There have been many improvements to the
CAM method [9-11, 15, 25, 26]. CAM takes advantage of the
characteristic that the feature maps of the last convolutional
layer have discriminative semantics. By assigning appropriate
weights to each channel of the feature maps, their linear com-
bination can be computed to obtain a heatmap that reflects the
position of the target.

However, CAM has specific requirements for the structure
of the model, i.e., a global average pooling layer that dir-
ectly connects the classifiers. Grad-CAM [10] is a general-
ized version of CAM, employing the average of the gradi-
ents as the weights of the feature maps. The weights gener-
ated in Grad-CAM are considered to represent the importance
of corresponding channels with respect to the target category.
Then, Grad-CAM++ [26] reveals that using positive gradi-
ents can better indicate the features that have a positive impact
on the prediction results. In addition, XGrad-CAM [27] pro-
poses two axioms to correct the gradient weights for CNNs
with only ReL.U activations. Lift-CAM [28] and Relevance-
CAM both use layer-wise relevance propagation [29] to cal-
culate the weights of different channels, and Relevance-CAM
[30] further finds that the problem of shattered gradients in
shallow feature maps can be well alleviated. In addition to

using the back-propagation gradient as a measure of import-
ance, Score-CAM [25] and Ablation-CAM [31] use the change
in the model output value to measure the weight of the corres-
ponding feature maps. Unlike the global weights mentioned
above, LayerCAM [11] suggests using back-propagated gradi-
ent matrices as local weights to highlight channel-wise feature
maps. In summary, a large number of CAM variants focus on
how to obtain a better weight assignment method.

These weakly supervised methods have also been widely
applied in the field of defect detection in past practices. In [32],
LayerCAM was used to generate rough localization of defects
for monitoring the defect detection process of nuclear-fuel rod
grooves. Zhang et al [33] directly used the CAM method to
generate pseudo-labels for surface defects of no-service rails
for further training. Li et al [34] employed the GradCAM
method to locate crack positions in crack detection. These ref-
erences indicated that the direct use of existing weakly super-
vised segmentation methods had already achieved promising
performance.

Unfortunately, how to fundamentally enhance the resolu-
tion of CAM-like methods has always been a challenge. This
work analyzes the root cause of this issue from the principle
and finds that the fundamental reason affecting the segmenta-
tion performance of CAM methods is the resolution of features
and the degree of feature separation, thus proposing a gradient
truncation and fusion approach.

3. Background

3.1. CAMs

In this section, to illustrate explicitly, we first review 3 dir-
ectly related methods, including Grad-CAM, LayerCAM, and
FullGrad. Mathematically, consider a classifier f with L con-
volutional layers, whose parameters are 6. For a given input
image I with category c, the prediction y° before the softmax
can be obtained by

Y =f(I1;0). (1)

Let Al € RWi*HixCi denote the feature map of the kth chan-
nel generated by the /th layer in the, CNN,/ € 1,2,...,L where
W; and H; are the width and height of /th feature map respect-
ively, and C; is the number of the channels in /th convolutional
layer. The gradient of output score y° with respect to the activ-

; Kl ; F s ookl Oy
ation A at location (i) is gj" = AT -

3.1.1 Grad-CAM.  When inputting an image [ with category
¢, Grad-CAM acquires the channel-wise weight w{ by

. 0y°
Wi = Zzizj aAZla (2)



Meas. Sci. Technol. 36 (2025) 066138

H-C Dong et al

where Z; = W; x H;. Then, the saliency map of specific layer /
can be formed by a linear combination of the feature maps as

Mgaa—cam = ReLU (Zwiz 'Akl> ; (3

k

where a ReLU function is applied to remove the negative
responses from the saliency map.

3.12. LayerCAM. Unlike Grad-CAM, LayerCAM calcu-
lates the local importance instead of the average of the gradient
matrix corresponding to a certain feature map. Formally, the
element of the weight with spatial location (i,;) in the kth fea-
ture map and /th layer can be written as

wi — ReLU <§X kl) 4)

Finally, LayerCAM obtains the saliency map by
Milayer—CAM = ReLU (Wil ®Akl) i (5)

where ® represents the Hadamard product.

3.1.3. FullGrad. LayerCAM is designed to better extract
the semantic features at shallow layers, whereas FullGrad ana-
lyses the piecewise linear characteristics of ReLU CNNs and
suggests using the gradient features of biases in each layer. It is
worth noting that only gradient information and origin inputs
are in consideration for FullGrad, which is formulated as

L (G

®x+ZZ\I/( i bk’) 6)

I=1 k=1

C
FullGrad —

where x is an input image, b is the bias term of kth neuron
in /th layer, and ¥ (-) is a post-processing function. Generally,
U (-) is used to align saliency maps, which is formulated as
follows:

U (x) = bilinearUpscale(normalize (|x|), @)
where bilinearUpscale is a typical image interpolation oper-
ation that resizes its input image to target size, and

li __ Xj—minx
normalize ('le) = maxxr—minx’

4. Methodology

4.1. Semantic information from shallow layers

In this section, we introduce the situation of semantic inform-
ation in different layers of convolutional neural networks, and
then introduce two ways to extract information, namely layer-
ization and truncation tricks.

4.1.1. Layerization trick. ~ Most CAM series methods obtain
discriminative features from the output of the last convolu-
tional layer. Inspired by GradFull and LayerCAM, we visual-
ize feature maps of the different layers from a VGG16 [35] net-
work trained on the KSDD dataset [36]. As shown in figure 1,
we generate heatmaps for the output of the convolutional lay-
ers at different stages using the Grad-CAM method, which are
referred to as S1-S5 in sequence. In contrast to the view in
[11], we can observe that the high-resolution semantic features
exist still in the shallow feature maps, while containing some
noise. In detail, the outputs at different stages of convolutional
neural networks contain varying degrees of semantic features.
The shallower layers are richer in semantics and have higher
resolution, which is related to the pooling structure. However,
the highlighted areas in the shallow layers have more noise.
While the deeper layers are the opposite, they have signific-
antly less noise but the resolution of features is reduced, and
detailed semantic information is lost.

Naturally, we introduce the technique of fusing shallow fea-
ture maps to improve the resolution of CAM-based methods as
follows:

My = Zw M¢anm) (3)

where ¢ (+) is the bilinear interpolation operation. It is worth to
note that we find that the discriminability of the fused features
may change, which can be solved by filtering, but for the sake
of fairness we use equation (8) directly to generate the heatmap
in the experiments.

4.1.2. Truncation trick. Fusing the high-level features,
despite improving the resolution of the features, simultan-
eously introduces considerable noise. Therefore, we present
the gradient truncation method to obtain more high-quality
heatmaps. Specifically, we assume that the positive gradient
reflects the features that play a positive role in classification.
Moreover, the larger the gradient, the more important the fea-
tures are, and the less noise there is. Formally, for all CAM
series methods that rely on gradients to measure their weights,
we can truncate the gradient as

Oy 0y*
Man = Man (x T(@A, 5) ® 8Al> ; ®)
where T'(+) is the indicator function, A; is the target feature

map in the /th layer, and § is a hyperparameter that is set to
the dth percentile of the positive values in each feature map.

Eventually, we obtain the heatmap by
aycl
0 . (10
)% ). o

o
CAM —Z¢ (MgiM (x T( 8yZ

4.2. LTGrad-CAM

By combining the above layerization and truncation tricks, our
method can be used as a plug-in for any gradient-weighted
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Figure 1. Heatmaps generated by Grad-CAM for 5 different stages in the VGG16 model. Images are randomly selected from the KSDD

dataset.

CAM-based method. In particular, combining equations (2),
(3) and (10), we can directly upgrade Grad-CAM as

1 oy*
YlzX e
i j ’

k

ay* kl))
o[ 2 >5)])-44)).  an
(7))

As shown in figure 2, by integrating the shallow high-
resolution semantic information, and the denoising effect
of the gradient truncation, our LTGrad-CAM method is
able to display high-resolution defective regions. Similarly,
LayerCAM and FullGrad can be updated to LTLayerCAM and
LTFullGrad, respectively.

We would like to emphasize that although LayerCAM
has proposed the idea of fusing different layers, LayerCAM
believes that the layerization trick is not suitable for other
CAM methods. Our study corrects this point, and reveals that
layerization tricks are potentially useful in different scenarios.

¢ —
SLTGrad7CAM - E '(/}
1

5. Experiment

5.1 Experimental setup

5.1.1. Datasets. = We conduct WSSS experiments of the pro-
posed method on two datasets. The first is KSDD [36] dataset,

and the dataset contains 50 defective electron commutators.
Eight different images were taken for each commutator, cap-
tured without any overlap of the image surfaces, for a total of
399 images. Of these, 52 images showed defects, while the
remaining 347 did not have any such problems. For the pur-
pose of this study, these images were strategically divided into
two different subsets: a training set and a test set. The train-
ing set consists of 42 defective images and 277 non-defective
images. On the other hand, the test set consists of 10 defective
images and 70 defect-free images. The second dataset is the
industrial surface defect detection dataset KSDD?2 [22]. This
dataset consists of over 3000 images with approximately 230
pixels in width and 630 pixels in height. The dataset is split into
a training set with 2085 defect-free samples and 246 defective
samples, and a test set with 8§94 defect-free samples and 110
defective samples.

5.1.2. Implementation details. We train the classification
models on each dataset with image-level labels only, which
adopts the VGG16 model pre-trained on ImageNet [37]. We
employ the Otsu method to process the CAMs to produce the
final segmentation results. All experiments are executed on a
PC with an NVIDIA RTX 2080Ti. We prefix the method with
‘LT’ to indicate that the method uses the layerization trick and
the truncation trick, 1 is the number of layers fused, and § is
the percentile of the truncated positive gradient. To be fair, we
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Figure 2. Flowchart of the proposed LTGrad-CAM by combining layerization and truncation tricks.

only get the output of all convolution layers in the FullGrad-
related method, while the other methods only get the output of
the stages by default.

5.1.3. Evaluation metrics. WSSS requires higher pixel
accuracy and hence a higher requirement for the fine granular-
ity of the CAMs. We adopt the intersection-over-union (IoU)
to evaluate the segmentation results and use pixel recall, accur-
acy, and Mirco-F1 metrics for a comprehensive evaluation.

5.2. Comparison with state-of-the-art methods

We report the evaluation results of WSSS on both the defect
detection datasets. Table 1 demonstrates the segmentation per-
formance on the KSDD dataset. Our method LTGrad CAM
improves 7.84% over LayerCAM in terms of IoU score, and
also beats the best performing Ablation-CAM by 6.13%. It
is important to note that we set the hyperparameters ¢ to 50,
and the selection principle can be based on the results of the
training or validation sets, which could refer to the analysis in
section 6.1. As shown in figure 3, we show the qualitative res-
ults of LTGrad-CAM with other methods. It can be noticed that
LTGrad-CAM generates high-resolution defect segmentation

Table 1. The weakly supervised semantic segmentation
performance on the KSDD dataset. The results in bold indicate the
best performance.

Method IoU (%) Precision (%) Recall (%) Micro-F1 (%)
Grad-CAM 17.50 19.27 65.56 29.79
Grad-CAM++ 17.22 18.97 65.14 29.38
XGrad-CAM 17.06 18.86 64.10 29.15
Ablation-CAM  17.96 18.97 64.08 30.46
Score-CAM 17.63 19.50 64.76 29.98
LayerCAM 16.25 17.76 65.61 27.95
FullGrad 13.19 13.58 82.21 23.31
LTGrad-CAM  24.09 27.21 67.75 38.83

results and also introduces some background noise. While the
gradient truncation technique mitigates the background noise
but does not eliminate it completely, it can be further removed
by simple image processing techniques as long as the fea-
tures are properly highlighted. Moreover, comparing methods
FullGrad and LTFullGrad, it can be found that the background
noise interference is indeed weakened, which also proves the
effectiveness of the proposed gradient truncation trick.

As shown in table 2, the superiority of LTGrad-CAM is
also evident in KSDD2 dataset. It is worth noting that § =0
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Score-CAM

Figure 3. Qualitative visualization of class activation maps generated by different methods in KSDD dataset.

Table 2. The segmentation performance on the KSDD?2 dataset.
The results in bold indicate the best performance.

Method IoU (%) Precision (%) Recall (%) Micro-F1 (%)
Grad-CAM 38.67 49.19 64.41 55.78
Grad-CAM++  35.17 44.27 63.10 52.04
XGrad-CAM 39.67 51.03 64.06 56.81
Ablation-CAM  26.06 31.02 61.99 41.35
Score-CAM 40.80 56.72 59.25 57.96
LayerCAM 42.01 60.46 57.92 59.17
FullGrad 37.95 46.29 67.81 55.02
LTGrad-CAM  42.67 66.98 54.03 59.81

we have chosen at this experiment is screened based on the
data in the training set. If the default value of O is used as
the positive truncation, the performance of LTGrad-CAM can
reach 42.67%. Nevertheless, an outperforms the IoU score of
the state-of-the-art LayerCAM by 0.66%, and for the original
Grad-CAM there is an even 4% increase. As shown in figure 4,
we show in detail the heatmap produced by different methods
on the KSDD2 dataset. Compared to LayerCAM, the defect-
ive regions of our method LTGrad-CAM are more prominent
and complete, although some background noise is also intro-
duced. Comparing FullGrad and LTFullGrad at the same time,
the effective suppression of background noise by our plug-in
strategy is demonstrated.

5.3. Is gradient truncation beneficial for extracting shallow
features?

As shown in figures 5 and 6, we selected images on the
KSDD dataset and the KSDD?2 dataset, respectively, to com-
pare the layer-by-layer heatmaps generated by GradCAM
and LTGrad-CAM. The truncation values used remain at the
settings described earlier. It can be found that the gradient
truncation method can achieve effective extraction of shallow

features, mainly by expanding the contrast between the back-
ground and the target. This is consistent with our intuition that
the higher the gradient value, the more likely the correspond-
ing region is to be the target region.

5.4. Layerization and truncation trick as plug-in methods

We apply the proposed plug-in approach to the FullGrad
method as shown in table 3. It can be found that after adding
the plug-in method, the IoU score of FullGrad is improved
by 3.29% and 1.43% on two different datasets, KSDD and
KSDD?2 respectively. In addition, the hyperparameter ¢ are
still chosen using the estimation results on the training set.
As shown in figure 7, compared to the original method, we
can find that by adding the proposed plug-in method we
can enhance the defective region and reduce the background
noise, which greatly improves the performance of the original
method.

6. Discussions

6.1 Influence of the truncation hyperparameters §

The hyperparameter J is crucial for the proposed method. We
tested different truncation percentages (10 sample intervals
from 0 to 90) on the KSDD dataset and plotted the variation
of IoU scores on the training and test sets. We chose three typ-
ical methods, i.e., Grad-CAM, LayerCAM, and FullGrad, and
plugged them with the proposed plug-in method, denoted as
LTGrad-CAM, LTLayerCAM, and LTFullGrad, respectively.

As shown in figure 8, all three curves show an increasing
and then decreasing trend. An obvious explanation is that as
the number of truncated quantum dots increases, noise that
does not contribute much to the predicted value is filtered out
first. Subsequently, the target features also start to decrease. As
shown in figure 9, the trend on the training set is very similar to
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Figure 4. Qualitative visualization of class activation maps generated by different methods in KSDD2 dataset.
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Figure 5. Layer-by-layer comparison of the heatmaps generated by Grad-CAM and LTGrad-CAM on KSDD dataset.

that on the test set, i.e. suitable gradient truncation hyperpara-
meters can be found on the training set. This suggests that our
proposed method can be used as a plug-and-play module to
help other related CAM methods to benefit from this concise
operation. Finally, the fact that our proposed LTGrad-CAM
performs substantially better than the other two methods in the
defect detection task also suggests that earlier proposed CAM
methods may have greater potential.

6.2. The limitation of WSSS in defect detection

At present, the direct segmentation performance of WSSS
still needs to be improved, yet this task still holds signi-
ficant practical importance in engineering practice. Firstly,
in situations where data is scarce and annotation is diffi-
cult, it provides meaningful segmentation results for refer-
ence. Secondly, the training results from weakly supervised
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Figure 6. Layer-by-layer comparison of the heatmaps generated by Grad-CAM and LTGrad-CAM on KSDD2 dataset.

Table 3. Results of the plug-in method LTFullGrad versus the original FullGrad on the KSDD and KSDD2 dataset.

Method mloU (%) Precision (%) Recall (%) Fl-score (%)
KSDD FullGrad 13.19 13.58 82.21 23.31

LTFullGrad 16.84 19.50 51.54 28.30
KSDD2 FullGrad 37.95 46.29 67.81 55.02

LTFullGrad 39.38 53.79 59.53 56.51
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Figure 7. Comparison of the heatmaps generated by FullGrad and LTFullGrad layer-by-layer.
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Figure 8. Variation of semantic segmentation performance of three methods with different truncation values ¢ on the training set. The blue
line indicates LTGrad-CAM, the orange line indicates LTFullGrad, and the green line indicates LTLayerCAM.
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Figure 9. Variation of semantic segmentation performance of three methods with different truncation values ¢ on the testing set. The blue
line indicates LTGrad-CAM, the orange line indicates LTFullGrad, and the green line indicates LTLayerCAM.
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methods can serve as pseudo-labels, offering additional train-
ing information. Thirdly, since semantic segmentation is a
high-level task, if evaluated using object detection or object
localization as metrics, WSSS methods can deliver perform-
ance comparable to fully supervised object detection. This is of
great importance for rapidly and effectively establishing intel-
ligent systems in engineering practice.

7. Conclusion

In this work, we revisited the key factors affecting the quality
of CAMs. We found that the outputs at different stages of con-
volutional neural networks contain semantic features to vary-
ing degrees. The shallower layers are rich in semantic features
but have more noise, while the deeper layers have reduced
semantic feature resolution but also less noise. The magnitude
of gradients can measure whether features belong to the tar-
get or are noise. Therefore, we propose a gradient truncation
technique to filter out noise in the shallow layer feature maps,
making it possible to fuse semantic information from different
layers. Experiments have proven that this method can be well
combined with various gradient-weighted CAM-related meth-
ods. In the future, we will explore how to further improve the
resolution of CAM methods to enhance the performance of
WSSS.
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