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Abstract—Class activation mapping (CAM) methods are a
fundamental component of weakly supervised learning tasks,
and research on CAMs specifically tailored for these tasks has
been steadily increasing. However, existing evaluation metrics
primarily assess the faithfulness and interpretability of CAM
algorithms. These metrics do not adequately assess whether an
activation method can precisely activate the true target region
and produce sufficiently strong activation values, both of which
are crucial for downstream weakly supervised learning tasks.
Furthermore, CAM performance is also evaluated using metrics
derived from downstream tasks; however, these metrics rely on
manually selected thresholds, which can result in substantially
different, or even contradictory, evaluation outcomes across
thresholds. This threshold sensitivity introduces the risk of
implicit cherry-picking, thereby undermining the fairness, ro-
bustness, and reproducibility of CAM evaluation. To address the
inappropriateness and threshold sensitivity for existing metrics,
we propose a new metric, termed Mask-Based Intersection En-
ergy (MBIE), which is threshold-insensitive and leverages object
masks to more accurately evaluate the activation outcomes of
CAM methods. The implementation is publicly available at https:
//github.com/caiqingdong111111/MBIE New CAM Evaluation.

Index Terms—Evaluation Metrics, Class Activation Mapping,
Convolutional Neural Network, Weakly Supervised Learning,

I. INTRODUCTION

Class activation mapping (CAM) methods serve as a funda-
mental component in weakly supervised learning tasks [1]–
[3]. By generating activation maps that highlight regions
contributing most strongly to a model’s prediction for a
given class [4]–[6], CAM provides coarse object information
that helps compensate for the lack of supervision in weakly
supervised learning tasks [3], [4], [7]–[9]. However, early
CAM methods often generate coarse and incomplete semantic
cues for target objects. These deficiencies can be amplified
during subsequent training stages, resulting in biased or partial
object representations and, consequently, reduced performance
in downstream weakly supervised tasks, including Weakly
Supervised Semantic Segmentation (WSSS) and Weakly Su-
pervised Object Localization (WSOL) [10]–[13].

Driven by the need for semantic completeness in weakly
supervised learning, a wide range of CAM variants have been
developed or adapted to support such tasks [1], [3], [14], [15].
However, despite broad acknowledgment of the importance of
task-specific CAM design, suitable evaluation metrics for these

activation algorithms remain largely underexplored. This limi-
tation stems from the original role of CAM methods as visual
explanation tools for convolutional neural networks (CNNs)
[16], which has led existing metrics, such as Average Drop
(AD), Increase in Confidence (IC) [17], [18], Deletion and
Insertion curves [19], and Image Occlusion (IO) [3], [14], [20],
to predominantly emphasizing faithfulness and effectiveness.
These metrics mainly assess whether the regions highlighted
by CAM algorithms contribute to model predictions, but they
do not evaluate whether the activated regions accurately and
completely cover the target objects, nor do they assess the
corresponding activation intensity [3], [21]–[23].

Previous studies have employed task-specific metrics, such
as mean Intersection over Union (mIoU) and Top-1 localiza-
tion accuracy (Loc1) [3], [14], [24], to evaluate the ability
of CAM algorithms to localize target objects. However, these
evaluation metrics rely on an additional thresholding step
that converts continuous activation maps into representations
suitable for evaluation [3], [18], [20]. Due to the absence
of a principled and consistent threshold selection criterion,
this process introduces a significant risk of implicit cherry-
picking [25], whereby evaluation results can be selectively
reported under favorable threshold settings while disregarding
less supportive outcomes, ultimately undermining the fairness
and reproducibility of CAM evaluation.

To address the mismatch and inappropriateness for existing
metrics, we propose a novel metric, termed Mask-Based In-
tersection Energy (MBIE), which is designed to be threshold-
insensitive and leverages object masks to accurately evaluate
the activation outcomes of CAM methods. MBIE comprises
two complementary components MBIEc and MBIEb. The for-
mer quantifies the activation intensity of the target class within
its corresponding semantic mask, while the latter measures the
extent of false or unintended activation in background regions.
By operating on class-specific semantic masks, MBIE enables
accurate and class-aware evaluation of CAM methods tailored
to downstream weakly supervised tasks.

1 MBIE operates on a per-class basis, enabling precise and
class-specific evaluation of CAM methods. To the best
of our knowledge, this work is the first to introduce
evaluation metrics tailored to activation methods used in
downstream weakly supervised tasks.
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Fig. 1: The original image and its corresponding activation map and explanation map. (a) The Original image. (b) The activation map is obtained by Grad-
CAM++ method with Resnet50. The red highlighted points represent high activation values and strong activation. Conversely, the blue highlighted points
represent low activation values and weak activation. (c) The explanation map. (d) The occlusion image. (e) The segmentation result is obtained by converting
the activation map. (f) The red detection box is the estimated object bounding box. The white one is the ground-truth bounding box. (g) The semantic
segmentation ground truth mask.

2 MBIE is a threshold-insensitive metric which eliminates
implicit cherry-picking risk, providing a consistent and
unbiased quantifies of CAM performance.

3 MBIE enables a comprehensive evaluation of CAM meth-
ods by quantifying both the activation strength within the
target region and the activation leakage in background
regions based on ground truth mask, ensuring a more
accurate and complete assessment.

II. RELATED WORK

This section reviews CAM methods commonly used in
weakly supervised learning and subsequently discusses the
corresponding evaluation metrics

A. CAM Methods for Weakly Supervised Learning

The original CAM method, introduced by Zhou et al.
[26], was developed to provide visual explanations for CNNs
and has become widely utilized activation algorithms, span-
ning both visual explanation research and weakly supervised
learning applications [27]–[29]. Subsequently, Grad-CAM and
Grad-CAM++ were introduced to generalize the original CAM
method by removing its dependence on a specific network
architecture, allowing activation maps to be generated without
requiring a global average pooling layer [17], [29]. As these
methods have been increasingly adopted in weakly supervised
learning [30], their inherent limitations have become more
evident. In particular, the activation maps they produce tend to
be spatially coarse and emphasize only the most discriminative
regions, which is insufficient for weakly supervised tasks that
require detailed object coverage. This limitation is especially
pronounced in WSSS, where accurate pixel-level delineation
of object regions is essential [31], [32]. In response to the
demands of weakly supervised learning, a growing body of
activation algorithms has been proposed [3], [14], [15], [30],
[33]. These methods exploit intermediate network representa-
tions to generate more fine-grained activation maps, thereby
alleviating the limitations of earlier approaches and giving rise
to a distinct and rapidly evolving research direction.

B. Evaluation Metrics for CAM algorithms

Evaluation metrics for CAM methods were introduced
alongside the development of the methods themselves. IO is
among the earliest metrics developed to evaluate the quality
of visualization algorithms [20]. This method systematically

involves occluding specific regions of an image and analyzing
the resulting changes in the model’s predictions [14]. Simi-
larly, AD and IC are also metrics designed to assess the quality
and fidelity of visual explanation results. They were first
introduced in Grad-CAM++ and have since become one of the
standard evaluation criteria [29]. Subsequently, Deletion and
Insertion curves [19], as well as the Energy-Based Pointing
Game (EBPG) [18], were proposed, but these two metrics are
rarely used in practice. Deleting and inserting curves involve
the iterative addition or removal of pixels according to their
activation values, while continuously monitoring the resulting
changes in model confidence. Consequently, the inference
process for a single image may require dozens or even
hundreds of iterations, and when applied to large-scale datasets
comprising tens of thousands of images, this procedure can
impose a substantial computational burden. EBPG computes
the ratio of total activation energy within the object’s ground-
truth bounding box to the total energy of the entire activation
map. Since bounding boxes often include background regions
with irregular shapes and sizes, the metric is influenced by both
box size and object shape, causing background activations to
be mistakenly counted as part of the object’s energy. Therefore,
an image is included for metric calculation only if the object
occupies less than 50% of the total image area, in order to
reduce the influence of excessive background regions [18].
This constraint substantially limits the applicability of the
metric.

The other two evaluation metrics are mIoU and Loc1,
which originate from the WSSS and WSOL domains, respec-
tively [3], [14], [20], [29]. As noted earlier, both Loc1 and
mIoU depend on manually set thresholds, which introduces
the risk of implicit cherry-picking [34], [35]. Consequently,
existing metrics, whether derived from explanations studies
or application-focused domains, are inadequate for evaluating
CAM methods specifically designed for downstream tasks.
This study presents the MBIE metric, which provides a
consistent and unbiased evaluation of CAM performance.

III. LIMITATIONS OF EXISTING EVALUATION METRICS

This section aims to further demonstrate that existing eval-
uation methods are unsuitable for evaluating CAM meth-
ods specifically designed for downstream tasks through their
computational methods. Furthermore, due to the numerous



Fig. 2: The process of converting activation maps into localization and segmentation results

limitations and low frequency of use of EBPG and missing
insertion curves, they will not be discussed further in this
paper.

A. Lack of Class-Specific Evaluation

AD and IC are widely utilized indicators in visual expla-
nations. AD measures the average percentage decrease in the
model’s confidence in the predicted class when the model is
fed an explanation map and the original image. An example
of the explanation map is shown in Fig. 1c. A lower AD
value indicates that occluding non-essential regions results in
only a marginal reduction in model confidence, suggesting that
the CAM effectively identifies the most informative regions
and that the retained input information remains sufficient to
support the prediction. AD can be expressed as:

AD =

N∑
i=1

max(0, Y c
i −Oc

i )

Y c
i

× 100

N
, (1)

where Y c
i is the classification predicated score for class c on

an original image i and Oc
i is the predicated score when the

explanation map is fed. N is the total number of images used
to calculate AD. max function is applied to eliminate the
case where Oc

i > Y c
i . The IC metric measures the number

of times when the network’s confidence with the explanation
map exceeds its confidence with the original image. A higher
IC value implies that the activation maps have effectively
identified regions that are critical to the model’s decision-
making. IC can be expressed as:

IC =

N∑
i=1

Sign(Y c
i < Oc

i )

N
× 100, (2)

where Sign presents an indicator function that returns 1 if input
is True.

Equations (1) and (2) clearly demonstrate that AD and IC
are class-independent metrics. They quantify changes in model
confidence before and after occluding image regions and use

these variations to assess the interpretability of activation
algorithms. Although the equations include a predicted value
Y c
i for class c, this c corresponds to the network’s top-1

predicted class rather than the image’s true label [29], [36].
Another similar metric is IO, which assesses the inter-

pretability of activation algorithms by measuring the model’s
Top-1 and Top-5 accuracy and confidence on occluded images.
If the accuracy and confidence on occluded images in the
network show a significant drop compared to when predicting
on the original image, then the CAM method is considered to
have strong interpretability. Unlike AD and IC, IO employs
different occlusion strategies during its calculation [3], [14],
[28], [36]. An example of the occluded image used in IO
is shown in Fig. 1d. Although IO relies on classification
prediction results, it computes the model’s overall accuracy
rather than class-specific accuracy. Therefore, these metrics are
category-independent and cannot determine whether a CAM
method fully activates a specific category region, or suppresses
spurious activations in background areas. Consequently, they
are not suitable for evaluating CAM methods designed for
downstream tasks.

B. Threshold Sensitivity and Information Loss

mIoU and Loc1 can, to some extent, be used to verify
the CAM algorithm’s ability to localize and activate specific
targets. However, these metrics require converting continuous
activation maps into discrete localization or segmentation
outputs for metric calculation. Activation maps produced by
CAM methods assign continuous values to pixels, reflecting
the likelihood that each pixel belongs to the target class, yet
they do not explicitly model the background category. Conse-
quently, a thresholding operation must be manually introduced
to distinguish foreground from background, assigning pixels
with low activation values to the background class. The choice
of this threshold directly influences the resulting localization
or segmentation masks. The tables presented in subsequent
chapters, along with prior studies [3], corroborate this claim.
Fig. 2 illustrates the process of converting an activation map



Fig. 3: The activation maps, segmentation and localization
results vary with the threshold. From top to bottom: the
thresholded activation map, the segmentation and localization
results. The blue bounding box is the ground-truth localization
labels, and T means threshold. The original activation map is
obtained using the Region-CAM algorithm with ResNet-50 on
the VOC validation dataset.

from a single image into a localization or segmentation result,
while Fig. 3 also shows how the segmentation and localization
results for the same activation map changes with different
thresholds.

Manually setting thresholds can inadvertently introduce the
risk of cherry-picking, as researchers may adjust thresholds in
ways that favour certain outcomes. Such subjective decisions
can cause reported performance to deviate from the intrinsic
quality of the activation method and depend instead on eval-
uation choices made after the fact, undermining objectivity
[36], [37]. More seriously, cherry-picking can exaggerate
performance, conceal limitations, or make results appear more
favorable than they actually are, distorting our understanding
of model behavior and potentially fostering overconfidence
in methods that perform poorly in practice [34]. Over time,
these effects undermine trust in published results and hinder
genuine progress in the field [38], because CAM methods were
developed as tools to help researchers understand models and
develop algorithms.

Moreover, continuous activation values provide fine-grained
numerical information, reflecting the strength, importance,
or probability of features and preserving subtle nuances.
In contrast, converting these continuous values to discrete
classification inevitably loses detail, amplitude, and subtlety,
treating different activation intensities within the same cate-
gory as equal. While discretization makes the output easier to
understand and evaluate using standard metrics, the cost is the
loss of rich spatial or intensity information. This means that

TABLE I: The AD and IC results obtained under a threshold
of 0.5.

Model Method AD (%) ↓ IC (%) ↑

VGG-16

Grad-CAM 44.7 10.3
Grad-CAM++ 70.3 3.8
Layer-CAM 43.5 14.8

Region-CAM 32.7 17.0

ResNet-50

CAM 20.0 43.1
Grad-CAM 21.0 41.3

Grad-CAM++ 20.7 41.4
Layer-CAM 19.1 42.8

Region-CAM 21.2 37.8

for tasks requiring precision, visualization, or interpretability,
continuous values are more informative. To address the in-
applicability of existing evaluation methods, as well as the
cherry-picking problem and inherent information loss caused
by thresholding, we propose MBIE to evaluate CAM more
robustly and accurately without relying on arbitrary thresholds.

IV. PROPOSED METRIC: MBIE

A. Class-specific Activation Intensity

The proposed MBIE consists of two complementary com-
ponents: MBIEc, measuring class-specific activation intensity,
and MBIEb, measuring background leakage intensity. Both are
reported separately, allowing for a detailed evaluation of CAM
performance, and are ultimately combined into a single score.

The computation of MBIEc will be broken down into several
steps and explained in detail. Suppose an image i contains
category c. The intersection energy of category c in this image
can be calculated as follows:

MBIEc
i =

∑
(h,w)∈maskc P c

(h,w)

N c
i

, (3)

where P c
(h,w) represents the activation value belong to class

c activation map at the spatial point (h,w), and maskc

means the semantic segmentation masks of target c. The N c
i

represents the number of pixels in maskc. The green area in
Fig. 1g is the semantic segmentation mask of the category
‘bird’. The activation values produced by CAM methods
are typically normalized to the range [0,1]. To establish a
reference for comparison, we assign an activation value of
1 to pixels belonging to the target class in the ground truth
mask. The activation rate of a pixel is computed by dividing its
CAM activation value by the corresponding mask pixel value.
This process yields a normalized measure that quantifies the
intensity, or degree, of CAM activation for the target; when a
pixel is fully activated, this rate equals 1. Therefore, in Eq.3,
the denominator, which equals the total number of pixels of
the target category, also represents the maximum activation
amount of the target category. The activation intensity of
category c across the entire dataset can be calculated as
follows:

MBIEc =
1

Nc

(
Nc∑
n=1

∑
(h,w)∈maskc P c

(h,w)

N c
i

)
, (4)



TABLE II: The Top-1 accuracy results of IO experiment with different activation methods at different thresholds, when T = 1.0,
the reported value corresponds to the top-1 accuracy of the original VGG16 without occlusion.

Model Method Top-1 accuracy (%) under different occlusion thresholds ↓
T = 0.3 T = 0.4 T = 0.5 T = 0.6 T = 0.7 T = 0.8 T = 0.9 T = 1.0

VGG-16

Grad-CAM 5.9 13.9 25.5 37.9 49.5 58.9 65.9 70.0
Grad-CAM++ 8.3 17.6 29.8 42.5 53.5 62.1 67.4 70.0
Layer-CAM 19.2 35.3 48.2 57.3 63.5 67.3 69.1 70.0

Region-CAM 7.2 13.7 22.2 31.9 42.3 52.3 61.9 70.0

ResNet-50

CAM 46.9 56.9 64.7 70.1 74.0 77.0 79.0 80.9
Grad-CAM 47.7 57.5 64.9 70.3 74.1 77.1 79.1 80.9

Grad-CAM++ 47.3 57.4 65.1 70.4 74.1 77.1 79.1 80.9
Layer-CAM 11.4 23.7 39.4 54.4 65.5 72.4 76.9 80.9

Region-CAM 9.5 15.2 23.0 33.2 45.3 57.4 69.0 80.9

TABLE III: The Loc1 of each activation method changes with threshold on the ILSVRC2012 validation set.

Model Method Loc1 varies with the threshold ↑
T = 0.3 T = 0.4 T = 0.5 T = 0.6 T = 0.7 T = 0.8 T = 0.9

VGG-16

Grad-CAM 41.3 40.2 35.5 26.8 15.9 7.0 1.6
Grad-CAM++ 38.9 39.2 37.6 32.9 24.8 14.6 4.8
Layer-CAM 40.1 39.0 35.1 28.6 20.0 10.2 3.1

Region-CAM 51.0 51.3 47.4 40.1 30.0 18.7 7.5

ResNet-50

CAM 54.1 41.6 27.1 14.2 5.8 1.7 0.3
Grad-CAM 54.4 41.7 27.3 14.2 5.7 1.7 0.3

Grad-CAM++ 54.3 42.2 27.8 14.6 6.1 1.6 0.3
Layer-CAM 54.3 59.4 60.3 53.7 37.1 15.5 2.3

Region-CAM 50.8 55.1 58.2 58.7 54.8 44.1 26.6

where Nc represents the number of times class c appears in
the entire dataset. This term was introduced to mitigate the
long-tail effect, where a small number of classes dominate
the dataset while the majority of classes have very few
examples, thereby enabling a more balanced evaluation across
all categories [39]–[41].

Based on MBIEc, we further calculate the average activation
level across all classes in the dataset as follows:

mMBIEc =

∑C
c=1 MBIEc

C
, (5)

where C is the total number of classes. The metric mMBIEc

represents the mean class-wise activation energy, providing a
single scalar that reflects the overall alignment between CAM
activation maps and ground-truth masks. mMBIEc also makes
evaluation more concise and interpretable.

B. Background Leakage Intensity

MBIEc measures the activation value within the target mask,
providing a quantitative assessment of a CAM algorithm’s
ability to correctly activate regions corresponding to a single
target category. However, CAM algorithms often produce
spurious activations in background regions that are unrelated
to the target. Such incorrect activations may introduce noisy
supervision, causing models to learn spurious associations
that can lead to over-segmentation and reduced accuracy in
downstream tasks. Prior studies have shown that noisy labels
degrade segmentation performance and generalization, as deep
networks may gradually fit incorrect labels, thereby distorting
learned feature representations and decision boundaries [42].
In addition, label noise can hinder training stability and

slow convergence, ultimately impairing the model’s ability to
generalize to clean test data [43].

To account for this issue, it is essential to compute the
background leakage intensity for the same target class c,
which quantifies the degree of false activation outside the
ground-truth mask. By jointly considering the target activation
MBIEc and the corresponding background leakage MBIEb, the
proposed evaluation framework provides a more accurate and
comprehensive measure of CAM performance, capturing both
its precision in localizing target regions and its susceptibility to
spurious activations. The MBIEb can be calculated as follows:

MBIEb =
1∑N

i=1 |Cj |

 N∑
i=1

∑
cj∈Cj

∑
(h,w)∈mask

cj
b
P

cj
(h,w)

N
cj
i

 ,

(6)
where Cj is the set of classes present in image i, P cj

(h,w) denotes
the activation value for class cj in image i at the spatial point
(h,w), mask

cj
b represents the background region in classes cj

activation map, N cj
i means the number of pixels of mask

cj
b .∑N

i=1 |Cj | represents the total number of image–class pairs
in the dataset, ensuring equal contribution from each class
occurrence.

Furthermore, MBIEb complements MBIEc by addressing
situations where the CAM algorithm arbitrarily activates all
pixels to 1. In such cases, MBIEc will reach 1, indicating
complete activation of the target area, while MBIEb also equals
1, reflecting the unintended activation in the background.
Therefore, MBIE metric can calculate as:

MBIE = max
(
mMBIEc − MBIEb, 0

)
(7)



Fig. 4: The mIoU changes with threshold on VOC dataset. For visualization purposes, the threshold values in the graph have
been scaled by a factor of 100.

TABLE IV: The evaluation results of each algorithm on MBIE (%) metric, including mMBIEc (%) and MBIEb (%).

VGG-16 Resnet-50
Grad-CAM Grad-CAM++ LayerCAM Region-CAM CAM Grad-CAM Grad-CAM++ LayerCAM Region-CAM

VOC train.
mMBIEc ↑ 32.3 43.5 35 69 47.1 51.3 50.6 44.2 71
MBIEb ↓ 6.4 15.7 7.4 21.1 6.1 9.5 8.4 8.4 19.9
MBIE ↑ 25.8 27.8 27.6 47.9 41 41.8 42.2 33.8 51.1

VOC val.
mMBIEc ↑ 31.7 42.9 34.3 68.7 45.6 50.9 50.1 43.7 69.2
MBIEb ↓ 6.9 16.6 7.9 21.7 6.1 9.9 8.7 8.7 20
MBIE ↑ 24.8 26.3 26.4 47 39.5 41 41.4 35 49.2

TABLE V: MBIEc (%) quantifies the activation intensity of each activation algorithm within each category on VOC validation
set. The used model is ResNet-50.
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tv mMBIEc

CAM 60.2 47.5 53.1 56.7 49.3 38.4 48.4 36.1 37.5 44.3 32.0 39.3 42.1 48.8 46.7 50.5 49.4 37.6 42.5 50.9 45.6

Grad-CAM 64.0 51.8 57.4 61.5 55.6 46.8 54.5 39.8 46.1 50.2 37.6 43.1 48.6 54.6 51.8 54.2 55.9 43.1 47.6 53.2 50.9

Grad-CAM++ 63.8 51.9 56.9 60.3 54.6 46.2 53.1 38.9 44.3 49.5 36.9 42.7 48.1 53.9 49.0 52.5 55.7 42.6 47.2 53.2 50.1

LayerCAM 54.5 49.0 46.8 49.4 48.2 41.1 48.4 33.4 41.8 41.1 33.5 34.8 41.1 48.0 41.9 45.7 46.3 38.4 45.3 46.3 43.7

Region-CAM 82.3 70.6 72.2 74.4 64.9 70.5 66.2 65.7 63.4 67.8 60.9 64.6 69.3 75.4 65.8 66.8 69.5 68.0 73.4 71.1 69.2

where max is maximum operation, which ensures that MBIE
will not be less than 0.

V. RESULTS AND DISCUSSION

In this section, multiple validation metrics will be calculated
using two networks and two datasets to further support the
claim that the current metrics for CAM methods are unsuitable
for evaluating CAM methods specifically designed for down-
stream tasks. Several activation methods are considered in this
study, including CAM [26], Grad-CAM [17], Grad-CAM++
[29], LayerCAM [14], and Region-CAM [3]. Although CAM,
Grad-CAM and Grad-CAM++ were not designed for weakly
supervised tasks, they are widely used in this context. Lay-
erCAM [14] and Region-CAM [3], on the other hand, are
specifically designed for weakly supervised tasks. LayerCAM
is more widely used than Region-CAM, but Region-CAM is
the latest algorithm.

A. Experimental Setup

During the experiment, we utilized two backbone networks:
VGG-16 and Resnet-50, as well as the ILSVRC 2012 valida-
tion set [44] and Pascal VOC 2012 [45] dataset. We calculate
AD, IC, IO, and Loc1 on the ILSVRC validation set. When
computing AD and IC, we selected only images correctly clas-
sified by the network from the ILSVRC 2012 validation set to
improve reproducibility and reduce experimental randomness.
Previous studies typically selected a fixed number of images
randomly [3], [14], [18], [26], [28], [29], [36]. Notably, the
original CAM method cannot be implemented by pre-trained
VGG-16, because VGG-16 lacks a global averaging layer. The
input images are resized to 244 × 244 and normalized to the
[0, 1] range using a mean vector of [0.485, 0.456, 0.406] and a
standard deviation vector of [0.229, 0.224, 0.225]. The weights
used are from the PyTorch model zoo [46].

mIoU and MBIE are computed using the Pascal VOC
2012 dataset, which provides fine-grained target masks. Pascal



VOC was historically used to evaluate activation algorithms;
however, as a multi-label dataset, it is not well suited for
calculating AD and IC and is therefore no longer used [1],
[29], [47]. The input images keep the original size and
normalized to the [0, 1] range using a mean vector of [0.485,
0.456, 0.406] and a standard deviation vector of [0.229, 0.224,
0.225]. The weights are trained by ourselves.

B. Metric Behavior Analysis

Tab. I presents AD and IC scores for several CAM methods
evaluated on VGG-16 and ResNet-50 under a threshold of
0.5. Region-CAM, a recently proposed method specifically de-
signed for weakly supervised tasks [3], achieves the lowest AD
and highest IC on VGG-16, indicating strong performance ac-
cording to these metrics. However, on ResNet-50, all methods
obtain similar AD and IC values, and Region-CAM does not
consistently outperform other approaches. These observations
suggest that AD and IC are sensitive to network architecture
and may fail to fully capture the advantages of CAM methods
designed for weakly supervised semantic segmentation and
object localization. Task-specific methods such as Layer-CAM
and Region-CAM produce spatially broader or smoother acti-
vation maps, which improve downstream localization but are
not necessarily rewarded by classification-oriented metrics like
AD and IC.

Compared with AD and IC, IO mIoU and Loc1 is threshold
sensitivity and carry a risk of introducing cherry-picking,
which is supported by Tab. II, Tab. III and Fig. 4. Since the
thresholds used in these metrics are not fixed and there are
no standards to follow. Previous studies have adopted different
threshold values [3], [14], [20]. In Tab. II, on VGG-16, when a
low threshold is applied (e.g., T=0.3), Grad-CAM outperform-
ing Region-CAM. However, this advantage diminishes as the
threshold increases. Depending on the chosen threshold, two
contradictory conclusions are reached: either Grad-CAM or
Region-CAM is optimal. Tab. III and Fig. 4 also demonstrate
the limitations of threshold-sensitive metrics. Region-CAM
generally outperforms Layer-CAM; however, Layer-CAM can
surpass it under certain threshold settings on ResNet-50. This
indicates that selective threshold choices can artificially inflate
the reported performance of a given algorithm or obscure per-
formance differences between methods, potentially resulting
in unreliable cross-paper comparisons and unfair algorithm
evaluation.

In contrast, our proposed metric effectively avoids the afore-
mentioned limitations and can well reflect the activation algo-
rithm’s ability to activate the correct target region. As shown
in Tab. IV, methods that have been reported in prior studies
to produce activation maps with broader spatial coverage
and more complete object localization,such as Region-CAM,
achieve higher mMBIE and overall MBIE scores. Conversely,
methods that generate sparse or highly localized activations
(CAM) receive substantially lower scores [3]. Moreover, the
validity of the mMBIE and MBIE scores is further corrob-
orated by the results shown in Fig. 4. Specifically, Region-
CAM attains its peak mIoU at a threshold of approximately

48%, indicating that its segmentation results at this threshold
most closely align with the ground-truth annotations. This
observation suggests that Region-CAM correctly activates
a large proportion of target regions with activation values
exceeding 48%. Consistently, the MBIE metric accurately
captures this behavior: when evaluated on ResNet-50, Region-
CAM achieves an MBIE score of 51.1%. Therefore, the
MBIE metric effectively evaluates and reflects the activation
capabilities of CAM methods designed for weakly supervised
tasks. It is threshold-insensitive, avoids cherry-picking risks,
and is laser-specific, enabling verification of the activation
algorithm’s performance for each individual class. Activation
results for each class are shown in Tab. V.

VI. CONCLUSIONS

This work proposes a novel metric, MBIE, which is
designed to be threshold-insensitive and class-specific for
accurately evaluating class activation map (CAM) methods
in weakly supervised learning settings. MBIE consists of
two complementary components, MBIEc and MBIEb, which
jointly and effectively assess the activation strength of the
target class and the extent of unintended activation in back-
ground regions. In particular, MBIEc emphasizes the model’s
ability to correctly highlight semantically relevant regions,
while MBIEb penalizes excessive or noisy activations outside
the target object, thereby encouraging precise localization. Our
analysis demonstrates that MBIE correlates well with quali-
tative visual assessments and remains robust across different
thresholds and datasets. As a result, MBIE offers a reliable
and practical evaluation tool for benchmarking CAM methods
and has the potential to facilitate more faithful interpretation
and comparison of weakly supervised localization approaches.
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