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Abstract

Glass surfaces are omnipresent in our daily lives and often go unnoticed by the
majority of us. While humans are generally able to infer their locations and
thus avoid collisions, it can be difficult for current object detection systems to
handle them due to the transparent nature of glass surfaces. Previous methods
approached the problem by extracting global context information to obtain priors
such as object boundaries and reflections. However, their performances cannot be
guaranteed when these deterministic features are not available. We observe that
humans often reason through the semantic context of the environment, which offers
insights into the categories of and proximity between entities that are expected
to appear in the surrounding. For example, the odds of the co-occurrence of
glass windows with walls and curtains are generally higher than that with other
objects, such as cars and trees, which have relatively less semantic relevance.
Based on this observation, we propose a model named Glass Semantic Network
(‘GlassSemNet’) that integrates the contextual relationship of the scenes for glass
surface detection with two novel modules: (1) Scene Aware Activation (SAA)
Module to adaptively filter critical channels with respect to spatial and semantic
features, and (2) Context Correlation Attention (CCA) Module to progressively
learn the contextual correlations among objects both spatially and semantically. In
addition, we propose a large-scale glass surface detection dataset named Glass
Surface Detection - Semantics (‘GSD-S’), which contains 4,519 real-world RGB
glass surface images from diverse real-world scenes with detailed annotations
for both glass surface detection and semantic segmentation. Experimental results
show that our model outperforms state-of-the-art works, especially with 42.6%
MAE improvement on our proposed GSD-S dataset. Code, dataset, and models are
available at https: // jiaying. link/neurips2022-gsds/

1 Introduction

Glass surfaces, including glass doors, windows, and walls of modern architecture, are becoming
prevalent in our daily lives. Due to the ambiguity of the transparency property, the autonomous
systems of contemporary works typically lack the ability to identify glass surfaces. With such
characteristics, the peripheral environment displayed by the glass surface only contains opaque
objects and scenes from the surroundings. These result in a myriad of potential dangers caused by
the impairment of the existing object detection models in handling glass surfaces, as manifested
in previous works [1, 2]. Consequently, it brings a pressing need for a better glass detection
model. Existing methods have explored many characteristics of glass surfaces, including context [3],

*Joint first authors.
"Corresponding author.

36th Conference on Neural Information Processing Systems (NeurIPS 2022).


https://jiaying.link/neurips2022-gsds/

Image GDNet [3] GlassNet [4] Ours GT

Figure 1: Existing methods [3, 4] may fail when explicit physical cues (e.g., boundaries and reflec-
tions) are unreliable. In the top row, the center region has glass-like boundaries, and existing methods
wrongly predict this region as glass. In the bottom row, as the smaller window on the right does not
have obvious reflection, it can be perplexing to detect. Our model can accurately detect glass surfaces
in both situations, which are not distracted by regions with glass-like boundaries through learning
semantics. It generalizes well even to glass regions without obvious reflection.

boundary [4], reflection [4] and polarization [5]. Although these methods generally perform well,
when the assumptions that these models make do not exist, the detection ability of these models is
significantly impeded. In addition, these methods only exploit the pixel-level binary labels for glass
surfaces, which introduces a bottleneck for the model on knowledge learning, as opposed to other
models with multi-class learning that encourage knowledge acquisition through a more diverse pool
of knowledge.

In this paper, we observe that there is often a correlated occurrence of glass surfaces with some
surrounding objects in the scene. For example, glass surfaces of ‘windows’ tend to co-occur with
‘curtains’ (or ‘blinds’) and ‘glass doors’ with ‘walls’. This prompts us to reconsider the problem from
a new perspective by incorporating knowledge on top of superficial features. Hence, we propose to
focus more on semantic context learning. Studies in cognitive neuroscience [6, 7, 8, 9] demonstrate
that surrounding objects can offer an effective derivation of contextual information. In addition,
applications of contextual information have had many proven successful impacts. Examples tasks
include salient object detection [10], domain adaptation [11], network pruning [12], image style
transfer [13], and image-text retrieval [14]. Based on these and our findings, we propose to learn and
incorporate the relationship between glass surfaces and their surrounding semantic context for glass
surface detection.

Figure 1 shows that existing methods are often misled by obscure scenes wherein explicit physical
cues such as boundaries and reflections are missing. To address these issues, we propose a novel
model exploiting semantic relations for glass surface detection. GlassSemNet adopts the encoder-
decoder architecture. The encoder component is supported by two backbones: 1) a SegFormer
network [15] for comprehensive spatial context learning, and 2) a ResNet50 network [16] for
semantic relationship learning. The semantic backbone (DeepLabV3P-ResNet50) is first pre-trained
with regular segmentation modeling to comprehend scene context reference and object relationships
in real-world settings. The backbone features from the DeepLabV3+ classifier are projected to
semantic encodings that are fed into downstream modules to serve as contextual hints for subsequent
information extraction. Specifically, two modules are proposed to achieve the ontology learning
objectives to assist glass surface detection: 1) the Scene Aware Activation (SAA) Module to guide
contextual feature modeling, and 2) the Context Correlation Attention (CCA) Module to associate
spatial context and semantic meanings of objects in the environment. Inspired by SENet [17], the
SAA Module consists of two feature selection pathways that respectively assimilate the information
concerning object locations and object categorical connotations. The CCA Module adopts the
Transformer block [18] to conduct attention modeling between the extracted backbone features.

Besides, we notice that although Mei et al. [3] and Lin et al. [4] both propose datasets for glass
surface detection, these datasets do not contain semantic data (e.g., semantic labels of different
objects around glass surfaces) to model the spatial context and high-level scene context. To further
the research on glass surface detection, we propose a new large-scale challenging semantic-aware



glass surface dataset (GSD-S) with ground truth semantic labels, not only limited to the binary masks
of glass surfaces. Our dataset consists of 4,519 images collected from various scenes. It is larger than
those proposed by Mei et al. [3] (3,900 images) and Lin ef al. [4] (4,102 images), and can largely
facilitate research in this area. Extensive experiments and evaluations on all three datasets were
conducted to validate the performance of our model.

Our contributions can be summarized as follows:

* We propose a strategy to apply semantic relationship modeling to cognitively infer the
correlation between glass objects and everyday objects for glass surface detection.

* We present two novel deep learning modules to capture long-range spatial and implicit
semantic dependencies, with results being substantiated by thorough studies.

* We have built a large-scale dataset, which has complex and challenging scenes with semantic
contexts. It can serve as a benchmark for performance validation on future models.

* We have conducted extensive experiments to evaluate our model’s robustness and show that
it outperforms state-of-the-art methods on glass surface detection.

2 Related Work

Transparent Object Detection. Transparent Object Detection aims to identify glass-made objects,
specifically with bounded shapes such as glasses and glass bottles; occasionally, the task also
accommodates window panels. Existing works approached this task by leveraging the bounded shapes
to localize the position of prospective transparent objects. The methods range from as simple as
adopting an encoder-decoder structure to extract boundary [19, 20, 21] and surface normal [22]. Light
polarization was utilized to capture the rotation of light waves from a Physics perspective [23] and
multi-view stereo images to generate depth maps that further outline the object shape information [23].
However, glass panels with flat surfaces usually do not possess the boundary characteristic, which
induces an even more challenging obstacle for detection models.

Context-Aware Detection. Context-aware methods tackle the limited receptive field bottlenecks
of convolutional kernels. Most works employed auxiliary operations such as dilation [24, 25] and
pooling [26] to enlarge the receptive field such that it gains more global contextual information. More
specific solutions that are tailored for various types of surface detection also follow this fashion
of contextual learning, such as for mirror surface [27, 28], and glass surface [3, 4]. Nevertheless,
these methods are yet another feature aggregation strategy that leaves behind the implicit reasoning
embedded in the network learning and rarely exploits the explicit semantic relationship.

Attention-based Detection. Attention mechanism from [29] enables the modeling to be more
specific and oriented towards meaningful context. Early works used matrix formulation to construct
such attention purpose [26, 30, 31]. A boost in performance is nurtured by [32], which actualized
the ‘transformer’ concept in Computer Vision tasks. Nonetheless, it is still in the form of spatial
context, which relies on semantic feature extraction from each local patch. [33, 34] proposed novel
strategies to instead focus on semantic context to study the relationships between objects and scenes
for semantic meanings, which served as an inspiration for our work to utilize semantic dependency.
Subsequent work [35] swiftly merged the ‘transformer’ concept and semantic category embedding in
transparent object detection. However, the model is constrained to model relationships between a few
types of transparent objects, e.g., eyeglasses, bowls, freezers, and windows. This method completely
ignores and disposes of the potential of semantic meanings between object categories and scenic
information; we aim to fill the gap by emphasizing contextual relationships.

3 Proposed Dataset

We acknowledge that there exist numerous datasets [36, 37] that are dedicated to semantic seg-
mentation tasks. Since most of them are augmented for everyday objects and thus have a general
classification purpose, more refined labelings would be required. Consequently, a rectified dataset
that caters explicitly to glass surface detection concerning semantic context is still in need. On the
other hand, [3] and [4] are among the earliest teams who pioneered the ‘glass detection’ studies
and contributed large-scale glass datasets. While half of [4]’s GSD dataset was assembled from
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