
AI translation ・View original & related papers at
chinarxiv.org/items/chinaxiv-201812.00065

Weakly Supervised Saliency Detection Based on
Image-Level Labels and Superpixel Blocks (Post-
print)
Authors: Tan Taizhe, Xuan Kangxi, Zeng Qunsheng

Date: 2018-12-13T00:00:00+00:00

Abstract
To address the costly problem of obtaining training datasets, we propose a
novel weakly supervised method for image saliency detection that utilizes only
image-level labels during network model training. The method comprises two
stages: in the first stage, a classification model is trained based on image-level
labels to obtain a foreground inference map; in the second stage, the original
image is processed into superpixels and fused with the foreground inference
map obtained in stage one, thereby refining the boundaries of salient objects.
The algorithm leverages existing large-scale training sets and image-level labels
without resorting to pixel-level labels, thus reducing the annotation workload.
Experimental results on four public benchmark datasets demonstrate that the
performance significantly outperforms unsupervised models and also exhibits
certain advantages when compared to fully supervised models.
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Abstract: To address the high cost of obtaining training datasets, this paper
proposes a novel weakly supervised method for image saliency detection that
uses only image-level labels during network training. The method consists of
two stages. In the first stage, a classification model is trained using image-level
labels to obtain a foreground inference map. In the second stage, the original
image is processed into superpixel blocks and fused with the foreground infer-
ence map from the first stage to refine salient object boundaries. The algorithm
leverages existing large-scale training sets with image-level labels without using
pixel-level annotations, thereby thereby reducing annotation workload. Exper-
imental results on four public benchmark datasets demonstrate that the pro-
posed method significantly outperforms unsupervised models and shows certain
advantages over fully supervised models.
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0 Introduction
Visual saliency is a fundamental research problem in neuroscience and psychol-
ogy that investigates how the human visual system selects regions of interest
from complex scenes. Humans can accurately and rapidly identify objects or
regions of interest, a phenomenon known as focal or salient attention. Atten-
tion is considered partially automatic, bottom-up, and memory-free, driven by
prominent stimuli. It can also be guided by relatively slow, top-down, memory-
dependent mechanisms. For instance, when viewing faces, familiar faces may
capture attention first. Reliable visual saliency estimation enables appropriate
image processing even without prior knowledge, making it a crucial step in many
computer vision tasks.

In recent years, Convolutional Neural Networks (CNNs) have achieved remark-
able progress in computer vision, sparking a surge in pixel-level annotated
sample-based saliency detection [?]. Compared with unsupervised methods
[?, ?], DNNs based on fully supervised learning more effectively capture se-
mantically salient foreground regions and produce accurate results in complex
scenes. However, given the data-hungry nature of DNNs, their superior perfor-
mance heavily relies on large-scale datasets with pixel-level annotations. Such
annotation work is extremely tedious, making precisely annotated training sets
scarce and expensive.

To alleviate the need for large-scale pixel-level annotations, this paper inves-
tigates weakly supervised methods using image-level labels to train saliency
detectors. Image-level labels indicate object categories present in an image and
are much easier to collect than pixel-wise annotations. Moreover, image-level la-
bels provide category information about primary objects that are likely salient
foregrounds. Recent work [?, ?] has demonstrated that DNNs trained with
only image-level labels can also provide object location information. Therefore,
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weakly supervised methods that train DNNs using only image-level labels for
salient object detection are feasible and effective.

Although DNNs can extract foreground targets that are visually apparent, the
boundaries remain blurry because pixels around edges concentrate in similar re-
ceptive fields. Consequently, boundary refinement of saliency maps is necessary.
This work is therefore divided into two stages: pre-training with image-level la-
bels and boundary refinement combined with superpixel blocks.

In the first stage, to address the detail loss caused by pooling layers, we pre-
train a Fully Convolutional Network (FCN) using image-level labels. By altering
the convolution kernel stride instead of using pooling layers, we obtain multi-
scale salient features. In the second stage, inspired by [?], we propose a novel
method for joint refinement of convolutional features and superpixel boundaries.
First, feature maps from the first stage are integrated to obtain their feature
boundaries (FB). Then, the original image is processed into superpixels to obtain
superpixel boundaries (SPB). The FB is adjusted according to SPB to achieve
boundary refinement.

To reduce the need for large-scale pixel-level annotations, this paper makes two
main contributions. First, it provides a new direction for weakly supervised
saliency detection that uses only existing large-scale image-level labels, signif-
icantly reducing annotation workload. Second, it proposes a novel boundary
refinement method that better utilizes detailed information from the original
image, compensating for the blurry boundaries of CNNs and further improving
detection accuracy.

1 Related Work
Many traditional image processing algorithms such as CRFs [?], random forests
[?], and SVM [?] have been successfully applied to saliency detection. These
methods aim to capture contextual image information by finding graph struc-
tures and use classifiers to label entities like superpixels [?]. Jiang et al. [?]
formulated saliency detection as a regression problem, using supervised learn-
ing to map feature vectors of superpixel regions to saliency scores after super-
pixel processing, which are then integrated into a saliency map. Li et al. [?]
trained an SVM to detect salient objects while using super-edge segmentation
and multi-scale methods for post-processing.

However, DNN-based methods have demonstrated significant advantages in
saliency detection. FCN-based saliency detection methods [?, ?] offer competi-
tive performance in both accuracy and speed. Wang et al. [?] predicted saliency
maps by integrating local estimation and global search. Reference [?] proposed
a two-stage deep network that first generates a coarse map and then progres-
sively refines it using another network. However, training these models requires
massive pixel-level annotations, which is extremely costly. As a representa-
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tive work in weakly supervised detection, [?] proposed a Foreground Inference
Network (FIN) with iterative conditional random fields, achieving performance
significantly better than unsupervised methods and even surpassing some fully
supervised algorithms. In summary, combining DNN models with image-level
labels for weakly supervised saliency detection represents a promising new di-
rection for addressing saliency problems.

2 Weakly Supervised Saliency Detection
CNNs for image-level label prediction typically consist of a series of convolu-
tional layers followed by several fully connected layers. Let 𝐼 represent a train-
ing image and 𝑙 ∈ {1, 2, … , 𝑁} represent its corresponding category label. The
CNN takes 𝐼 as input and produces an 𝑁 -dimensional score vector 𝑌 after a
series of computations, where the index of the maximum value in 𝑌 indicates
the image category. During training, the CNN minimizes a loss function 𝐿 to
measure prediction accuracy. Although CNNs are trained with image-level la-
bels, recent experiments have shown that high-level convolutional layers can act
as detectors to capture and identify object parts. However, the location infor-
mation encoded in convolutional layers cannot be transferred to fully connected
layers.

Therefore, for multi-label recognition tasks, Jonathan Long et al. proposed Fully
Convolutional Networks (FCN) to preserve object location information. Given
an input image of size 𝐻 × 𝑊 and using pixel-level annotations as supervision,
the trained model outputs 𝑁 channels of 𝐻 × 𝑊 score maps, where each chan-
nel represents a category and the values at corresponding points represent the
probability that the image pixel belongs to that category. However, saliency
maps extracted by FCN have very blurry edges. Therefore, in weakly super-
vised saliency detection, we modify the final output layer to an 𝑁 × 1 × 1 score
map, where these 𝑁 values represent the probability that the image belongs
to each category. We then integrate high-level convolutional feature maps to
obtain a foreground inference map, which undergoes further post-processing.

2.1 Foreground Inference Map

During FCN model training with image-level labels as supervision signals, con-
volutional kernels capture object regions in the input image, with each channel
corresponding to a feature of the object. In saliency detection tasks, we are not
concerned with object categories but aim to discover all salient object regions.
To obtain such category-agnostic saliency maps, one could sum all channel fea-
ture maps at the same scale and then map them to color values between 0-255 for
visualization [?]. However, this approach has a drawback: responses from salient
object parts can be suppressed by high-response regions in other channels, re-
sulting in saliency maps with either significant background noise or non-uniform
highlighting of salient regions.
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To address this issue, we add a branch during FCN training to automatically
generate a Foreground Inference Map (FIM). This branch also consists of a series
of convolutional layers and a sigmoid layer. The output feature map 𝐹 has
only one channel with values in [0, 1], representing the saliency of corresponding
pixels. Overall, given an image 𝑋, the model generates 𝐶 feature maps 𝑆(𝑛×𝑛)
and one foreground inference map 𝐹 , which are substituted into the following
formula:

𝑆𝑜𝑢𝑡 =
𝐶

∑
𝑘=1

(𝑆𝑘 ⊙ 𝐹) ⊕ 𝑆𝑘

where 𝑆𝑘 represents the 𝑘-th channel of feature map 𝑆, ⊙ represents element-
wise multiplication between 𝑆𝑘 and 𝐹 , and ⊕ represents the integrated feature
map passed to the next layer. This approach leverages high responses in each
channel of feature map 𝑆 without mutual suppression, enabling the FIM gener-
ation to undergo a continuous learning and training process [?, ?].

Considering that FCN trained with specific image-level labels struggles to cover
categories not in the training set, we apply the masking operation in Equation
(1) to intermediate feature maps rather than the final layer. Since intermediate
feature maps do not directly correspond to image categories but instead extract
specific structures and textures, these representations are more general. Conse-
quently, the generated FIM can better capture new categories not seen during
training, improving model robustness.

[Figure 1: see original paper] shows the network structure proposed in this
paper. In the first stage, FCN (1)-(5) is trained to generate a Foreground
Inference Map (FIM). In the second stage, the FIM undergoes edge refinement
using superpixel block saliency maps (6) to generate the final saliency map (7).

2.2 Pre-training Based on Image-Level Labels

This section formally introduces the first stage of the weakly supervised saliency
detection method. The network is trained using the ImageNet dataset, which
includes 1000 object categories with 1000 images per category.

As discussed above, since FIM generation is closely related to FCN training, they
can be jointly trained with shared convolutional features. Specifically, we design
a shared network branch after the 16-layer VGG network [?], which consists of 13
convolutional layers connected by ReLU nonlinear functions and 4 max-pooling
layers. The FIM branch network is computed through one convolutional layer,
one BN layer [?], and one Sigmoid layer, then serves as a mask integrated with
FCN to obtain new feature maps. Finally, fully connected layers generate a
1000-dimensional object category score vector, which is converted to category
probabilities using the Softmax function.
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For each generated saliency map, larger values indicate higher foreground like-
lihood. Through extensive observation, we can infer an explicit association
between foreground pixels and semantic objects. Since each simple image is
accompanied by semantic labels, we can easily assign corresponding image-level
labels to foreground candidate pixels. We then propose a multi-label cross-
entropy loss function to train the segmentation network under saliency map
supervision.

Given a training set containing 𝑁 training samples {𝑋𝑖, 𝑌𝑖}𝑁
𝑖=1, the loss function

is minimized to achieve model convergence:

𝐿(𝜃) = − 1
𝑁

𝑁
∑
𝑖=1

𝐶
∑
𝑗=1

[𝑦𝑖𝑗 log(𝑝𝑖𝑗) + (1 − 𝑦𝑖𝑗) log(1 − 𝑝𝑖𝑗)] + 𝜆‖𝐹‖1 + 𝜂‖𝜃‖2
2

where 𝜃 represents network parameters. The first and second terms constitute
cross-entropy loss ensuring prediction accuracy, the third term is L1 regulariza-
tion for FIM, and the last term is network decay. Based on experience, 𝜆 and
𝜂 are set to 7 × 10−5 and 5 × 10−5, respectively. Shared layer weights are ini-
tialized using the pre-trained VGG model [?], while other layers are randomly
initialized using the method from [?]. All input images are normalized to a
fixed resolution of 224 × 224, while FIM resolution is 56 × 56 and upsampled
to 224 × 224 via bilinear interpolation. To accelerate convergence of the loss
function, we employ Stochastic Gradient Descent (SGD).

2.3 Edge Detection Based on Superpixel Blocks

After DNN training, we obtain the FIM. However, as previously mentioned, FIM
edges are relatively blurry, requiring further post-processing to refine contours.

Contrast is an important parameter for evaluating human vision. Since salient
objects have different contrast from their surroundings and human visual cells
are more sensitive to image edges, we determine image edges through contrast
calculation and segment images into superpixel blocks. Traditional image pro-
cessing methods operate based on three attributes: color, texture, and shape
[?, ?]. These techniques have been successfully applied in various domains.
However, these attributes cannot provide high-level image understanding be-
cause humans typically do not comprehend images from color, texture, or shape
alone, but rather based on the interconnections among these three attributes. In
other words, the saliency of target objects depends on their uniqueness relative
to the surrounding environment.

Based on observations, salient objects have three distinct features that enable
shape feature calculation: (a) salient objects are always significantly different
from their surroundings; (b) salient objects are almost always located near the
image center; (c) salient object boundaries are perfectly closed.
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The first feature is based on bottom-up visual stimuli, extensively studied in
[?, ?]. The second is a location priority feature—human attention always fo-
cuses first on the image center before diverging outward [?]. The third feature,
proposed in [?, ?], indicates that salient targets are usually clustered rather
than scattered throughout the image, and humans observe object edges before
the brain combines them to form objects.

Our goal is to segment images into closed contours whose boundaries contain
salient object boundaries. First, images are segmented via edge detection to gen-
erate superpixel blocks, then saliency is calculated based on superpixel images.
References [?, ?] scale original images to smaller sizes to reduce computation.
Our method produces far fewer superpixel blocks than pixels, thereby reducing
computational load while generating full-resolution edge maps.

For image segmentation, we consider two aspects: color distance and spatial
distance. Using the method from [?], we divide images into several regions and
evaluate each region’s color-based saliency according to color contrast. Based
on features one and two, if a region (superpixel block) is significantly different
from its surrounding context and relatively close to the image center, it is more
likely to be salient. Meanwhile, for superpixel blocks belonging to the same
category, their similarity remains high regardless of spatial distance, yet distant
similar superpixel blocks cannot significantly enhance each other’s saliency.

In summary, for an image containing 𝑁 superpixel blocks, we first minimize the
following loss function [?] to achieve model convergence:

𝐸(𝐿) = ∑
𝑖

𝐷(𝑙𝑖) + ∑
𝑖,𝑗

𝑉 (𝑙𝑖, 𝑙𝑗)

The saliency of the center superpixel block is calculated as:

𝑆(𝑝) = ∑
𝑞≠𝑝

exp (−𝑑𝑐𝑜𝑙𝑜𝑟(𝑝, 𝑞)
𝑤𝑐

− 𝑑𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛(𝑝, 𝑞)
𝑤𝑝

)

where 𝑑𝑐𝑜𝑙𝑜𝑟 and 𝑑𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 represent color distance and spatial distance between
superpixel blocks 𝑝 and 𝑞, respectively, and 𝑤𝑐 and 𝑤𝑝 are hyperparameters
controlling the strength of color and spatial distances.

For non-center superpixel blocks, based on feature 2, we additionally incorporate
the influence of center superpixel block saliency:

𝑆′(𝑝) = 𝑆(𝑝) ⋅ exp (−𝑑𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛(𝑝, 𝑐)
𝜎 )

where 𝑐 refers to the center superpixel block. Through these formulas, we obtain
the saliency of each superpixel block in the image.
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2.4 Joint Boundary Refinement of FIM and Superpixel Blocks

After pre-training in Section 2.2, the generated FIM has captured foreground
regions. As known, FIM contains substantial edge information. By setting a
threshold, we generate a binarized FIM, as shown in Figure 1. During bina-
rization, each image uses a different threshold—i.e., the threshold is not fixed.
We first denoise the image to remove high-response noise points in FIM, then
compute the image histogram to replace low-frequency pixels with similar ones
[?], and finally take the median between maximum and minimum pixel values
as the threshold. However, object boundaries remain discontinuous, requiring
connectivity processing.

Based on the third feature of salient objects—perfectly closed boundaries—we
first find the longest edge in FIM by computing connected component sizes, take
one endpoint as the starting point, and search for other nearby edges following
gradient priority rules. As shown in Figure 2, endpoint A’s extension trend
is downward, so it prioritizes searching for unconnected edges below. After
finding endpoint B that needs connection, point A extends toward B based on
the saliency score map obtained in Section 2.3.

[Figure 2: see original paper] illustrates the FIM edge refinement process. Fig-
ure (a) shows the superpixel saliency map, (b) shows the binarized foreground
inference map FIM, (c) shows the edge-refined FIM where red lines represent
edges extended based on superpixel saliency, and (d) shows the final saliency
segmentation result.

3 Experiments
For hyperparameter design, our method is implemented based on TensorFlow
with weight decay set to 0.001 and momentum set to 0.9. During FIM binariza-
tion, pixels with frequency less than 10 are replaced by similar points. Pixels in
FIM with saliency greater than the threshold are set to 255, otherwise 0.

In experiments, we compare our method with nine models: MBS [?], wCtr [?],
MR [?], BSCA [?], WSS [?], RFCN [?], DCL [?], DS [?], and MC [?]. Since
saliency detection is a relatively new vision problem with limited published
datasets, we select four public datasets for testing:

1. SED [?]: Contains 100 images, one category per image.
2. ECSSD [?]: Contains 1000 structurally complex images with multiple

categories per image.
3. MSRA-B [?]: Contains 5000 images across 200+ categories.
4. PASCAL-S [?]: 850 carefully selected images from the PASCAL VOC

dataset in complex environments.

For comparison, we introduce 𝐹𝛽 as the evaluation metric, as shown in Figure
3 [Figure 3: see original paper]. The final saliency maps are binarized and
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compared with pixel-level ground truth annotations to obtain precision and
recall values. The 𝐹𝛽 score for each dataset is derived from averaged precision
and recall values across all images, defined as:

𝐹𝛽 = (1 + 𝛽2) ⋅ Precision ⋅ Recall
𝛽2 ⋅ Precision + Recall

where 𝛽2 is set to 0.3. We demonstrate our method’s effectiveness by comparing
it with state-of-the-art methods.

[Figure 3: see original paper] shows precision-recall curves. Table 1 presents com-
parative results with four state-of-the-art unsupervised algorithms, one weakly
supervised algorithm, and four fully supervised algorithms. 𝐹𝛽 measures detec-
tion performance, with bold indicating the best result on each dataset.

As shown in Table 1, since our method extracts features with purposeful su-
pervision signals for continuous optimization, it consistently outperforms un-
supervised methods. Despite not using expensive pixel-level annotations, our
final results also show advantages over fully supervised methods. Moreover,
while most fully supervised saliency detection datasets contain many images
but fewer than 300 categories, our method is trained on ImageNet, extracting
correspondingly richer category features and thus achieving better robustness.

4 Conclusion
This paper proposes a weakly supervised saliency detection method based on
image-level labels. The method comprises two stages: In the first stage, we
add a novel layer to FCN that learns to predict image-level labels to generate
a Foreground Inference Map (FIM). In the second stage, we process the input
image into superpixels based on three features of salient objects combined with
contextual information, calculate each superpixel block’s saliency, and refine
FIM edges based on superpixel saliency. Evaluation on benchmark datasets
validates our method’s effectiveness.

Future work will explore more advanced weakly supervised methods to further
improve detection accuracy and generalization capability.
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