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Abstract—As a method of deep learning interpretability, class
activation mapping (CAM) is efficient and convenient for extracting
geographic objects supervised by image-level labels. However, in
addition to the inherent problem of inaccuracy and incompleteness
of CAM, we have to deal with the spectral and spatial variance of
geographic objects when applying CAM methods to remote sensing
images. To explore the capabilities of CAM methods on extracting
various geographic objects, we make a comprehensive comparison
of five commonly-used CAM methods, including original CAM,
GradCAM, GradCAM++, SmoothGradCAM++, and Score-
CAM, in four aspects: efficiency; accuracy; effectiveness on dealing
with the spectral and spatial variance; and performance of delineat-
ing different geographic object categories. The results demonstrate
that the original CAM, GradCAM, and GradCAM++ achieves
the highest efficiency, accuracy, and integrity for extracting ge-
ographic objects, respectively, which can help us choose the ap-
propriate CAM methods according to the specific requirements
of different extraction tasks. Benefiting from the capability in
extracting various geographic objects and adaptability in complex
scenes, GradCAM achieves the best performance in dealing with
the spectral and spatial variance problem and shows the advantage
of capturing object details and keeping object completeness at the
same time. In addition to the comparison experiments and sugges-
tions, we also provide the principle explanations of the performance
differences. The findings of this article could contribute to a deep
understanding of different CAM methods and benefit to selecting
suitable CAM methods for extracting geographic objects from the
perspectives of both principles and experiments.

Index Terms—Class activation mapping (CAM), convolutional
neural network (CNN), deep learning, geographic objects, weakly-
supervised semantic segmentation.

I. INTRODUCTION

IN RECENT years, fully convolutional network (FCN) [1]
with the supervision of rich pixel-level labels has been
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widely used for extracting numerous geographic objects, e.g.,
buildings [2]–[4], roads [5]–[7], vegetation [8]–[10], clouds
[11]–[13], vehicles [11], [12], as well as land cover mapping
[13]–[15]. However, collecting the huge amount of pixel-level
labels for training an FCN is time-consuming and even demands
expertise and fieldwork, especially when extracting geographic
objects with large spatial ranges. To solve the high-cost problem,
Zhou et al. [16] visualized deep features in convolutional neural
network (CNN) by mining the high-level semantic information
and proposed the class activation mapping (CAM) method with
CNN interpretability. Instead of training FCN with pixel-level
labels, CAM uses only image-level weak labels and a classifica-
tion network to localize geographic objects in pixel-level, which
provides an effective way for extracting geographic objects with
low cost and high efficiency.

1) CNN Interpretability: It has been demonstrated that weakly
supervised object extraction without spatial priors can be re-
alized by mining the interpretability of CNNs [16]–[20]. In
other words, CNN interpretability can obtain the object spatial
information by visualizing the semantic information from CNN
feature maps without pixel-level labels. Bazzani et al. [17]
proposed a self-taught object localization technique that involves
shadowing regions of the image to identify the regions causing
the maximal activations to localize objects. Cinbis et al. [18] pro-
posed to localize objects by combining multi-instance learning
with CNN features. Oquab et al. [20] introduced a method for
transferring mid-level image representations by global maximal
pooling (GMP) and demonstrated that object localization can be
achieved by superimposing a part of feature maps in the same
convolutional layer.

Instead of utilizing GMP, Zhou et al. [16] adopted global
average pooling (GAP) and proposed the original CAM method
that can localize objects in a single forward pass by an end-
to-end training mode. The end-to-end training mode has the
advantages of both integrity and simplicity, which means that
the CAM method can be transplanted to various object extrac-
tion tasks. After that, CAM quickly became popular for object
extraction because, on the one hand, the weighted heatmaps
generated for each feature map can be applied for accurate
discriminative localization, and on the other hand, only image-
level labels are needed to train a CNN model for generating
CAM, which allows CAM to be adopted for performing weakly-
supervised object extraction tasks directly [21], [22] or indirectly
[23], [24].

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see
https://creativecommons.org/licenses/by-nc-nd/4.0/

https://orcid.org/0000-0001-6188-0257
https://orcid.org/0000-0003-2739-3302
https://orcid.org/0000-0002-8681-8094
mailto:su17826062068@163.com
mailto:zxl@nju.edu.cn
mailto:xiaopf@nju.edu.cn
mailto:lzhenshi@outlook.com
mailto:wwy13594137516@gmail.com


5624 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

Although CAM has the characteristics of weakly labeling and
high efficiency, weakly labeling will discourage the network
from learning rich features, and the classification network will
lead to coarse-grained semantic features, both of which will
do harm to the accuracy and integrity of object extraction.
Accordingly, the subsequently modified CAM methods were
devoted to improving these two shortcomings.

2) Modified CAM Methods: As an initial method, CAM adds a
GAP layer and calculates the weight between the fully connected
layer and the corresponding class. To solve the problem that
CAM cannot be generated in some networks with the lack
of GAP layer, e.g., VGG16, GradCAM was proposed by Sel-
varaju et al. [25]. GradCAM records the gradient information
during backward propagation, and then takes the average of
the gradient as the weight. Compared to CAM, GradCAM is
more versatile because of the “GAP free.” Based on GradCAM
and CAM, Chattopadhyay et al. [26] proposed a method called
GradCAM++ that can extract multiple objects in an image.
Thus, GradCAM++ has better coverage, but it also faces the po-
tential problem of over-extraction. Omeiza et al. [27] further pro-
posed the SmoothGradCAM++ method, which introduces gra-
dient smoothening into GradCAM++. Smoothening requires
adding noise to the sample images of interest and averaging all
the gradient matrices generated by each noise image. Hence,
attention maps generated by SmoothGradCAM++ are of low
noise but time-consuming. Different from the gradient-based
CAM (GradCAM, GradCAM++, and SmoothGradCAM++),
ScoreCAM proposed by Wang et al. [28] belongs to the gradient-
free CAM. As the name implies, ScoreCAM eliminates the de-
pendence on gradients by obtaining the weight of each heatmap
through its forward passing score on object class, which can also
eliminate the noise caused by gradients. Modified CAM methods
were proposed for objects in natural images in the computer
vision domain, which have been demonstrated to be effective.
However, considering the difference between the objects in
natural images and the geographic objects in remote sensing
images, whether the improvement of CAM methods to objects
in natural images is applicable to geographic objects in remote
sensing images is still unknown.

3) CAM Methods for Extracting Geographic Objects: Re-
cently, CAM methods have been widely used for extracting
geographic objects by both direct and indirect ways due to the
characteristics of concise principles and high efficiency. As for
the direct way of utilizing CAM by thresholding the heatmap,
it was successfully applied to extract the densely distributed
artificial objects, such as oil tanks, aircraft, and boats [29]–[31].
The natural objects were also reported to be extracted by CAM
with high accuracy, such as vegetation [32] and clouds [33].
Comprehensively, Abitbol and Karsai [34] utilized GradCAM
to extract various objects in the whole of Paris. Apparently, the
core of directly utilizing CAM to extract geographic objects
is to select an appropriate CAM method. However, the current
related works ignored to compare different CAM methods and
selected methods at will, which may have a considerable impact
on extracting geographic objects. As for the indirect way of
utilizing CAM, it is used as a pseudo-mask to further train

an FCN model for extracting geographic objects. For example,
Fu et al. [35] proposed WSF-NET with CAM to extract water
and clouds. Chen et al. [36] proposed SPMF-Net with CAM to
extract buildings. The CAM was also used as pseudo-mask for
extracting buildings [37] and cars [38]. No matter in which way
the CAM methods are used, the accuracy and completeness of
CAM methods serve as the key to the effectiveness of extracting
geographic objects. In addition, Fu et al. [35] and Wang et al.
[39] found that CAM has different effects on multiple scales
and multiple objects that commonly appear in remote sensing
images.

As described above, even though CAM methods cannot
achieve extraction accuracy as high as that of fully supervised
FCN models, they received a lot of attention for extracting geo-
graphic objects because of the low cost and high efficiency. We
have several choices from the different CAM methods, and we
also need to select a proper CAM method for extracting variant
geographic objects. However, which method is more suitable
for a specific extraction task of geographic objects? To address
the question, the following problems should be illustrated. First,
since the large-size remote sensing image takes much longer
processing time than natural images, the efficiency of CAM
methods is very important. Second, different from the natural
images with relatively single scales and higher category saliency,
the large spectral and spatial variance of geographic objects is
very common in remote sensing images, such as multiple scales,
multiple objects, low inter-class separability, and high intra-class
heterogeneity. Therefore, the effect of CAM methods on dealing
with the large variety needs to be comprehensively evaluated in
terms of the accuracy and completeness. Third, previous studies
reported that the performance of CAM methods on extracting
different geographic objects varies greatly, and a systematic
comparison is thus lacking to illustrate the potential of CAM
methods for extracting different categories of geographic ob-
jects.

Hence, because of the lack of a clear and comprehensive
perception of the practicability of different CAM methods for
different geographic objects, we are not sure which CAM
method is suitable for specific tasks. In this article, we attempt
to clarify the applicability of CAM methods for extracting
geographic objects by comparing the efficiency, accuracy, and
completeness of different CAM methods and exploring their
spatial response capabilities to different geographic objects. The
main contributions of this article can be expected as follows.

1) By comparing the efficiency and accuracy of different
CAM methods, we demonstrate that the original CAM,
GradCAM, and SmoothGradCAM++ achieve the best
performance in terms of efficiency, accuracy, and com-
pleteness for extracting geographic objects, respectively.
Furthermore, we illustrate the reasons for the performance
difference from the perspective of principles, and provide
guidance for the selection of CAM methods according to
the demands of different geographic extracting tasks.

2) By comparing the capability of different CAM methods
in dealing with the spectral and spatial variance problem
of geographic objects, we demonstrate that GradCAM
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Fig. 1. Flow chart of the five CAM methods.

achieves better performance in terms of the capability in
extracting various geographic objects and the adaptability
in complex scenes, which indicates the advantage of Grad-
CAM on better capturing the fine-grained object features
and keeping the object completeness at the same time.

3) We further evaluate the performance of GradCAM for
extracting different categories of geographic objects and
it is illustrated that GradCAM performs better for geo-
graphic objects with low intra-class heterogeneity, clear
boundaries, and not too small size. This shows that using
a weakly supervised method based on GradCAM is an ef-
fective solution for practical applications when extracting
geographic objects with the above features.

The rest of this article is organized as follows. In Section Ⅱ,
we introduce five different CAM methods and their applications
in geographic object extraction. In Section Ⅲ, we introduce
the datasets, implementation details and experimental design.
Section Ⅳ experimentally compares the performance of dif-
ferent CAM methods. In Section Ⅴ, we discuss the reasons
why GradCAM performs best and how to further improve CAM
methods. Finally, Section Ⅵ concludes article.

II. METHODS

Here, we describe the principles of different CAM methods
and analyze the applicability of different CAM methods from
the perspective of principle. A heatmap would be generated by
applying a CAM method to a remote sensing image, in which
brighter pixels indicate a larger probability of belonging to the
target geographic object. As a result, the heatmap can then be
effectively used to extract the spatial information of geographic
objects.

A. Original CAM

The original CAM method was proposed by [16], which
uses GAP on the feature maps (Ak) in the last convolutional
layer and calculates the object class weight (wc

k) from the fully
connected layer, as shown in Fig. 1. Specifically, the weight wc

k is
derived from the feature maps and contains a linear relationship
with the extracted feature maps, which can be regarded as the
contributions of the feature maps to the object class. In a word,

the final class heatmap (M c) is obtained through the fusion of
the feature maps and the weight (wc

k), which is formulized as
follows:

M c
ij =

∑
k

wc
k Ak

ij . (1)

GAP plays a key role in generating original CAM, which
not only achieves data reduction but also prevents overfitting.
However, if the network does not contain a GAP layer, GAP
cannot be implemented unless the network is changed, which
goes against the original intention for easy operation and high
efficiency.

B. GradCAM

Selvaraju et al. [25] proposed the GradCAM method without
using the GAP layer. Let Y c represent the final classification
score and Ak represent the feature maps in the last convolu-

tional layer, GradCAM records the gradient information
(

∂Y c

∂Ak
ij

)
obtained during the CNN backward propagation. Then, the
gradient is averaged as the weight wc

k and thus bypasses the
GAP layer for weight acquisition. The weight wc

k is formulized
as (2), where Z is the number of pixels in Ak

wc
k =

1

Z

∑
i

∑
j

∂Y c

∂Ak
ij

. (2)

Similar to original CAM, GradCAM also uses the principle of
the linear combination of feature maps and weights, as shown
in Fig. 1. In short, GradCAM realizes deep feature extraction
without the GAP layer, which is more universal and extensive.

C. GradCAM++

Different from obtaining the weight by averaging, Chattopad-
hyay et al. [26] suppose that the weight wc

k in GradCAM makes
the same contributions in each pixel, which leads to the lack of
object completeness. In this regard, GradCAM++ adds a coef-
ficient αkc

i,j (weighting coefficients for the pixel-wise gradients
for class c and convolutional feature maps Ak) for calculating
weight wc

k . The weight of GradCAM++ is formulized as
follows:

wc
k =

∑
i

∑
j

αkc
ij · relu

(
∂Y c

∂Ak
ij

)
(3)

where relu(·) is the rectified linear unit activation function.
By integrating the additional coefficient, GradCAM++

achieves high coverage and a low omission rate of multiple
units when the object class contains multiple units in an image.
However, the extra coefficient magnifies the noise in the image
and reduces the extracting accuracy.

D. SmoothGradCAM++

Compared with GradCAM++, SmoothGradCAM++ [27]
is devoted to eliminating noise, as shown in Fig. 1. It creatively
adds noise into the original image to achieve the purpose of “re-
moving noise by adding noise” [40]. Smoothing operation makes
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the heatmap contain both the noise attached to the gradient and
that artificially added. After adding noise, the noise attached to
the gradient is weakened due to the randomness of its location.
Therefore, we can obtain the denoised heatmap by manually
eliminating the artificial noise. Specifically, let Dk

1 represent the
first derivate of the kth feature map and nthe number of times to
add noise. The weight of SmoothGradCAM++ is formulized
as follows:

wc
k =

∑
i

∑
j

αkc
ij · relu

(
1

n

n∑
1

Dk
1

)
. (4)

This method eliminates the noise interference generated by
gradient to a certain extent, but it cannot completely solve the
problem of the low accuracy of GradCAM++.

E. ScoreCAM

The above methods only modified the object class weight
acquisition in the previous CAM methods, but did not involve
the improvement of feature maps. Different from the methods
based on GradCAM, ScoreCAM [28] no longer uses the gradient
to obtain weights but returns to the original gradient-free CAM
method. Moreover, ScoreCAM no longer directly obtains the
heatmap by multiplying the feature maps and weights. Before the
linear calculation, ScoreCAM performs up-sampling and stan-
dardization on the feature maps. Then, ScoreCAM multiplies
the feature maps with the original image pixel by pixel. The new
mixed image not only presents the original image information
but also presents the information of feature maps.

In the second stage, ScoreCAM masks the information of the
original feature maps in the mixed image and puts the masked
image into the CNN again to obtain values representing the
importance of different feature maps. Due to the introduction of
confidence, the heatmap focuses more on the target object than
other CAM methods. Nevertheless, the focus characteristics of
ScoreCAM may lead to insufficient integrity, and the complexity
of the weight acquisition process is very high. Hence, the effec-
tiveness of ScoreCAM needs to be further evaluated in terms of
both efficiency and accuracy.

F. Geographic Objects Extraction by CAM

After training a CNN by image-level labels, we can obtain
the heatmap from the trained network by the CAM methods,
as shown in Fig. 2. A thresholding strategy is then applied to
the heatmap to directly extract the corresponding geographic
objects. Specifically, we set the pixels larger than the threshold as
the foreground, and set the remaining pixels as the background.
Since the optimal thresholds of different object classes are
different, we use the prior knowledge of the size and shape of
the geographic objects to preselect several different thresholds
for accuracy comparison and pick out the best threshold. Af-
ter thresholding, the result is further processed by a sequence
labeling algorithm named fully connected conditional random
field (CRF) [41]. CRF comprehensively considers the contex-
tual information to calculate the class probability of the target

Fig. 2. Pipeline of extracting geographic objects by using CAM in the direct
way.

pixel and can thus improve the boundaries and completeness of
objects.

It is noted that the extracted results by thresholding the
heatmaps could be used as the pseudo-mask to train an FCN
model for semantic segmentation, which refers to the indirect
way of utilizing CAM. The higher quality of the pseudo-mask
would result in the higher segmentation accuracy [37]. Hence,
we focus on evaluating the results after thresholding, which
could also be beneficial to selecting a proper CAM method for
training FCN.

III. EXPERIMENT SETUP

A. Datasets

To comprehensively evaluate and compare the effectiveness
of different CAM methods, three datasets are adopted for the
experiments, which cover remote sensing images with different
spatial and spectral resolutions, and geographic objects with
different types, sizes, shapes, as well as large variances. The
details of each dataset are presented as follows.

1) ISPRS-Potsdam Dataset: There are 38 aerial images of
6000 × 6000 pixels with 5 cm spatial resolution in ISPRS-
Potsdam dataset [42]. We use 20 images for training and the
other 18 images for testing. The dataset covers abundant ge-
ographic objects with pixel-level labels of buildings, roads,
vegetation, cars, and water. Compared with other public multi-
class datasets, such as NWPU VHR-10 [42]–[44] and DIOR
[45], ISPRS-Potsdam dataset has higher spatial resolution and
the annotated geographic objects are more common. Therefore,
ISPRS-Potsdam dataset is used to evaluate the effectiveness of
CAM methods on extracting buildings, vegetation, and cars, as
shown in Fig. 3.

2) WDCD Dataset: The WDCD dataset proposed by [33] is
adopted to evaluate the performance of CAM methods on cloud
detection, as shown in Fig. 4. The dataset consists of Gaofen-1
PMS images with a spatial resolution of 8 m. It provides over
200 000 image-level training patches with 128 × 128 pixels for
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Fig. 3. Sample image in ISPRS-Potsdam dataset with different geographic
objects.

Fig. 4. Sample image in WDCD dataset for cloud detection.

Fig. 5. Sample image in Inria Building dataset with large spectral and spatial
variance of buildings.

training and 25 large-size images (approximately 6000 × 6000
pixels) with pixel-level labels for testing. Even though cloud is
indeed not a geographic object, as for optical remote sensing
images, accurate cloud extraction is very helpful for extracting
geographic objects, because the correct detection of clouds can
exclude the interference of clouds to extract geographic objects.
Hence, the cloud extraction task is involved in this article.

3) Inria Building Dataset: The Inria Building dataset con-
sists of 360 aerial images with a spatial resolution of 0.3 m, as
shown in Fig. 5. Each image contains 5000 × 5000 pixels with
pixel-level labels of each building [46]. We select 100 images for

training and 25 images for testing. The images cover dissimilar
urban settlements, ranging from densely populated areas (e.g.,
San Francisco’s financial district) to alpine towns (e.g., Lienz in
Austrian Tyrol). Hence, Inria Building dataset is very suitable
for evaluating the potential of dealing with the large variance
problem of geographic objects.

The images are cropped into 256 × 256 patches with a
sliding stride of 32 for both training and test, except for the
training samples of the WDCD dataset. The training patches are
augmented by image rotation, random horizontal flipping, and
adding random noise. The image-level labels are generated by
counting the proportion of foreground pixels in the patch, where
the training patch with over 25% foreground pixels is viewed as
positive and that with fewer than 5% foreground pixels is viewed
as negative. The proportion of positive and negative training
samples is further balanced by filtering. The specific numbers
of samples of each dataset are given in Table I.

B. Implementation Details

1) Computing Environment: The experiment is conducted
on PyTorch 1.8.0 and Python 3.8. The network is trained on
a computer with an Intel Core i7-10700F CPU, one NVIDIA
GeForce RTX 3080 GPU, and 64 GB memory.

2) Evaluation Metrics: Several commonly used accuracy
measures are derived: including precision, recall, overall accu-
racy (OA), F1-score, and intersection of union (IoU), which are
formulized as follows:

precision =
TP

TP + FP
(5)

recall =
TP

TP + FN
(6)

OA =
TP + TN

TP + TN + FP + FN
(7)

F1−score = 2× precision × recall
precision + recall

(8)

IoU =
TP

TP + FP + FN
(9)

where TP and TN refer to truly predicted pixels in the positive
and negative samples, while FP and FN refer to falsely predicted
pixels in the positive and negative samples. Precision represents
the proportion of the number of correctly predicted pixels in
all predicted pixels, and Recall represents the proportion of
correctly predicted pixels in the reference image. OA, F1-score,
and IoU indicate the OA.

3) CNN Architecture: We choose ResNet101 as the CNN
architecture for three reasons. First, compared with early CNN
architectures, such as AlexNet [47] and VGG [48], ResNet [49]
contains the GAP layer, which generates original CAM without
changing the network structure. In other words, CNN networks
like VGG need to add the GAP layer to generate original CAM.
Moreover, compared with novel CNN architectures such as
EfficientNet [50] and HRNet [51], ResNet has fewer param-
eters and a lighter network architecture. Second, ResNet has
“shortcut connections.” Identity shortcut connections increase



5628 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

TABLE I
LIST OF THE NUMBERS OF SAMPLES FOR EACH DATASET

TABLE II
ACCURACIES OF DIFFERENT CNN ARCHITECTURES ON ISPRS-POTSDAM DATASETS

TABLE III
LIST OF HYPERPARAMETERS FOR TRAINING RESNET101

TABLE IV
EFFICIENCY COMPARISON OF DIFFERENT CAM METHODS

neither extra parameters nor computational complexity, which
allows the information obtained in the previous residual block
to flow into the next residual block without any loss, and avoids
the problem of gradient degradation. Third, ResNet contains
different versions, including ResNet18, ResNet34, ResNet50,
ResNet101, and ResNet152. ResNet101 weighs the training
efficiency, precision, and hardware configuration, which is suit-
able for this article. To verify the superiority of ResNet101 in
extracting geographic objects, we design a CNN architecture
performance comparison including VGG16 [48], ResNet18, and
ResNet101. As a typical geographic object, we choose buildings
in ISPRS-Potsdam dataset and calculate the IoU of five CAM
methods for comparison, as given in Table Ⅱ. Benefiting from
the advanced and deeper network structure, ResNet101 performs
best among these CNN architectures. Limited from the depth of
network, ResNet18 ranks second. Because of the naïve architec-
ture and transplanted GAP layer, the performance of VGG16 is
the worst. Consequently, we choose ResNet101 to do follow-up
study.

4) CNN Training: The effectiveness of CNN training guar-
antees the quality of the generated heatmap by CAM methods.
The selection of hyperparameters influences the training effects,
which requires a series of comparative experiments, and the final
settings are given in TableⅢ. In order to achieve faster and better
iterations of the network, the classification network is initialized
by the weights of ResNet101 pretrained on ImageNet [52]. The

stochastic gradient descent optimizer and cross-entropy loss
function are utilized for training.

C. Experimental Design

In order to achieve a comprehensive comparison of CAM
methods for extracting geographic objects, we design the follow-
ing four experiments: efficiency comparison; accuracy compari-
son; comparison of dealing with the large variance problem; and
comparison of the localization ability for different geographic
objects.

1) Efficiency Comparison: The amount of time it takes to
generate the heatmap is an important indicator of CAM methods,
especially for processing the large-size remote sensing images.
In order to compare the efficiency of different CAM methods
in generating heatmaps, the time spent in generating heatmap is
recorded and averaged.

2) Accuracy Comparison: We use the five measures (preci-
sion, recall, OA, F1-score, and IoU) to quantitatively evaluate the
accuracy of the extracted geographic objects from the heatmaps
generated by different CAM methods.

3) Comparison of Dealing With the Large Variance Problem:
This comparison aims at illustrating the effectiveness of different
CAM methods on dealing with the large variance problem that
is common for geographic objects, including multiple scales,
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multiple objects, high intraclass heterogeneity and low interclass
separability.

4) Comparison of the Localization Ability for Different Cate-
gories of Geographic Objects: The most suitable CAM method
for extracting geographic objects could be selected by the above
three experiments. However, due to the various characteristics
among different object classes, the effectiveness of the CAM
method varies for different object classes. Taking the selected
CAM method as an example, this comparison aims at illustrating
the performance difference of the CAM methods in terms of
different object classes, especially the effects of the spectral
heterogeneity, boundary, and size of geographic objects.

IV. RESULTS

A. Efficiency Comparison

Totally 53 full-size images (20 images from ISPRS-Potsdam
dataset, 13 images from WDCD dataset, and 20 images from
Inria Building dataset) are used to obtain the average time for
each CAM method to generate heatmaps, as given in Table Ⅳ.
The original CAM is the most efficient, which takes only 25.9
s to generate a heatmap. GradCAM and GradCAM++ are less
efficient than original CAM, and take 70.8 and 70.7 s to generate
a heatmap, respectively. The efficiency of SmoothGradCAM++
is significantly reduced, which takes 418.0 s. ScoreCAM has
the lowest efficiency, taking up to 1245.2 s, which is approxi-
mately 3 times as long as SmoothGradCAM++, 18 times that
of GradCAM, and 48 times that of original CAM. To further
compare the efficiency of different CAM methods, we compared
the time complexity (FLOPS) and space complexity (Params)
of different CAM methods, and the results have a similar pattern
to the running time.

In general, the main reason for the efficiency difference of
different CAM methods is their different mapping principles.
Original CAM directly uses the existing information in CNN
architecture as the weight, while GradCAM and GradCAM++
need to calculate the gradient to obtain the weight. For
SmoothGradCAM++, to make the heatmaps “smoother,” the
image needs to be passed through CNN multiple times, which
leads to a greatly increased time consumption to generate a
heatmap. ScoreCAM needs to fuse multiple feature maps with
the original images and re-feed them into CNN to calculate the
weights, which makes it take the longest time among all the
CAM methods. Through the efficiency comparison, we can infer
that the original CAM extracts geographic objects with the least
computation. However, the comparison results also prove that
the original CAM uses less feature information in the extracting
process, which may affect the fineness of the extracting results.

B. Accuracy Comparison

Five evaluation measures are used to comprehensively com-
pare the accuracies of different CAM methods. The 13 test im-
ages from ISPRS-Potsdam dataset and 13 images from WDCD
dataset are used together for this comparison, involving the
geographic objects of buildings, vegetation, and cars, as well
as clouds. Taking building extraction as an example, we first

Fig. 6. Sample heatmap and binarization results of buildings from ISPRS-
Potsdam dataset by different CAM methods.

Fig. 7. Sample extraction results of buildings, vegetation, and cars from
ISPRS-Potsdam dataset by different CAM methods.

generate the heatmap results of different CAM methods, as
shown in Fig. 6. Compared to other CAM methods, GradCAM
shows more accurate foreground extraction and smoother edges.
According to the shape and size of geographic objects, we thresh-
old the heatmap and obtain the binarization results. On the basis
of binarization results, we calculate the five evaluation measures
for each object class and then their averages for comparison, and
each result is averaged by 12 independent experiments in terms
of random initialization of training and test samples, as shown
in Table V and Table VI. GradCAM performs the best in terms
of precision, OA, F1-score, and IoU. In addition to achieving
higher accuracy than other CAM methods, GradCAM also has
an advantage in the capability of localizing object boundaries
through visual evaluation, as shown in Figs. 7 and 8. Considering
the object completeness, SmoothGradCAM++ performs best in
terms of recall and GradCAM++ also performs well.

The accuracy comparison results show that the improvement
of CAM methods to objects in natural images is not completely
applicable to geographic objects in remote sensing images. The
improvement from CAM to GradCAM is applicable because
the accuracy and completeness of GradCAM to extract the
geographic objects are both improved. It can be seen that the
gradient used by GradCAM has achieved a good performance.
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TABLE V
ACCURACIES OF DIFFERENT CAM METHODS ON ISPRS-POTSDAM DATASETS

TABLE VI
ACCURACIES OF DIFFERENT CAM METHODS ON WDCD DATASETS

Fig. 8. Sample extraction results of clouds from WDCD dataset by different
CAM methods.

GradCAM++ and SmoothGradCAM++ can improve the ex-
traction completeness, but at the cost of losing much more
precision, which finally leads to the decrease of OA indicated
by OA, F1-score, and IoU.

It shows that GradCAM stands out for its excellent map-
ping principles when dealing with geographic objects. Com-
pared with CAM, which only uses the GAP to obtain the
weight for heatmap, GradCAM makes use of the more abun-
dant gradient information to obtain the weight and thus
achieves better performance. Compared with GradCAM++ and
SmoothGradCAM++, GradCAM uses the weights of all the
pixels in feature maps for extracting geographic objects, which
enables GradCAM to pay balanced attention to each pixel. In
contrast, GradCAM++ and SmoothGradCAM++ pay more
attention to the foreground regions. Although it works for im-
proving completeness, the background pixels are more inclined
to be recognized as the foreground, leading to the decreased
precision and OA. Meanwhile, the boundary pixels are not given
a lower weight due to the lack of information in feature maps.
Hence, the boundary accuracy and object localization capabili-
ties are simultaneously reduced in the results of GradCAM++
and SmoothGradCAM++.

C. Comparison of Dealing With the Large Variance Problem

The Inria Building dataset is used for comparing different
CAM methods on the ability of dealing with the large variance
problem of geographic objects, as already shown in Fig. 5. The

Fig. 9. Sample extraction results by different CAM methods for illustrating
the ability of dealing with the problem of multiple objects in Inria Building
dataset.

achieved extraction accuracies by different CAM methods are
given in Table VII. We find that the accuracies of different CAM
methods are lower than those in Table Ⅴ because of the high
complexity of buildings in the Inria building dataset. However,
the performance gaps among different CAM methods in Table
Ⅶ remain similar to those in Table Ⅴ, where GradCAM still
comes out on top in terms of precision and overall accuracies,
again demonstrating the excellent object localization capability
of GradCAM. In addition, GradCAM also has superior perfor-
mance than other CAM methods in dealing with each of large
variance problems, including multiple scales, multiple objects,
high intra-class heterogeneity, and low inter-class separability,
which is illustrated as below.

In dealing with the problem of multiple objects, we found
it difficult to separate the gathered objects by CAM methods,
especially in the case of small-scale geographic objects with the
disturbance of surrounding objects. However, as shown in Fig. 9,
although GradCAM also reduces its localization capability due
to the disturbance of surrounding vegetation, it can effectively
isolate the small buildings, rather than identifying them as a
whole by other CAM methods, which shows the priority of
GradCAM on capturing the fine-grained object features.

GradCAM also demonstrates a better localization capability
than other CAM methods in extracting multiscale objects, as
shown in Fig. 10. Overall, all CAM methods perform well
in extracting large-size buildings completely, but GradCAM
produces results with shape closer to the ground truth than any
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TABLE VII
ACCURACIES OF DIFFERENT CAM METHODS ON INRIA BUILDING DATASET

Fig. 10. Sample extraction results by different CAM methods for illustrating
the ability of dealing with the problem of multiple scales in Inria Building dataset.

Fig. 11. Sample extraction results by different CAM methods for illustrating
the ability of dealing with the problem of low inter-class separability in Inria
Building dataset.

other CAM methods, as marked by the green circles in Fig. 10.
In addition, GradCAM has the unique localization capability for
small-scale geographic objects, as marked by the red circles in
Fig. 10, where GradCAM successfully identifies all the small
buildings while the other CAM methods tend to identify them
as a whole and thus aggregate into a large-scale fake object. This
further shows the advantage of GradCAM on capturing details.

In the case of low inter-class separability, a common problem
for building extraction is the confusion with other impervious
surfaces. As shown in Fig. 11, the building roof is spectrally
very similar to its surrounding parking lot, which results in
the extraction errors for all the CAM methods. However, it is
visually obvious that the error of GradCAM is much lower than
other CAM methods. Additionally, as marked by the red circle,
GradCAM can even overcome the confusion and successfully
extract the small-scale building, which is missed by all other
CAM methods. This could be caused by the better ability of
GradCAM on capturing object details. It is noted that all the
CAM methods identify the shadow as building. This is caused
by the co-occurrence of building and shadow, which is difficult
to separate under the supervision of image-level labels.

As for the high intra-class heterogeneity problem, it includes
two types of heterogeneities: spectral and shape. GradCAM also

Fig. 12. Sample extraction results by different CAM methods for illustrating
the ability of dealing with the problem of high intra-class heterogeneity in Inria
Building dataset.

achieves the best performance among the CAM methods, as
shown in Fig. 12. In terms of the spectral heterogeneity, the typ-
ical error would be the omitted buildings, such as those marked
as green circles in Fig. 12 by original CAM and ScoreCAM.
The shape heterogeneity would lead to errors of the extracted
buildings, such as those marked as red circles in Fig. 12 by
GradCAM++, SmoothGradCAM++, and ScoreCAM.

According to the above comparisons, we can know that Grad-
CAM achieves better performance in dealing with the high vari-
ance problem in terms of both the accuracies and each specific
high variance case. The results demonstrate that GradCAM has
the advantage of capturing more fine-grained object features
than other CAM methods, as well as has a good performance on
capturing the complete object extent.

The following reasons can explain why GradCAM performs
best among the five CAM methods in large variance problem:
On the one hand, the weights obtained from gradient information
contain more geographic feature information than the GAP
operation, which is more conducive to the extracting results. On
the other hand, the extracting results of each feature map become
more fine-grained because the gradients information would be
fed back to each pixel in feature maps.

D. Comparison of the Localization Ability for Different
Categories of Geographic Objects

Through the above comparisons, we can safely conclude that
GradCAM performs best among the CAM methods and could be
preferred for extracting geographic objects, taking into account
both efficiency and accuracy. Until now, the performance of
GradCAM on different geographic object classes has remained
unclear. To explore the localization capabilities of CAM meth-
ods represented by GradCAM to different geographic objects,
the factors of the spectral heterogeneity, boundary, and size are
mainly considered.
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Fig. 13. Extraction results of various geographic objects by GradCAM with and without CRF post-processing.

TABLE VIII
EXTRACTION ACCURACIES OF VARIOUS GEOGRAPHIC OBJECTS BY GRADCAM WITH/WITHOUT CRF POSTPROCESSING

The geographic objects of vegetation, buildings, and cars in
ISPRS-Potsdam dataset and the objects of clouds in WDCD
dataset are specifically used for comparison, to illustrate the
effects of the spectral heterogeneity, boundary, and size on
extracting geographic objects by GradCAM. The accuracies for
each object class by GradCAM are given in Table VIII.

The effect of object size on GradCAM performance is il-
lustrated by the much lower accuracies of the small-size cars
compared with those of other object classes in TableⅧ. Even
though GradCAM has been demonstrated to be able to capture
fine-grained object features, the results here show that it is still
not fine enough to capture the small car objects, which could be
due to the loss of details by the convolutional network.

The accuracy difference among the vegetation, clouds,
and buildings in Table Ⅷ illustrates the effect of spectral

heterogeneity of geographic objects. Clouds have the smallest
intra-class spectral heterogeneity and thus the highest accura-
cies. Usually, vegetation would have smaller intra-class spectral
heterogeneity than buildings because of the roofs made up of
the abundant man-made materials. However, most of the leaves
of the vegetation were fallen at the imaging date. The fallen
leaves allow the complex background being imaged and thus
increase the spectral heterogeneity of the vegetation, as shown
in Fig. 13. Hence, the accuracies of vegetation are lower than
those of buildings.

The effect of the object boundaries on GradCAM is reflected
by the accuracy gaps between the results with and without
CRF post-processing in Table Ⅷ. Compared with the smooth
boundary of vegetation, the boundaries of clouds, buildings,
and cars are clearer, as shown in Fig. 13. Hence, the accuracy
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improvements by CRF post-processing of the objects with clear
boundaries are apparently higher than those of vegetation. Com-
paring the accuracy improvements of cars with those of clouds
and buildings, since the small size of cars leads to the boundaries
less clear than those of clouds and buildings, we can see that
the accuracy improvements of cars by CRF post-processing are
smaller.

According to the above results, we can safely conclude that
GradCAM tends to produce better extraction results for objects
with low intra-class heterogeneity, clear boundaries, and not too
small size. The extraction results by GradCAM with and without
CRF post-processing in Fig. 13 further illustrate the different
effects of the above three factors as well as the effectiveness of
GradCAM for extracting various geographic objects.

V. DISCUSSION

Through a variety of comparative experiments, it is found
that GradCAM performs better than original CAM because of
the utilization of the abundant gradient information of convolu-
tional layers. In addition, the OA of GradCAM is even higher
than the modified GradCAM++ and SmoothGradCAM++
for extracting geographic objects from remote sensing images,
which is opposite to previous studies on natural images [26],
[27]. This phenomenon can be explained from the following
perspectives. In natural images with relatively small-scale vari-
ance, the α factor in GradCAM++ and SmoothGradCAM++
weight can improve the completeness of objects. However, the
geographic object class covers a large range of scales, with
large-size and small-size objects co-occurring in remote sensing
images. Therefore, the α factor tends to merge the isolated
small-size objects into fake large-size ones, resulting in low
accuracy. GradCAM, on the other hand, achieves the foreground
and background balance and therefore stands out on extracting
geographic objects in remote sensing images.

CAM methods only utilize image-level labels and a classifica-
tion network to achieve object localization. It has the advantage
in training efficiency, but inferior accuracy than the FCN model
for semantic segmentation. Therefore, the extracted results of
CAM methods are always used as pseudo-masks for training a
segmentation network to further improve accuracies [37]. In this
case, we also need to carefully consider the selection of a suitable
CAM method, which could be benefited from the findings of
this article. For example, if the pseudo-mask is required to
have labeling errors as few as possible, we can choose CAM
methods with high precision, such as GradCAM, and then the
completeness of objects can be made up by training the segmen-
tation network. If the objects are continuous and preferred to be
extracted completely, then we can choose CAM methods with
high integrity, such as GradCAM++ or SmoothGradCAM++,
in which the influence of labeling errors could be removed by
improving the training of segmentation network on noisy labels.

In addition to directly applying CAM methods for extracting
geographic objects, a lot of attention has been paid to modify
the training of CAM methods in weakly supervised semantic
segmentation to improve segmentation accuracy. Among the
different CAM methods, it is more inclined to modify based on

original CAM, rather than GradCAM or other CAM methods.
There could be the following reasons for the preference of
original CAM. First of all, compared to the GradCAM series,
original CAM requires the GAP operation, in which GAP was
modified into GMP [20] to enhance the structure of foreground,
or global convolutional pooling to enhance the ability of the
feature map to represent spatial variance of objects [33]. Second,
CAM does not need to obtain weight through gradient, so it will
not affect the efficiency of obtaining weights due to the increase
in image resolution. For example, we are able to remove part of
the pooling layer in CNN to pursue high spatial resolution by
using original CAM [33]. If GradCAM series are used in the
same situation, the computational complexity of gradient would
increase exponentially, which leads to a significant decrease in
the efficiency and is not conducive to extract geographic objects
in large-size remote sensing images. Third, since training seg-
mentation network requires a large number of labeled samples,
the efficiency of generating pseudo-mask is important for sample
collection, so the original CAM with the highest efficiency is
also suitable. Hence, the original CAM is widely used to be
modified as a pseudo-mask for further training segmentation
network because of its efficiency and flexibility. However, since
GradCAM achieves better accuracy and acceptable efficiency
among the different CAM methods, it is preferable to be used
for both directly extracting geographic objects and providing
pseudo-masks for training segmentation network.

VI. CONCLUSION

In this article, we made a comprehensive comparison on the
capability of different CAM methods including the original
CAM, GradCAM, GradCAM++, SmoothGradCAM++, and
ScoreCAM, which contributes to a deep understanding of dif-
ferent CAM methods and benefits to selecting a suitable CAM
method for extracting geographic objects from the perspectives
of both principles and experiments.

From the perspective of experiments, the results demonstrate
that the original CAM has the highest efficiency and flexibility
among these methods, which is suitable. GradCAM++ achieves
the best performance on completeness and thus can minimize
the leakage of geographic objects. GradCAM can satisfy the
extraction of geographic objects in most scenes because of the
best performance in accuracy and the acceptable efficiency. In
addition, benefiting from the outstanding capability in extracting
various geographic objects and excellent adaptability in complex
scenes, GradCAM holds the advantage of capturing object de-
tails and keeping high-level object completeness, which makes
it perform better in dealing with the large variance problems.
Accordingly, GradCAM is preferred to be used for both directly
extracting geographic objects and providing pseudo-masks for
training segmentation networks.

From the perspective of principles, we illustrated the prin-
ciples of different CAM methods in detail, especially the key
difference between them. We found that the rational use of
the gradient information with a large amount of parameters is
the key for GradCAM to achieve fine-grained extraction while
reducing the classification errors of foreground and background.
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Furthermore, we explored the localization ability of GradCAM
on different geographic object classes from three aspects: spec-
tral heterogeneity; boundary; and size. We found that GradCAM
tends to produce better extraction results for objects with low
intra-class heterogeneity, clear boundaries, and not too small
size.

In the future, we should pay more attention to the following
two aspects. First, since CAM methods still have a big accu-
racy gap with fully-supervised methods, we would pay more
attention to modifying the CAM methods from the perspective
of network training and CAM itself to improve the accuracy.
Second, we should expand the applications of different CAM
methods for extracting geographic objects and further verify the
effectiveness.
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