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ABSTRACT
Weakly Supervised Object Localization (WSOL) aims to localize
objects using only image-level labels while ensuring competitive
classification performance. However, previous efforts have prior-
itized localization over classification accuracy in discriminative
features, in which low-level information is neglected. We argue
that low-level image representations, such as edges, color, texture,
and motions are crucial for accurate detection. That is, using such
information further achieves more refined localization, which can
be used to promote classification accuracy. In this paper, we propose
a unified framework that simultaneously improves localization and
classification accuracy, termed as LocLoc (Low-level Cues and Local-
area Guides). It leverages low-level image cues to explore global
and local representations for accurate localization and classification.
Specifically, we introduce a GrabCut-Enhanced Generator (GEG)
to learn global semantic representations for localization based on
graph cuts to enhance low-level information based on long-range
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dependencies captured by the transformer. We further design a Lo-
cal Feature Digging Module (LFDM) that utilizes low-level cues to
guide the learning route of local feature representations for accurate
classification. Extensive experiments demonstrate the effectiveness
of LocLoc with 84.4%(↑ 5.2%) Top-1 Loc., 85.8% Top-1 Cls. on CUB-
200-2011 and 57.6% (↑ 1.5%) Top-1 Loc., 78.6% Top-1 Cls. on ILSVRC
2012, indicating that our method achieves competitive performance
with a large margin compared to previous approaches. Code and
Appendix are available at https://github.com/Cliffia123/LocLoc.
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1 INTRODUCTION
Weakly supervised object localization (WSOL) aims to achieve effi-
cient localization and classification simultaneously [39] by using
only image-level supervision without bounding box annotations. It
has attracted increasing attention in the research community for
its low annotation costs [7, 9, 33, 34, 39]. Existing works mainly
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Figure 1: Comparison between previous SOTA method [29]
and our LocLoc. (a) On the left, [29] produces a pseudo mask
using a hard threshold, whereas we propose incorporates
low-level cues (Details see Section 3.2 and Appendix in code
link) to produce a GrabCut-Enhanced mask. (b) LocLoc ex-
plores feature representations for both classification and
localization based on the enhanced mask (Colorful circles
in Representation Selection indicates response values for
classification). The red color highlights the significant im-
provement achieved by our LocLoc approach.

prioritize localization performance over classification [1, 13, 29],
leading to unbalanced development of the two tasks and negatively
affecting WSOL performance, particularly for Top-1 localization
(Top-1 Loc.). The Top-1 Loc. metric is considered accurate only if
both the Top-1 classification (Top-1 Cls.) and pure localization are
precise. Any decrease in classification accuracy reduces the Top-
1 Loc.. For example, Bai et al. [1] introduce a spatial calibration
module for accurate localization, sacrificing classification accuracy,
resulting in subpar Top-1 Loc.. In contrast, Chen et al. [6] improve
both classification and pure localization, leading to higher Top-1
Loc. accuracy despite similar localization performance with [1].
Meanwhile, Xie et al. [28] achieve a considerable margin above
SOTA on Top-1 Loc. by emphasizing improving both classification
and localization accuracy. However, their approach relies on two
separate models for WSOL, resulting in increased computational
overhead. Therefore, the challenge in WSOL is to unify classifica-
tion and localization into a single framework and improve both
tasks simultaneously.

CAM [21, 31] is the representative WSOL method, but it only
highlights the most discriminative regions, ignoring the full context
of the object. To address this issue, several CAM-based techniques
have been proposed, including adversarial erasing [7, 13, 34, 35],
spatial relation activation [1, 11, 30, 37], and low-level features
activation like SPOL [26]. Compared with the first two methods,
SPOL shows a more competitive performance. SPOL emphasizes
the importance of low-level features, which have richer global
information that can help with global localization. However, it
also activates background noise in shallow layers, impeding global
localization. Therefore, it is essential to find a way to leverage low-
level cues while reducing background noise activation for effective
global localization in WSOL.

Recently, transformer architecture is now used in computer vi-
sion to extract features for image recognition. Specifically, the vision
transformer (ViT) uses self-attention mechanisms to capture long-
range dependencies and maintain global spatial information [8, 18].
Caron et al. [3] proposed a self-supervised ViT named DINO that
leverages the advantage of the ViT features to produce self-attention
maps covering more object context. Xu et al. [29] further proposed
a Proxy Probing Decoder (PPD) that uses DINO self-attention maps
as pseudo-supervision to promote localization, which has signifi-
cantly alleviated the partial activation in WSOL. Inspired by this,
we utilized the long-range capabilities of transformers to capture
more global context.

In this paper, we propose a novel approach for weakly supervised
object localization (WSOL) with Low-level Cues and Local-area
Guides (LocLoc). The key idea of LocLoc is to develop a unified
framework that integrates global and local representations for ac-
curate localization and classification, respectively. We propose a
GrabCut-Enhanced Generator (GEG) that enhances the low-level
image cues in the long-range dependencies captured by DINO [3] to
extract global semantic representations for localization. Second, we
design a Local Feature Digging Module (LFDM) that employs low-
level information to guide the learning of local feature representa-
tions for accurate classification. The LFDM consists of transformer
encoders and two convolutional layers that mine global and local
representations to activate class-specific regions for higher classi-
fication. We further adopt a novel data augmentation technique
to enhance recognition accuracy. Only the GEG and LFDM are
updated during training, while pre-trained model parameters are
fixed. We conduct extensive experiments to demonstrate the effec-
tiveness of the proposed LocLoc. The results show that our method
achieves competitive performance in WSOL for both localization
and classification tasks.

Collectively, our main contributions are summarized as follows:
• We propose a novel approach LocLoc for WSOL, which is the
first attempt to leverage low-level cues to facilitate global
representations and local feature representations learning,
respectively.

• We introduce a GrabCut-Enhanced Generator (GEG), which
utilizes the GrabCut-Enhanced activation as pseudo-labels
rich in low-level information to learn global representations
for localization.

• We design a Local Feature Digging Module (LFDM) to acti-
vate local class-specific representations based on long-range
feature dependencies from the transformer, leading to im-
proved classification accuracy.

• Our LocLoc method achieves state-of-the-art performance
on both CUB-200-2011 and ILSVRC 2012 datasets with 85.4%
(↑ 5.2%) and 57.6% (↑ 1.5%) Top-1 localization accuracy com-
pared to the best transformer-based methods, respectively.

2 RELATEDWORK
2.1 Low-level Information
Low-level information in images refers to fundamental visual fea-
tures such as color, texture, and shape crucial for higher-level image
understanding [4, 23]. These features are commonly extracted using
techniques such as edge detection, gradient analysis, and texture
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analysis and are used in various computer vision applications, in-
cluding image segmentation, object recognition, and image retrieval
[17]. Edge detection identifies object boundaries in an image and
has been used for object proposal generation in object recognition
systems, as demonstrated by Zitnick et al. [42] with their Edge
Boxes method. Histogram of Oriented Gradients (HOG) is another
feature extractionmethod that analyzes image pixel gradients. Chen
et al. [5] proposed a spectral imaging-based approach using HOG
that utilizes unique spectral signatures to distinguish objects of
interest more discriminatively. GrabCut [19] is an interactive im-
age segmentation technique based on graph cuts optimization that
iteratively refines segmentation by incorporating color and texture
information. He et al. [12] proposed an improved GrabCut method
for image segmentation using multi-scale features. Utilizing low-
level information is crucial as it can detect features ignored by
high-level semantics, such as edges and colors. Therefore, we focus
on effectively motivating low-level cues for image-processing tasks.

2.2 CNN-based methods for WSOL
CNNs are powerful feature extractors that capture relevant infor-
mation in the input image. There are many works based on CNNs
to generate feature maps as final localization maps. One of the
most representative works is class activation maps (CAMs) from
the global average pooling (GAP) layer concerning the predicted
class by Zhou et al. [40]. Unfortunately, limited by the category
instruction, CAMs tend to identify the most discriminative regions
within an image responsible for the specific class. Therefore, many
works have focused on alleviating this issue. Zhang et al. [35] in-
troduced ACoL with an adversarial erasing training strategy to
discover complementary regions. Mai et al. [14] further proposed
MEIL that shares the classification parameters of the branches of
anti-erasure learning and pushes the erasure anti-complementary
learning to the peak. More and more methods divide WSOL tasks
into class-agnostic localization task and classification task as two
independent subtasks, such as SPOL [26], BAS [27] and C2AM [28],
and achieves remarkably improvement in WSOL.

These methods relieve the issue of focusing on discriminative
regions. Unfortunately, CNNs only capture partial semantic fea-
tures with a limited receptive field, making it challenging to model
object localization. Meanwhile, the CNN-based method for WSOL
typically relies on high-level semantic cues highlighting part of the
class-specific regions, further resulting in part activation. However,
these class-specific regions are helpful for local feature mining in
classification. Therefore, we propose to leverage the vision trans-
former to activate features for localization and combine CNNs to
explore classification.

2.3 Transformer-based methods for WSOL
Vaswani et al. [24] were the pioneers of the transformer, which was
designed to overcome the limitations of RNNs in handling long
data sequences by using a self-attention mechanism to capture long-
range dependencies. Recent studies have shown that transformers
perform well in computer vision tasks [2, 8, 38]. Dosovitskiy et al.
[8] designed the ViT model, which captures long-range dependen-
cies and global information in image classification tasks. Carion et
al. [2] introduced BETR, a transformer-based model that preserves

spatial information effectively and achieves promising results in
object detection. Gao et al. [10] proposed TS-CAM, which leverages
the semantic-agnostic attention map of Deit [22] for accurate and
semantically-aware localization compare CAM in CNNs, inspiring
researchers to focus on the semantic relevance of transformers.
Moreover, PPD [29] utilizes self-attention maps as pseudo-labels
for training a localization generator by exploiting the global context
regions through self-attention maps.

However, PPD [29] must use DINO [3] as the backbone, leading
to reduced model generalization and lower classification perfor-
mance compared to current state-of-the-art methods. In contrast,
our method maintains high localization accuracy while achieving
superior generalization across different models and maintaining
the highest level of WSOL in classification.

3 MTEHOD
In this section, we elaborate on our proposed LocLoc, organized as
follows. Firstly, we review the GrabCut algorithm and produce the
GrabCut-Enhanced Mask (Sec. 3.2). Secondly, we present a detailed
description of GEG, which is learning global representations for
object localization (Sec. 3.3). Thirdly, we describe LFDM, which ex-
plores local feature representations for object classification (Sec. 3.4).
Finally, we demonstrate how these components are incorporated
into the inference process (Sec. 3.5).

3.1 Overview
As shown in the figure 2, LocLoc consists of three parts: low-level
information enhanced by GrabCut, GrabCut-Enhanced Generator
(GEG), and Local Feature Digging Module (LFDM). As discussed in
[3], the self-attention map generated by the self-supervised ViT can
segment an object’s foreground. However, unlike PPD [29], which
simply thresholds the self-attention map as pseudo supervision to
train a generator, we first propose to utilize GrabCut to explore
low-level information upon the self-attention map from the corre-
sponding image. Secondly, we have devised a new generator GEG
that combines the UNet structure and deconvolution layers, which
enables the utilization of features from the transformer with long-
range dependencies and discovering more global representations
to alleviate the part object activation. Finally, we introduce LFDM
as a classifier to search the local class-specific feature in long-range
dependencies. Besides, we also leverage the GrabCut-Enhanced
mask for image augmentation in LFDM, which leads to the highest
classification performance in weakly supervised object localization.

The input images as 𝐼 = {(𝐼𝑖 , 𝑦𝑖 )}𝑀−1
𝑖=0 , where 𝑦𝑖 ∈ {0, 1, · · · ,𝐶 −

1} represents the class of image 𝐼𝑖 ,𝑀 and𝐶 refer to the total number
of images and classes, respectively. As shown in Figure 2, an input
image is split into 𝑁 = 𝑤 × ℎ patches, each patch represented as
a token with a resolution of (𝑤,ℎ), where 𝑤 =𝑊 /𝑃 , ℎ = 𝐻/𝑃 , 𝑃
is the width/height of a patch, and𝑊 and 𝐻 represent the width
and height of the input image, respectively. After grouping the
aforementioned patch tokens and the CLS token into a sequence,
the input is fed into a DINO [3] model pre-trained on the ImageNet
dataset and generates a self-attention map. In order to generate
the self-attention map 𝑭𝑎𝑡𝑡 ∈ R𝑤×ℎ , DINO initially calculates the
average of self-attention heads in each layer, resulting in the atten-
tion weight𝑾𝑖 ∈ R(𝑁+1)×(𝑁+1) , which includes the class token
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𝑾𝑐𝑙𝑠
𝑖

∈ R(𝑤 )×(ℎ) at the 𝑖𝑡ℎ layer. Subsequently, it concatenates the
attention weights across all layers and averages them to generate
the final attention map 𝑭𝑎𝑡𝑡 .

3.2 GrabCut-Enhanced Mask
In this section, we describe how to use the GrabCut algorithm to
generate GrabCut-Enhanced Mask. GrabCut is an interactive algo-
rithm involving the user initializing foreground and background
pixels as seed pixels. The algorithm then iteratively refines the
segmentation by incorporating color and texture information using
a Gaussian Mixture Model (GMM) [4]. Therefore, once we have
a rough feature map of the foreground and background, we can
utilize the GrabCut algorithm to generate a binarized mask with a
clearer foreground.

Moreover, the self-attention maps generated by DINO [3] have
been observed to cover more foreground areas. We leverage this
feature by using the GrabCut algorithm to generate a GrabCut-
Enhanced mask with better foreground and background separation
instead of binarizing the rough self-attention map into a mask as a
pseudo-label in PPD [29], Details see appendix in code link.

Specifically, we divide the pixels into three distinct categories:
foreground regions, background regions, and uncertain regions.
The partitioning of the self-attention map 𝑭𝑎𝑡𝑡 into three parts is
achieved using double thresholds 𝛿0 and 𝛿1, as the green, blue and
grey circles illustrated in Figure 1 (a). Values with high responses
correspond to the foreground (green circles), while those with low
responses represent the background (grey circles). The uncertain
regions are identified with low confidence (blue circles) between the
foreground and background. We then utilize a Gaussian Mixture
Model (GMM) within GrabCut, which learns representations of
both foreground and background pixels. This learned information
is then used to classify the pixels in uncertain regions, and each
pixel is assigned to either foreground or background based on the
highest probability. This produces the GrabCut-Enhanced mask
𝑀𝐺 , which is rich in low-level cues, and significantly improves
the accuracy of image segmentation, especially for images with
complex backgrounds.

3.3 GrabCut-Enhanced Generator
In this section, we utilize GrabCut-Enhanced mask𝑀𝐺 to supervise
the GrabCut-Enhanced Generator for exploring global represen-
tations while disregarding any specific category information and
generate activation maps that are bounded in the range of [0-1],
which can be used to identify foreground for object localization.

First, we propose to use a UNet architecture as a semantic coder
to extract global semantic information. UNet is a widely-used net-
work architecture that consists of an encoder and decoder, which
can effectively capture global semantic details of the long-range
dependencies from the transformer.

Let 𝑭 𝑖 ∈ R𝑁×𝐷 be the output from the 𝑖-th transformer block in
a frozen model, where 𝐷 represents the dimension of each patch.
We reshape 𝑭 𝑖 ∈ R𝐷×𝑤×ℎ and apply the proposed GEG for further
activating semantic features.

𝑭𝑢 = 𝑓 𝑢 (𝑭 𝑖 ;Wu
G), (1)

whereWu
G represents the parameters of the UNet 𝑓 𝑢 , 𝑭𝑢 denotes

the output of the segmentation module, with a dimension of 𝑭𝑢 ∈
R𝐷

′×𝑤×ℎ . To generate the activation map, we feed 𝑭𝑢 into a block
that comprises three deconvolution layers, a 2D convolution layer
(Conv), and a Batch Normalization layer (BN).

𝑭𝑑 = 𝑓 𝑑 (𝑭𝑢 ;Wd
G), 𝑭

𝑎 = Sigmoid
(
BN

(
Conv

(
𝑭𝑑 ;W𝑎

𝐺

)))
, (2)

where Wd
G and Wa

G denote the learning parameters of the decoder
𝑓 𝑑 and the Conv-BN layer, respectively. The output 𝑭𝑢 of the UNet
module is fed into this feature representation block, resulting activa-
tion map for localization, represented by 𝑭𝑎 ∈ R1×(23×𝑤 )×(23×ℎ) .

The GEG is supervised using a mean square error loss, as ex-
pressed in Eq (3). The loss measures the discrepancy between the
GrabCut-Enhanced mask𝑀𝐺 and generated activation map 𝑭𝑎 ,

L𝑚𝑠𝑒 =

∑ℎ−1
𝑖=0

∑𝑤−1
𝑗=0

(
𝑀𝐺 (𝑖, 𝑗) − 𝑭𝑎 (𝑖, 𝑗)

)2
ℎ ×𝑤

. (3)

By minimizing the loss, the GrabCut-Enhanced Generator can
effectively leverage the learned global semantic representations to
activate the object regions with the aim of low-level information
through a straightforward regression approach.

3.4 Local Feature Digging Module
In the classification module, we leverage a combination of trans-
former encoder and convolutional neural layers to learn local class-
specific representations, as illustrated in Figure 2. Convolutional
neural networks are proficient in capturing local spatial patterns,
while attention mechanisms excel in modeling global dependencies
and long-range relationships between features. By fusing these two
types of layers, the model can effectively exploit global information
and further mine local representations. Additionally, we introduce a
novel data augmentation technique wherein the background in the
original image is masked, and a background patch from the same
image is randomly filled, which encourages the model to learn to
recognize and classify objects in the context of their surroundings,
resulting in improved generalization performance.

Specifically, 𝐼 and 𝑀𝐺 denote the original image and its corre-
sponding GrabCut-Enhanced mask. Firstly, a random bounding
box coordinates 𝐴 = (𝑟𝑥 , 𝑟𝑦, 𝑟𝑤 , 𝑟ℎ) is sampled uniformly, and the
corresponding regions in𝑀𝐺 are filled with a patch cropped from
𝐴 with value 1 to produce the augmented image 𝑀̃𝐺 . Similar to
CutMix[32], we sample the box coordinates according to a uniform
distribution concerning the image width and height, where 𝑟𝑤 and
𝑟ℎ are scaled by the parameter 𝜆 to control the size of the bounding
box :

𝑟𝑥 ∼ Unif (0,𝑊 ), 𝑟𝑤 =𝑊
√
1 − 𝜆,

𝑟𝑦 ∼ Unif (0, 𝐻 ), 𝑟ℎ = 𝐻
√
1 − 𝜆.

(4)

Let 𝑟𝑥 ∼ Unif (0,𝑊 ) and 𝑟𝑤 = 𝑊
√
1 − 𝜆 denote the uniformly

sampled 𝑥-coordinate and width of the bounding box, respectively.
Similarly, let 𝑟𝑦 ∼ Unif (0, 𝐻 ) and 𝑟ℎ = 𝐻

√
1 − 𝜆 denote the uni-

formly sampled 𝑦-coordinate and height of the bounding box, re-
spectively. Where 𝜆 is sampled from the uniform distribution (0, 1),
next, the original image 𝐼 is multiplied by the mask 𝑀̃𝐺 to generate
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Figure 2: Overview of our proposed LocLoc framework, which consists of a low-level cues enhancement plugin, GrabCut-
Enhanced Generator (GEG), and Local Feature Digging Module (LFDM). Firstly, the GrabCut algorithm enhances low-level cues
and generates the GrabCut-Enhanced Mask 𝑀𝐺 . Secondly, the ViT is frozen, and the GEG is trained to learn global feature
representations for localization. Thirdly, the input image 𝐼 , augmented with low-level cues, is used to extract local class-specific
representations for classification. During inference, the image 𝐼 is only passed through the frozen ViT, GEG, and LFDM to
achieve localization and classification, respectively.

Random sample

Figure 3: Data augmentation. Given the original image 𝐼 , and
its corresponding GrabCut-Enhanced mask 𝑀𝐺 , we utilize
the random sample strategy to produce a box whose area
pixel will be set to 1. Finally, multiply𝑀𝐺 and image 𝐼 to get
𝐼 .

a new image 𝐼 that retains the whole foreground regions and adds
some background information:

𝐼 = 𝐼 ⊗ 𝑀̃𝐺 , (5)

the 𝐼 is the same size as the original images, after that, the images 𝐼
are fed into transformer encoder 𝑓 𝑡 to get feature 𝑦𝑒𝑚𝑑 . The fea-
ture tensor 𝑦𝑒𝑚𝑑 is then reshaped to R𝐷×𝑤×ℎ , where 𝐷 represents
the dimension of each patch, and then applied into CNNs 𝑓 𝑐 and
global average pooling (GAP) [41] to generate the class probability
distributions 𝑦 which can be expressed as follows :

𝑦𝑒𝑚𝑑 = 𝑓 𝑡
(
𝐼 ;Wt

)
, 𝑦 = 𝐺𝐴𝑃

(
𝑓 𝑐

(
𝑦𝑒𝑚𝑑 ;Wc) ) . (6)

Besides, we obtain the classification loss to L𝑐𝑙𝑠 by applying a
cross-entropy loss to 𝑦, which is used for classification learning of
the entire image:

L𝑐𝑙𝑠 = −
𝐶−1∑︁
𝑖=0

𝑦𝑖 log
𝑒 𝑦̂𝑖∑𝐶
𝑗 𝑒

𝑦̂ 𝑗
. (7)

Finally, the classifier is realized for exploring local representa-
tions with respect to class-specific regions with simple classification
loss L𝑐𝑙𝑠 .

3.5 Inference
During inference, we remove the low-level informance enhanced
module. We input an original image and feed it into the frozen ViT
to generate the patch embedding for both localization and classifi-
cation. Next, the patch embedding is obtained after the attention
blocks are fed to the GEG for localization. On the other hand, the
patch embedding before the attention blocks are utilized for clas-
sification and are fed to LFDM to predict the corresponding class.
The final result of the WSOL model is achieved by combining the
predicted class and the localized object regions obtained from the
activation map. This approach significantly improves the perfor-
mance of WSOL tasks in terms of classification and localization.

4 EXPERIMENT
4.1 Experiment Setup
Datasets. We evaluate the effectiveness of our proposed LocLoc
on two widely used datasets, including CUB-200-2011 [25] and
ILSVRC 2012 [20]. CUB-200-2011 is a small dataset containing 200
species of birds with 5,994 training images and 5,794 testing images.
In contrast, ILSVRC 2012 is a large-scale dataset with 1K classes
and 1,281,197 training images, and 50,000 testing images. We use
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only the image-level labels for training, while for evaluation, we
incorporate both the image-level annotations and bounding box
annotations.

Evaluation Metrics. Following prior studies [20, 39], we adopt
Top-1/Top-5 classification accuracy (Top-1/Top-5 Cls.), Top-1/Top-5
localization accuracy (Top-1/Top-5 Loc.), and GT-known localiza-
tion (GT-known Loc.) accuracy as our evaluation metrics. Specif-
ically, Top-1/Top-5 Cls. is considered correct if the Top-1/Top-5
predicted category contains the correct label. GT-known Loc. is
deemed correct if the intersection over union (IOU) between the
ground-truth and the predicted bounding box is greater than 0.5.
Top-1/Top-5 Loc. is regarded correct only as both Top-1/Top-5 Cls.
and GT-known Loc. are correct.

Implementation details.We empirically evaluate the proposed
LocLoc on the widely used transformer-based backbone, namely
Deit [22], which is pre-trained on the ILSVRC [20] and use self-
supervised model DINO [3] to produce self-attention maps for
GrabCut-Enhancing. We replace the MLP head with our Local Fea-
ture Digging Module (LFDM) while training the classifier. We ob-
tain the self-attention maps as the input of our GrabCut-Enhanced
method from the self-supervised DINO model, and resize the input
images and corresponding GrabCut-Enhanced mask to 256 × 256
and randomly crop them to 224 × 224. For training the GrabCut-
Enhanced Generator (GEG), we employ the Adam optimizer with
a learning rate of 0.001 for 20 epochs. For training the classifier,
we use the SGD optimizer with a learning rate of 0.00015. On the
CUB-200-2011 dataset, we use a batch size of 128 and train the
classifier for 80 epochs, while on ILSVRC 2012, we use a batch size
of 256 and train the classifier for 40 epochs. All experiments are
conducted using PyTorch and trained on Nvidia Tesla V100 GPUs.

4.2 Comparison with the State-Of-The-Arts
Localization.We first compare our results with the baseline and
competitive methods on the CUB-200-2011 test set, as illustrated in
Table 1. Our method surpasses all CNNs-based methods by a large
margin in terms of Top-1/Top-5/GT-known Loc., particularly with
GoogLeNet, InceptionV3, and VGG16 backbones. Moreover, LocLoc
achieves competitive performance compared to the transformer-
based method, outperforming baseline PPD [29] by 5.6%, LCTR [6]
by 5.2% in Top-1 Loc.. Table 3 reports the results in ILSVRC 2012
validation set. Besides, Table 3 illustrates the localization accuracy
on the ILSVRC validation set. It shows that LocLoc surpasses the
baseline PPD and over the SOTA LCTR by 2.6% and 1.5%. It is worth
noting that although our method is lower than BAS [27], but our
method is more capable than BAS when BAS use VGG16 backbone.

Classification. Table 2 and Table 4 show the classification accu-
racy on the CUB-200-2011 test set and ILSVRC 2012 validation set,
respectively. Our proposed LocLoc method achieves 85.8%/97.0% in
Top-1/Top-5 Cls. on the CUB-200-2011 dataset, outperforming the
state-of-the-art LCTR [6] by 0.8% in terms of Top-1Cls. Furthermore,
on the ILSVRC 2012 validation set, LocLoc achieves 78.6%/94.0% in
Top-1/Top-5 Cls., surpassing all other methods. In addition, LocLoc
achieves 1.5% improvement comparable with LCTR [6] on Top-1
Cls.. Overall, the proposed LocLoc method achieves state-of-the-art
(SOTA) performance on both localization and classification tasks.
Visualization. Figure 4 presents a visual comparison between the

Table 1: Localization accuracy on dataset CUB-200-2011 test
set. Best results are highlighted in bold, second-best are
underlined.

Methods Backbone Loc. Acc
Top-1 Top-5 GT-known

CAM [39] GoogLeNet 41.1 50.7 55.1
ACoL [34] GoogLeNet 46.7 57.4 -
ADL [7] InceptionV3 48.7 - -

DANet [30] InceptionV3 49.5 60.6 67.0
SPA [16] InceptionV3 53.6 66.5 62.1
PSOL [33] InceptionV3 65.5 83.4 -
SLT [11] InceptionV3 66.1 - 86.5
I2C [37] InceptionV3 56.0 - 72.6
FAM [15] InceptionV3 70.6 - 87.3
BAS [27] InceptionV3 73.3 86.3 92.2
CAM [39] VGG16 36.1 - 56.0
ACoL [34] VGG16 45.9 56.5 63.0
ADL [7] VGG16 52.4 - 74.0

DANet [30] VGG16 52.5 - -
SPG [36] VGG16 49.0 57.2 58.9
MEIL [13] VGG16 57.5 - -
SPA [16] VGG16 60.3 72.5 77.3
PSOL [33] VGG16 66.3 84.1 -
SLT [11] VGG16 67.8 - 87.6
FAM [15] VGG16 69.3 - 89.3
BAS [27] InceptionV3 71.3 85.3 91.1
PPD [29] ViT-S 78.8 - 97.0

TS-CAM [9] Deit-S 71.3 83.8 87.7
LCTR [6] Deit-S 79.2 89.9 92.4
SCM [1] Deit-S 76.4 91.6 96.6
Ours Deit-S 84.4 93.3 98.1

baseline PPD [29] and our proposed LocLoc on CUB-200-2011 and
ILSVRC 2012 datasets. The first column displays the self-attention
maps generated by DINO [3], which cover more object foreground,
demonstrating the transformer’s ability to capture long-range de-
pendencies. The second and third columns represent PPD Mask
and our GrabCut-Enhanced Mask, respectively, which are used
as pseudo-labels for digging global representations. Our GrabCut-
Enhanced mask evidently generates much sharper boundaries and
exploresmore of the object regions with low-level information, com-
pared to PPD, which applies a hard threshold on self-attention maps.
The last two columns show the activation maps of PPD and LocLoc,
with predicted bounding boxes (green color) and the ground-truth
one (red color). The activation maps produced by LocLoc have
sharper boundaries, benefiting from the GrabCut-Enhanced masks,
and precisely localize object regions with predicted bounding boxes,
outperforming PPD and showing the superiority of our proposed
LocLoc.

4.3 Ablation Study
In this section, we conduct a series of ablation studies in our pro-
posed LocLoc model on the CUB-200-2011 dataset.
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Self-attention Map PPD Mask Our Mask PPD Ours Self-attention Map PPD Mask Our Mask PPD Ours

(a) CUB-200-2011 dataset (b) ILSVRC 2012 dataset

Figure 4: Visualization of comparison of baseline PPD [29] and LocLoc. The 1st column shows the Self-attention Map from
DINO [3]. The 2nd column shows the PPD Mask by applying a hard threshold on Self-attention Map. The 3rd column displays
our mask by GrabCut-Enhanced. The last two columns illustrate the localization map, ground truth bounding box (red color),
and predicted bounding box (green color) of the baseline PPD and our LocLoc, respectively.

Table 2: Classification accuracy on dataset CUB-200-2011
test set. Best results are highlighted in bold, second-best are
underlined.

Methods Backbone Cls. Acc
Top-1 Top-5

CAM [39] GoogLeNet 73.8 91.5
DANet [30] InceptionV3 74.6 90.6
ADL [7] InceptionV3 74.6 -
SLT [11] InceptionV3 76.4 -
CAM [39] VGG16 76.6 92.5
ACoL [34] VGG16 71.9 -
DANet [30] VGG16 75.4 -
SPG [36] VGG16 75.5 92.1
MEIL [13] VGG16 74.8 -
SLT [11] VGG16 76.6 -
PPD [29] ViT-S 80.9 -

TS-CAM [9] Deit-S 80.3 94.8
LCTR [6] Deit-S 85.0 97.1
SCM [1] Deit-S 78.5 94.5
Ours Deit-S 85.7 98.4

Double thresholds on GrabCut-Enhancing. We explore the
impact of 𝛿0 and 𝛿1, which partition the self-attention maps into
three regions on GrabCut algorithm. Notably, we set 𝛿0 to 0.02,

which effectively identifies almost all potential foreground regions.
Then, we change 𝛿1 as illustrated in Figure 5, the performance first
increases and then decreases as the 𝛿1 increases, because increasing
𝑑𝑒𝑙𝑡𝑎1, leads to a gradual reduction in the size of the GrabCut-
enhanced mask, causing it to shrink from the edge of the object.
Our classifier module LFDM mines local representations that rely
on the class-specific area of the object center, thus minimizing
the impact of the reduced non-discriminative area on classification
performance. However, this reduction in mask size primarily affects
object localization, which requires more global information. when
𝛿1 near to 0.75, we achieve best performance in Top-1 Cls, Top-1
and GT-known Loc.

Ablation studies of LFDM components. The experimental re-
sults of different components in the classifier are presented in Table
5. We are observing a significant improvement of 4.6% and 2.7% in
Top-1 Cls. and Top-5 Cls., respectively, when we replace the Linear
Head with CNNs layers from LFDM, which demonstrates the ability
of CNNs to capture more local features for classification based on
the features extracted by the transformer, which is designed to
capture long-range dependencies. Additionally, we find that incor-
porating the new augmentation (Aug.) based on GrabCut-Enhanced
Mask in both Linear Head and CNNs classifier leads to increased
classification accuracy. This suggests that low-level information is
also beneficial for classification. Finally, we are employing CNN
layers and the new augmentation technique as the Local Feature
Digging Module (LFDM) for the classifier.
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Table 3: Localization accuracy on dataset ILSVRC 2012 vali-
dation set. Best results are highlighted in bold, second-best
are underlined.

Methods Backbone Loc. Acc
Top-1 Top-5 GT-known

ACoL [34] GoogLeNet 46.7 57.4 -
DANet [30] GoogLeNet 49.5 60.5 67.0
CAM [39] InceptionV3 46.3 58.2 68.5
ADL [7] InceptionV3 48.7 - -
SPG [36] InceptionV3 48.6 60.0 64.7
MEIL [13] InceptionV3 48.8 - -
SPA [16] InceptionV3 52.7 64.3 68.3
I2C [37] InceptionV3 53.1 - 68.5
FAM [15] InceptionV3 55.2 - 68.6
SLT [11] InceptionV3 55.7 65.4 67.6
BAS [27] InceptionV3 58.5 69.0 71.9
CAM [39] VGG16 42.8 54.9 59.0
ACoL [34] VGG16 45.8 59.4 63.0
ADL [7] VGG16 44.9 - -
MEIL [13] VGG16 46.3 - -
SPA [16] VGG16 49.6 61.3 65.1
PSOL [33] VGG16 50.9 60.9 64.0
SLT [11] VGG16 51.2 52.4 67.2
FAM [15] VGG16 52.0 - 71.7
BAS [27] VGG16 53.0 65.4 69.6
PPD [29] ViT-S 55.0 - 67.5

TS-CAM [9] Deit-S 53.4 64.3 67.6
LCTR [6] Deit-S 56.1 65.8 68.7
SCM [1] Deit-S 56.1 66.4 68.8
Ours Deit-S 57.6 67.2 70.0
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Figure 5: The impact of the threshold 𝛿1 in GrabCut-
Enhanced Mask on CUB-200-2011 test set.

5 CONCLUSION
In this paper, we propose a unified framework termed LocLoc
for weakly supervised object localization, which leverages low-
level cues present in images and feature representations with self-
supervised ViT for object localization and classification. We first
analyze the importance of low-level information and the superiority

Table 4: Classification accuracy on dataset ILSVRC 2012 vali-
dation set. Best results are highlighted in bold, second-best
are underlined.

Methods Backbone Cls. Acc
Top-1 Top-5

ACoL [34] GoogLeNet 71.0 -
DANet [30] GoogLeNet 63.5 91.4
CAM [39] InceptionV3 73.3 91.8
ADL [7] InceptionV3 72.8 -
I2C [37] InceptionV3 72.3 -
MEIL [13] InceptionV3 73.3 -
FAM [15] InceptionV3 77.6 -
SLT [11] InceptionV3 78.1 -
CAM [39] VGG16 68.8 88.6
ACoL [34] VGG16 67.6 88.0
I2C [37] VGG16 69.4 89.3
MEIL [13] VGG16 70.3 -
FAM [15] VGG16 70.9 -
SLT [11] VGG16 72.4 -
PPD [29] ViT-S 76.9 -

TS-CAM [9] Deit-S 74.3 92.1
LCTR [6] Deit-S 77.1 93.4
SCM [1] Deit-S 76.7 93.0
Ours Deit-S 78.6 94.0

Table 5: The impact of classifier components on CUB-200-
2011 test set.

Baseline Linear
Head CNNs Aug. Top-1 Cls. Top-5 Cls.

(a) ✓ ✓ 80.9 95.1
(b) ✓ ✓ ✓ 81.3 95.4
(c) ✓ ✓ 85.4 97.8
(d) ✓ ✓ ✓ 85.7 98.4

of transformers in capturing long-range dependencies. To exploit
the low-level cues in images, we introduce the GrabCut Enhanced
strategy based on self-attention maps from self-supervised ViT and
design a GrabCut-Enhanced Generator (GEG ) that uses the Grab-
Cut Enhanced mask as pseudo labels to explore global localization
representations. Moreover, we introduce a local feature digging
module (LFDM) that combines low-level augmentation and mines
local feature representations for classification. Extensive experi-
ments on CUB-200-2011 and ILSVRC 2012 datasets demonstrate
that our proposed LocLoc significantly outperforms baseline PPD,
achieving state-of-the-art performance in both localization and
classification.
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