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Abstract

Drones are employed in a growing number of visual
recognition applications. A recent development in cell
tower inspection is drone-based asset surveillance, where
the autonomous flight of a drone is guided by localizing
objects of interest in successive aerial images. In this pa-
per, we propose a method to train deep weakly-supervised
object localization (WSOL) models based only on image-
class labels to locate object with high confidence. To train
our localizer, pseudo labels are efficiently harvested from a
self-supervised vision transformers (SSTs). However, since
SSTs decompose the scene into multiple maps containing
various object parts, and do not rely on any explicit super-
visory signal, they cannot distinguish between the object of
interest and other objects, as required WSOL. To address
this issue, we propose leveraging the multiple maps gener-
ated by the different transformer heads to acquire pseudo-
labels for training a deep WSOL model. In particular, a new
Discriminative Proposals Sampling (DiPS) method is intro-
duced that relies on a CNN classifier to identify discrimina-
tive regions. Then, foreground and background pixels are
sampled from these regions in order to train a WSOL model
for generating activation maps that can accurately local-
ize objects belonging to a specific class. Empirical result
on the challenging TelDrone dataset indicate that our pro-
posed approach can outperform state-of-art methods over
a wide range of threshold values over produced maps. We
also computed results on CUB dataset, showing that our
method can be adapted for other tasks.

1. Introduction

Due to its efficiency and flexibility, drone based surveil-
lance has recently emerged as a feasible alternative for mon-
itoring assets at numerous cell tower sites. Globally, mil-

'Our code is available: |https:/github.com/shakeebmurtaza/dips

lions of cell towers are being monitored for verification
of assets, e.g., antennas. However, manual cell tower in-
spection is highly dangerous and expensive [1]. To deploy
drones for surveillance we need to localize objects that help
drones to fly autonomously. Additionally, once a drone is
able to identify and localize objects, it can perform different
visual recognition tasks. For visual recognition, the drone
should be able to fly at a safe distance from obstacles. Given
the difficulty incurred in acquiring aerial images of con-
cerned object at different viewpoints, and their associated
bounding box annotations, we are unable to employ object
localization models trained using supervised learning. To
deal with this issue, we propose using model that can ef-
ficiently learn to localize objects of interest in a weakly-
supervised manner [11], and efficiently guide the drone as
it captures cell tower.

Commonly used methods for weakly supervised object
localization are based on class activation maps (CAMs)
built on top of standard convolutional neural networks
(CNNs) [6, 131 22, 1301 [34, 43| 144, 1511 152, 1531 155, 1571].
These methods allow producing a spatial class activation
map highlighting features belonging to a particular class
using features from the penultimate layer [S9] of a CNN.
Strong activation of a map indicates the potential presence
of the corresponding class, allowing for object localization.
To improve the robustness of CAM methods, several tech-
niques have been proposed to obtain maps from different
layers by utilizing gradient information [[15}133}9]]. Despite
their popularity, CAM methods have limitations leading to
inaccurate localization. Activation maps tend to focus on
small discriminant areas of objects [6, 4] — common to dif-
ferent instances of an object belonging to a specific class.
Current efforts in the WSOL litterature focus on improving
the CAMs to cover the full object. However, for aerial cell
tower photos, regions of interest (Rol) are quite small rela-
tive to the entire images, and can be quite distant from the
drone. Hence, current CAM-based methods produce bloby
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Figure 1. (a): Attention of each class token learned by TS-CAM
[16] map from the first two and last three blocks. The first half
of the blocks attends to different features, including background
regions, but TS-CAM is able to accumulate all of them. Attention
maps of each class token are shown in Supplementary Material.
(b): The attention map of class tokens corresponding to each
token head from the last layer of transformer learned in a self-
supervised fashion. These maps show that the last layer is capable
of accumulating fine-grained localization of the concerned object.
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results, and are unable to adequately localize objects [6,26].

Recently, self-supervised transformers (SSTs) [8] has at-
tracted much attention for WSOL tasks. Using only self-
supervision, these models can yield impressive saliency
maps. Given their long-range receptive fields, SSTs analyze
an entire input image, allowing them to build saliency maps
that cover full objects. Transformers are able to identify
multiple objects by decomposing the scene into different
spatial saliency maps. Such localization information is ac-
cumulated in maps, i.e. class tokens, at the top layer (see
Fig. [T[[b)). However, without any class supervision, these
tokens are arbitrary and class-agnostic, and objects of inter-
est cannot be dissociated from others. Each token focuses
on a random object with semantics that differ from one im-
age to another, making them less reliable for localization.
Unless ground truth localizations are provided to select the
best token [8]], their application in WSOL remains limited.

Few recent work have been proposed to extract discrim-
inative localization from class tokens. In particular, TS-
CAM [16] has been proposed to leverage localization in
transformers, where the average of all class tokens is
multiplied with a semantic-aware map to produce the final
activation map. Since TS-CAM averages an abundance of
class-agnostic attention maps, it is prone to localization er-
ror by including non-discriminative regions. Additionally,
maps from earlier layers attend to background regions, as
shown in Fig[T[(a). Therefore, accumulating all maps intro-
duces noise in the final activation map that can reduce the

model’s localization accuracy. Different transformer-based
methods have been proposed [2} 10} (18} [36]. [2] propose
a spatial calibration module to capture semantic relation-
ships and spatial similarities. Similarly, ViTOL [18] pro-
poses to incorporate a patch-based attention dropout layer
into the transformer attention blocks to improve localization
maps. [10] proposes a relational patch-attention module to
enhance local perception quality, and to retain global in-
formation. [36] introduces a mechanism to suppress back-
ground regions and focus on the target object. All these
methods are unable to minimize the loss over the localiza-
tion maps as they solely focus on classification tasks, lim-
iting their ability to fully cover an object while requiring a
search for an optimal threshold.

In this paper, a new Discriminative Proposals Sampling
(DiPS) method is proposed to leverage localization infor-
mation from SSTs for accurate WSOL in aerial images cap-
tured by drones. During training, class token maps are
extracted from the top block of pretrained SST. Given a
limited number of high-quality attention maps (class to-
kens) covering different objects, we employ a CNN clas-
sifier to localize potential discriminative regions (see Fig.
[[(a)). Then, pixel-wise pseudo-labels are sampled from
these regions to train a U-Net style localization network.
To benefit from these tokens, a method is introduced for
collecting appropriate pseudo-labels, and sampling fore-
ground/background regions from them to train our localiza-
tion network such that a particular object can be localized
with a high level of confidence (Fig[2). In particular, with
the help of a CNN classifier, sampling areas are identified
for building effective pseudo-labels by determining fore-
ground and background regions in class tokens obtained
from SST. From these areas, foreground pixels are sam-
pled, while the entire image is used to sample pixels from
background regions according to the criteria defined in Sec-
tion[3] Using these pseudo-pixels, the localization network
is trained by optimizing partial cross-entropy over selected
pixels. Additionally, the localization network parameters
are regularized by the classifier response to ensure consis-
tency between class prediction and localized area. CRF loss
[37] is employed to yield localization with accurate bound-
aries. During inference, we retain only the localization net-
work to produce of localization maps, and the CNN classi-
fier to predict the class.

Our DiPS method allows producing localization maps
with same size as the input image. Existing transformer
and CNN-based methods can only produce low-resolution
maps which introduce more localization error. For CNN-
based methods, the class activation map is approximately
8x smaller than the input image, and requires interpolation
that adds a bloby effect. In contrast to CNNs, which provide
a map of size 29 x 29, the transformer-based methods can
produce a map of size 14 x 14 (with standard architecture)
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for an input image of 224 x 224. Producing low-resolution
maps hinders the performance of localization methods, and
we cannot go beyond a threshold in terms of localization ac-
curacy. These maps are unable to encompass precise details
about the concerned object of interest. Also, other meth-
ods that use activation maps as hard pseudo labels are only
able to focus on representative parts of an object which hin-
ders their performance. In contrast, our method selects few
pixels as pseudo label that prevent the model from learning
false-positives from underlying CAMs.

Our main contributions are summarized as follows.

(1) A new DiPS method is proposed to leverage the emerg-
ing saliency maps in SST to localize cell towers in aerial
images. Since maps from SSTs lack discriminative infor-
mation, a pretrained CNN classifier is employed to pro-
duce discriminative proposals based on saliency maps from
the top layer of pretrained SST to harvest efficient pseudo-
labels for the training of our localizer.

(2) Instead of minimizing the classification loss, DiPS sam-
ples the pseudo labels, allowing to minimize the loss over
localization maps.

(3) DiPS can efficiently infer statistical properties (e.g.,
size, boundaries) of the object learned from low-resolution
maps, resulting in a high-quality localization map.

(4) An extensive set of experiments was conducted on two
challenging WSOL datasets — (i) TelDrone, a private dataset
containing aerial images from various cell tower sites, and
(i) CUB-200-2011 [46]. The proposed method outper-
formed state-of-art methods in terms of localization accu-
racy, with less sensitivity to threshold values. Visual results
also show that our method produces CAMs with a better
coverage of the entire foreground regions, and a clearer dis-
tinction between foreground and background regions.

2. Related Work

Class Activation Mapping (CAM) Methods: A common
way to harvest localization maps from network activations
is by aggregating the information presented in a specific
CNN layer. The representative method for aggregating ac-
tivations is using CAM methods [59], which weighs each
pixel according to its influence on the class prediction. Sev-
eral methods have been proposed to improve the mechanism
for harvesting the activation maps [9, |15} |31} 33]]. Networks
are used for generating CAMs are solely trained for im-
age classification, and thus focus on discriminative regions.
They typically underestimate the object size. To mitigate
this issue, [34} 53] employ adversarial perturbation to erase
discriminative parts, and for the network to look beyond the
discriminative areas. Similarly, in [[13} [56] discriminative
features are erased, and adversarial learning is adopted to
encroach upon non-discriminative regions of the concerned
object. In addition, fusion-based methods improve on CAM
methods by combining different activation maps based on

the classifier’s response [27} 139, 140].

Different model-dependent techniques have been pro-
posed to alleviate the poor coverage of objects [22, 30} 51}
521 155]]. In [43]], authors utilized CAMs from multiple con-
volution layers with different receptive fields to enlarge the
discriminative regions. [52] combines CAMs of different
classes to identify foreground and background regions in an
image. [47,160]] propose to suppress background regions to
help to generate a foreground map with high confidence,
guided by area constraints. For a robust training, [24] in-
corporates an encoder-decoder layer between the shallow
layers, and a generator to mask a part of the image. Low-
level feature based activation map (FAM) [48]] utilizes mul-
tiple classifiers to generate a foreground map that is decom-
posed into multiple part regions. This is used to train a
network to produce a final semantic-agnostic map. Self-
produced guidance (SPG) [57] separates foreground and
background regions for guiding shallow learning while ex-
panding to less discriminative areas. Shallow feature-aware
pseudo supervised object localization (SPOL) [43] employs
a multiplicative fusion strategy for harvesting highly con-
fident regions, and then uses those masks as pseudo-labels
for training a segmentation network. Inter-image commu-
nication (I2C) [58] increases the robustness of localiza-
tion maps by considering the correlation of similar images
within a class. Structure-preserving activation (SPA) [29]
seeks to preserve the object’s structure within a CAM, al-
though this method still produces bloby boundaries. Simi-
larly, Strengthen learning tolerance (SLT) [17] groups im-
ages of similar classes to increase the network’s tolerance,
and force the localization map to expand towards the ob-
ject’s boundaries. Also, the full resolution CAM (F-CAM)
[6] has been proposed to expand activation maps to cover
full object beyond discriminative regions. Compared to F-
CAM, our proposed method is able to define sampling re-
gions for building efficient pseudo-label with the help of
classifier. This helps our model to focus only on target ob-
ject instead of expanding the activation to other objects in
the concerned image.

Most of the above methods rely on internal activations
acquired by utilizing activation maps at different layers of
the networks. Given their intrinsic properties (e.g., local re-
ceptive field), CNNs decompose an object into local seman-
tic elements [3} 154]. These intrinsic properties prevent the
CNN from forming global relationships between different
receptive fields, limiting their ability to localize whole ob-
ject, and producing coarse bloby maps focused on discrim-
inant regions. One solution to form long-range dependen-
cies is to find global cues by calculating pixel-similarities
[41} 42, 155, 158]. More recently, [19] proposed a method
based on non-local attention blocks to build long-range re-
lationships and efficiently localize objects. It enhances at-
tention maps by incorporating spatial similarity.
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Vision Transformer (ViT) Methods: Numerous trans-
former based methods have recently been proposed for
WSOL [2, 110418123, 136]. A pioneering work for object lo-
calization is the token semantic coupled attention map (TS-
CAM) [16]], which is capable of localizing objects at a fine-
grained level by fusing attention maps with semantic-aware
maps. (The detailed working TS-CAM model is presented
in supplementary material.) Recently, [36] proposed a re-
attention mechanism for suppressing background regions.
Layer-wise relevance propagation [18] and clustering-based
[[LO] methods have also been proposed to accumulate atten-
tion maps produced by ViTs. For instance, [18] introduces
a patch-based attention dropout layer in the attention block,
and incorporate an attention roll-out method to improve lo-
calization performance.

Transformer-based methods have had a significant im-
pact on WSOL literature. However, they accumulate all
attention maps from each layer, leading to a noisy CAM,
or a suppression of different regions within the object [16]
(see FiglI). Most techniques provide a heat map without
sharp boundaries. In contrast, our approach can produce
high-resolution maps with sharper boundaries, only using
attention from the last layer of the transformer block. Meth-
ods based on pseudo-labels fix their map for all epochs
[43]], generating a map very close to the pseudo-labels. Our
method samples only a few pixels per epoch to learn fore-
ground and background maps that continue to evolve based
on a bi-nominal distribution. Sampling only a few pix-
els as pseudo-labels helps the network to explore different
parts of the object, covering the whole object with sharper
boundaries. Since these methods are typically computation-
ally intensive during training, we harvest maps in a self-
supervised way using a pretrained transformer, allowing us
to obtain clues about potential objects and train our localiza-
tion network. Our method leverages long-range dependen-
cies as pseudo-labels are harvested from a transformer, and
convolution inductive bias to suppress background noise.
Finally, in contrast with WSOL baselines, our method fo-
cuses on drone-based WSOL for surveillance of cell tower
sites. These images are captured at a long distance, and the
object of interest covers a small proportion of the image.

3. Proposed Method
3.1. Background

Vision transformers (ViTs) are recognized for their
success in image classification [14} 138] and WSOL [16].
They consist of T cascaded encoder blocks, each contain-
ing multi-headed attention, followed by a multi-layer per-
ceptron (MLP). First, an input image x of size W x H is di-
vided into IV patches of resolution (W/S) x (H/S), where
S denotes the patch size in pixels. These patches are then
linearly projected to a fixed embedding size D along with

a learnable class token and passed through 7' cascaded
blocks. Furthermore, the features of a class token from
T*" block are fed to the MLP for class prediction, defined

as p = Softmax,—1 (MLP(T,;(x)), where

Softmax,(s) = M
Fomaze (&) = 51 aon)

where s € R¥ is the MLP output, K corresponds to the
number of classes, and Tvit represents the transformer’s for-
ward pass, generating features f that are passed through
T cascaded blocks. The MLP predicts the probabilities
of concerned classes with cross-entropy classification loss
—X,ylog(py), and y is the ground truth label.

Self-Distillation with no labels (DINO) involves har-
vesting regions of interest without class-level labels. To
achieve this goal, the authors trained two networks, called
student and teacher, to match their probability distribution.
Parameters of the teacher are an exponential moving aver-
age of the student network. The probability p of the rep-
resentation for these networks is calculated by normaliz-
ing the output of the concerned network using the softmax
function with temperature defined in Eq. 3.1] (7 is a hyper-
parameter to be optimized). Furthermore, the input z is aug-
mented in different ways, x; and zs, for the student and
teacher networks, respectively. They represent two set of
distorted views of image x, calculated using the strategy
defined in [7]. The first set contains several local views,
while the second one contains two global views. Here, lo-
cal views contain less than 50% of the original image, and
global views cover more than 50% of the area. Finally, the
loss is calculated as cross-entropy between the output prob-
ability of the student p® and the teacher p:

D

n;in —p®(x1) log(p*(x2)). 2)

3.2. Overview of DiPS

As we discussed, SSTs [8] are able to localize all ob-
jects in an image. They decompose the objects in an image
into different maps because they learn to represent objects
in a self-supervised fashion. Each map highlights differ-
ent objects or their parts without associating categorical in-
formation with them. If we can successfully identify maps
and corresponding regions that contain the concerned ob-
ject, then we can use them as pseudo-labels to train a lo-
calization network. Therefore, we propose a new DiPS
method that can harvest efficient pseudo-labels on the tar-
get object for accurate WSOL. DIPS utilizes c1lass tokens
of a pretrained ViT to obtain effective pseudo-labels and a
pretrained CNN classifier to select ROIs proposals to train
our localization network (see Fig[2). It allows us to directly
minimize the loss over the generated map for accurate local-
ization maps with a similar confidence for all object parts.
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Figure 2. Architecture for training a deep WSOL network using the DiPS method. A pertained transformer is employed along with a
classification layer with frozen weights. After obtaining attention maps, a threshold is applied to produce binary proposals and generate
bounding boxes for each proposal. Based on those proposals, areas outside the box are blurred, and the top P best bounding boxes are
selected based on the classifier’s score that are greater than a minimum score. Ultimately, a bounding box is selected among the P best boxes
for sampling from background and foreground regions. Then, the generated pseudo-pixels are considered as pseudo-labels to training of
the localization network. After training, an input images are processes localization network without the need of a transformer’s backbone.

Given a set of tokens from a pretrained SST model [S8]],
the associated maps are first binarized, allowing to extract
bounding boxes over potential ROIs. They are considered
proposal candidates that potentially cover object regions
with varying certainty. To measure certainty, the response
of a pretrained CNN classifier is employed to indicate the
most relevant ROI. To avoid overfitting to a single proposal,
we consider top-P confident ROI proposals, and randomly
select one of them for sampling. This final proposal is used
to constrain sampling of pixel-wise pseudo-labels where
foreground pixels are sampled inside the bounding box of
the proposals. Sampling is guided by the activation magni-
tude, where strong activations are favored to be foreground.
Background pixels are sampled outside the bounding box
by favoring low activations. Pseudo-labels are sampled ran-
domly at each Stochastic Gradient Descent (SGD) itera-
tion, which has been shown to be more effective and robust
against overfitting than static and noisy pseudo-labels [, 6].
Overall, this sampling allows for the emergence of accu-
rate localization maps, from a few pixels toward segments
and the entire object. This can be seen as a fill-in-the-
gap game where only random pixels are selected as fore-
ground/background, and the localization network must gen-
eralize to similar regions. Then, over iterations, this random
sampling is expected to stimulate convolution filters to have
a similar response to visually similar nearby pixels.

The collected pixel-level pseudo-labels are used to train
a U-Net style localization network [32], as illustrated in
Fig[2] It takes the image as input and yields foreground and
background CAMs for localization. To train this model, we
consider a composite loss that leverages local and global
constraints. Local constraints aim to guide learning at pixel
level. To this end, standard partial cross-entropy is used
to exploit sampled pixel-wise pseudo-labels. To produce
a consistent CAM that is well aligned with object bound-
aries, we also include a Conditional Random Field (CRF)
loss [37]. To further ensure that the localized object is well
aligned with the image-class label, we add a global con-
straint over the foreground CAM. In particular, we feed the
product of the image by the foreground CAM to the pre-
trained classifier. Then, the classifier response is maximized
with respect to the true image-class. During training, only
the weights of the localization network are optimized. The
SST and classifier models are frozen. At the end of the train-
ing, only the localization network and classifier models are
retained for classification and localization tasks. The rest of
this section provides more details on DiPS components.

3.3. Training Architecture

In this paper, our goal is to localize the object of inter-
est through an encoder-decoder localization network that is
trained using pseudo-labels. These pseudo-labels are ob-
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tained from class token of the different heads from the
last layer of the transformer. We represent the training set
by T = {x;,y:;} and x € R"W*H represents an image with
a size of W x H and its corresponding label of K classes
is represented by y € {1,..., K}. DiPS employs a mech-
anism to sample background and foreground regions from
activation maps (class token) to build effective pseudo-
labels, as shown in Figure [2l To achieve these goals, we
propose a model that consists of three modules (i) trans-
former 7Tsgr that was trained in self-supervised fashion
(as explained above) for producing an attention map (ii)
localization network Fj for producing soft-max activation
maps represented by M = Fy(z) € [0,1]"*™*2; here
first channel represent the foreground M7 and other repre-
sent the background map M, trained using best proposal
extracted from class tokens (iii) a classification layer C
that is trained on top of transformer’s features that is used
to calculate additional matrices that involves class accuracy
(see supplementary material).

Selection of Background and Foreground Pixels: In or-
der to train the localization map predictor a pixel-level su-
pervisory signal is employed. At each epoch, new pseudo-
labels are generated that consist of a few foreground and
background pixels (pseudo-pixels) to increase network cer-
tainty of different regions during training. To select pseudo-
pixels, we extract attention maps from the last layer of the
transformer, corresponding to class tokens. From the
maps, we select only the first four maps and an average map
of all class tokens. After this, we apply the Otsu [28]
thresholding method for converting the attention map into a
binary map to obtain all connected regions that are greater
than a minimum siz to extract all B proposal (bounding)
boxes enclosing those regions. Then, for an input image,
we produce B images corresponding to each bounding box
by applying the Gaussian-blur filter to hide the background
regions outside of the respective bounding box. Each image
is then passed to a classifier C, and the top P best propos-
als along with their underlying attention maps are selected
based on the classifier’s confidence corresponding to target
class y;. Then, one out of P proposals along with its re-
spective bounding box is selected for pseudo labeling. The
pixels inside and outside of the bounding box are considered
as foreground )Y;T/' and background regions ¥~ respectively
defined as:

v/ =" (Y;n") Vo=¢ (Yin™) 0
where Y; set of all pixel in the generated map, Yf represents
the top n% pixels within the bounding box selected through
multinomial sampling and ¥~ represents top —n% pixels
anywhere that are derived using uniform sampling from the
activations of whole image sorted in reverse order. These

2The minimum size is an hyperparameter value.

pixels are derived from unreliable attention maps and may
contain incorrect labels. To deal with this uncertainty, we
select only a few (see experimental details for exact values)
pixels from the foreground and background while rejecting
others [34} 35]. Therefore, the final set of foreground and
background pixels for calculating loss are:

o(Y77) = o(X) Up(Xy) )

here ¢( 1) and (V™) represent set of pixels (hyper-
parameter) sampled using multinomial distribution. At the
end, we then generated pseudo label Y € {0, 1}2 by assign-
ing 1’s to pixel in ¥, and 0’s to pixels in set ¥, .

Overall Training Loss: Our training loss consists of three
terms; (i) classifier’s loss to ensure the integrity of gener-
ated map. The generated map M is overlaid on the image
x and passed it to the classifier to compute a cross-entropy
loss; Lops = — 25:1 yrlog(Softmax(Clz © My))k).
(ii) Our constrained pixel alignment losg’|for learning fore-
ground/background regions. It aligns the output map M
with the selected pixels in ¢( Yj ') through partial cross-
entropy denoted by Lcpa(p(Y;"), M ™); here r represent
the selected pixels. (iii) Conditional Random Field (CRF)
[37] to align the localization map with the object bound-
aries. The detailed description of the CRF loss Lo r is pre-
sented in supplementary material. Furthermore, the overall
can be formulated as,

Lrotar = minAcrsLers + Acpalepa + AcrrLorr

)
where A\crs and Ao p 4 are hyperparameters between inter-
val [0, 1], and Acrp is set to 2e 9 as defined in [37].

4. Results and Discussion
4.1. Experimental Methodology

Datasets: For validation, we employed two datasets:
CUB-200-2011 and an internal dataset named TelDrone.
CUB200-2011 is one of the most popular datasets used
for visual classification and object localization tasks. This
dataset consists of 11,788 images divided into 200 cate-
gories; 5,794 for testing and 5,994 for training [46]. For
validation and hyperparameter search, we employed an in-
dependent validation set collected by [12] containing 1,000
images. TelDrone contains 915 4K images collected us-
ing a drone that orbits around the tower site. Furthermore,
images are divided into two classes (either containing an in-
spection site or not). From this dataset, we considered 797
images for training, 13 images for validation and 105 im-
ages as a test set.

Evaluation measures: We analyze our results based on
the evaluation measure suggested in [[12] - MaxBoxAccV2

3Loss using few pixels was also employed by [6]].
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Figure 3. Visualization of test samples from TelDrone. Results of baseline method including TS-CAM shows that these method can only
cover some parts of the object and invisible parts are also included in the bounding box due to extensive search of thresholds. In contrast,
our method learns to predict map that can cover the whole object. Moreover, maps in red box are used to sample pseudo-labels and our
methods learns to localize the object precisely and able remove noise from them.

refers to the proportion of predicted bounding boxes that
have an IoU greater than a particular threshold concern-
ing the generated map. It is averaged over three different
IoU thresholds 6 € {30%,50%,70%}. We also reported
additional localization matrices in supplementary material
as presented in [12].

Implementation details: We follow the protocol in [12] for
all experiments. A batch size of 32 is used for all datasets.
For training on CUB, images are resized to 256 x 256, and
then randomly cropped to 224 x 224 and randomly flipped
horizontally as in [12]. Moreover, for the TelDrone dataset,
we first resize images to 512 x 512 followed by random
cropping of size 448 x 448. We trained our model for 50
epochs while the learning rate is decayed by a factor of 0.1
after every 15" epoch for both dataset.

Baseline Models: To evaluate the performance of our
model, we compared it with several state-of-the-art meth-
ods presented in Tables [, We report results from [12] for
CAM [39], HaS [34], ACoL [56], SPG [57]], ADL [13]], and
CutMix [33]). For all other models, we report the same re-
sults as published in their respective articles. For qualitative
evaluation, we reproduced the results of CAM [59], HaS

ACOL ADL CAM CUTMIX HAS SPG

[34], ACoL [56], SPG [57], ADL [13], CutMix [53] and
TS-CAM [[16]] according to the protocols defined in [12].

4.2. Comparison with State-of-Art Methods

Table[T]shows that DiPS achieves state-of-the-art perfor-
mance on CUB and TelDrone datasets for MaxBoxAccV2
metric compared to the other methods in the literature. The
visual results of our method along with the corresponding
baselines on TelDrone and CUB datasets are presented in
Fig[3] and Fig[] respectively. The baseline method tends to
focus on discriminative regions and expands to less discrim-
inative regions because of the bloby nature of these maps.
However, the selection of the optimal threshold allows the
less discriminative area to be included in the localization
map because of their texture or color similarity. Further-
more, the resultant map becomes unreliable and unable to
identify the whole object as it encompasses regions with
no concealed activation over an object. For CUB dataset,
we compare the results with the baseline methods (Fig[))
including TS-CAM and show that our method is capable
of covering the whole object with the same intensities in-
stead of highlighting different parts of the object. Addi-

DIPS (our) i [CLS]Token# 0 [CLS]Token# 1 [CLS]Token# 2 [CLS]Token# 3 [CLS] Token# 4 [CLS]Token# 5

- -
! r

Figure 4. Visualization of test samples from CUB dataset.
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tionally, the class tokens of SST are also presented, and
DiPS is able to successfully harvest useful information from
them by constructing a reliable pseudo-label. Similarly, on
the TelDrone dataset, DiPS achieved state-of-the-art visual
results by localizing all parts of the object with the same
confidence instead of hot-spotting different regions (Fig[3).
More specifically, current state-of-the-art methods (e.g. TS-
CAM) focus on some regions of the concerned object by
hot-spotting different parts. Due to this they are able to
properly draw a bounding box around the object due to ex-
tensive threshold search that can include low scoring areas
to the localization map. In contrast, our method can produce
a map that covers the whole object with sharper boundaries,
which eliminates the need for a precise threshold value. Ad-
ditionally, we compare the results of our model with SST’s
activation and show that our method learns to localize well
even with noisy pseudo-labels.

Methods TelDrone CUB
(MaxBoxAccV2) (MaxBoxAccV2)
CAM [59] (cvpr2016) 55.9 63.7
HaS [34] (iccv2017) 60.3 64.7
ACoL [56] (cvpr,2018) 59.1 66.5
SPG [57] (eccv,2018) 67.3 60.4
ADL [13] (cvpr,2019) 66.0 66.3
CutMix [53] (eccv,2019) 57.2 62.8
ICL [19] (accv,2020) - 63.1
TS-CAM [16] (iccv,2021) 72.2 76.7
CAM-IVR [21] (iccv,2021) - 66.9
PDM [25] (tip,2022) - 724
C2AM [49] (cvpr,2022) - 83.8
ViTOL-GAR [18] (cvpr,2022) - 72.4
ViTOL-LRP [18] (cvpr,2022) - 73.1
TRT [36] (corr,2022) - 82.0
BGC [20] (cvpr,2022) - 80.1
SCM [2] (eccv,2022) - 89.9
CREAM [30] (cvpr22) - 73.5
F-CAM+CAM [6] (wacv’22) - 79.4
F-CAM+LayerCAM [6] (wacv'22) - 80.1
DiPS (ours) 84.9 90.9

Table 1. MaxBoxAccV2 performance on the TelDrone and CUB.

Analysis of distribution shift. We present the effect of
varying the threshold values on the localization perfor-
mance along with the distribution spread of foreground and
background regions. The change in MaxBoxAcc at differ-
ent threshold for CUB test set is presented in Figure 5} We
compare our results with CAM [359], HaS [34], ACoL [56],
SPG [57], ADL [13], and CutMix [33]. For all of these
related methods, we can see that the MaxBoxAcc quickly
drops to zero as the threshold increases. Due to this, it is
very difficult to find the optimal threshold for each image
which makes these methods unfeasible to deploy in practi-
cal scenarios. In contrast, the output of our method is less
susceptible to the threshold.

5. Conclusion

In this paper, we proposed a DL method for WSOL, ca-
pable of producing fine-grained object localization maps of

Proposed Method vs baslines / 0 = 30

—
80
60 ﬁ
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MaxBoxAcc

o
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N

0.4 0.6 0.8 1.0
Threshold

Proposed Method vs baslines / o = 50

MaxBoxAcc
N B
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0 0.2 0.4 0.6 0.8 1.0

Threshold

Proposed Method vs baslines / ¢ = 70

MaxBoxAcc
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——Proposed ACOL —ADL —CAM ——CUTMIX ——HAS SPG

Figure 5. MaxBoxAcc performance at different IoU threshold val-
ues for output map using the CUB dataset.

cell tower sites in aerial images for assets surveillance. The
proposed method is capable of learning from pseudo-labels
instead of only class labels. These pseudo-labels are har-
vested by sampling foreground and background areas from
the class token of an SST. Our method is able to gener-
ate better maps compared to the class token used to build
pseudo-labels. The proposed method is capable of gener-
ating reliable maps, thus providing better coverage of the
whole object. To validate the performance of our model, we
compared its results with the existing baseline method, and
our method achieved competitive performance both quali-
tatively and quantitatively. Compared to the baseline, our
method can identify all parts of the object instead of de-
composing and highlighting different parts of the objects.
Furthermore, the proposed method eliminates the need for
an extensive threshold search to produce an optimal bound-
ing box covering the concerned object.

Note: Additional details are provided in the supplementary
materials, including additional visual results, an evaluation
matrix for error dissection, an extended error analysis, ab-
lation studies, and an overview of the CRF loss.
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