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Abstract
Specularity poses significant challenges in computer vision (CV), often leading to perfor-
mance degradation in various tasks. Despite its importance, the CV field lacks a compre-
hensive review of specularity detection techniques. This survey addresses this gap by syn-
thesizing diverse definitions of specularity and providing a unified framework to enhance 
consistency. It also presents a systematic review of traditional and deep learning-based 
methods for detecting specularity. Comparative experiments on a standardized dataset en-
able in-depth evaluation of each method, highlighting their strengths and limitations. The 
survey further provides structured insights and guidance for selecting appropriate methods 
across diverse scenarios. Through this, it identifies key areas for future research, aiming 
to support the development of more advanced detection models. By integrating diverse 
methodologies and quantitative analyzes, this survey contributes to a deeper understanding 
of current advancements and potential innovations in specularity detection.
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1  Introduction

Specularity refers to reflective phenomena that occur on various surfaces and objects. This 
includes reflective objects such as mirrors and polished metals, reflective surfaces like 
water, and specific reflective regions on objects, as shown in Fig. 1. These specular reflec-
tions introduce strong highlights and distortions, complicating image interpretation and 
leading to challenges in computer vision (CV) tasks (Tan et al. 2023; Anwer et al. 2023). 
Accurately detecting and interpreting these specularities is critical, as misinterpreting reflec-
tions can result in performance degradation in tasks such as object detection, segmentation, 
and scene understanding.

Despite advances in CV, the task of detecting and interpreting specularity remains incon-
sistent in different studies. Some researchers define specularity as specular objects, focusing 
on highly reflective entities such as mirrors (Yang et al. 2019; Lin et al. 2020; Mei et al. 

 et al. [full author details at the end of the article]
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2021; Tan et al. 2023; Lin et al. 2023; Lin and Lau 2023; Anwer et al. 2023; He et al. 2023), 
while others broaden the concept to include any reflective surface, typically referring to 
metallic or oily surfaces that exhibit specular reflections (Fu et al. 2020; Chen et al. 2023; 
Yu et al. 2014; Wu et al. 2021). This lack of a unified definition has resulted in various 
approaches to specularity detection, with no clear consensus on how to consistently address 
the issue in CV tasks.

This study first reviews various definitions of specularity in CV, which have evolved 
from geometrical, physical, and perceptual perspectives. The central research question is 
how to develop a consistent, unified definition of specularity that enhances the reliability 
and generalizability of specularity detection methods across diverse CV tasks. Thus, this 
review draws inspiration from multiple fields. For example, specularity in the field of com-
puter graphics (CG) is often defined with precision using the Disney principled bidirectional 
reflectance distribution function (BRDF) (Burley and Studios 2012). From a geometric per-
spective, specularity is explained based on surface and light interactions, while the physical 
reflection model emphasizes material properties and light behavior. The perceptual angle 
considers how humans interpret reflective surfaces.

Thus, this review proposes a unified approach to specularity in CV, integrating these 
diverse perspectives into a mathematical framework, offering a more consistent solution for 
specularity detection. Specifically, this review suggests that specularity in CV should not be 
defined by the material or task, but by its fundamental physical and perceptual traits: any 
instance where light reflects off a surface in a concentrated manner, producing directional 
highlights. This study shows how this definition can be represented by a more precise math-
ematical model based on physical optics, the Fresnel equations (Lippincott and Stark 1982; 
Lvovsky 2013), which describe the behavior of light reflecting off smooth surfaces at the 
microscopic level. By unifying these multiple perspectives under a common mathematical 
framework, we not only deepen the theoretical understanding of specularity but also ensure 
that detection methods in CV are more coherent and adaptable across different contexts and 
applications.

With a clear definition of specularity established, this review summarizes the major con-
tributions to specularity detection in CV, spanning from the earliest traditional methods to 
the most recent deep learning (DL)-based approaches. By examining both past and cur-
rent research, this review aims to provide a comprehensive overview of how these meth-
ods have evolved over time. Traditional CV methods for specularity detection often rely 
on handcrafted features, physical principles, and mathematical algorithms, such as using 
color space transformations, intensity gradients, and reflection models to identify reflective 
regions. These methods, while effective in controlled environments, tend to struggle with 
generalization in more complex, real-world scenarios due to the variability of lighting con-
ditions, surface materials, and reflection angles. Furthermore, their reliance on predefined 

Fig. 1  Specularity in life
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rules limits their adaptability across diverse environments and surface types. On the other 
hand, DL-based approaches have demonstrated significant progress by automatically learn-
ing features that can differentiate reflective phenomena from actual scene content. Various 
DL models have contributed to improving the detection of specularities, leveraging large 
datasets and complex architectures. However, despite these advancements, DL methods still 
face challenges in accurately detecting and interpreting specularities in highly reflective or 
dynamically changing environments. There remains ample room for improvement in mak-
ing these models more robust and generalizable across different scenarios.

Given the varying and often inconsistent definitions of specularity, the relative novelty 
of specularity research, and the field’s strong focus on application-specific challenges, much 
of the existing work lacks generalizability across broader contexts. As a result, this paper 
provides a comprehensive overview of specularity detection, addressing the need for a uni-
fied and systematic review to consolidate diverse insights and guide future developments. 
Through extensive quantitative experiments on standardized datasets, this study critically 
evaluates the performance of various approaches, tracking their progress and highlighting 
improvements over time. Our analysis not only examines the evolution of methods but also 
details how datasets have been optimized, offering practical insights into the potential and 
limitations of each approach. This review has tested these methods across different specular 
datasets, providing a clear understanding of their applicability in various scenarios. This 
comprehensive evaluation aims to assist future researchers by offering concrete guidance on 
selecting the most appropriate methods for specific applications, as well as identifying areas 
where further improvement is necessary.

In addition to the experimental analysis, this survey identifies gaps in the current litera-
ture and suggests promising directions for future research. By uncovering under-explored 
areas and highlighting the limitations of existing methods, this review is expected to inspire 
the development of more advanced detection models. To the best of our knowledge, many 
of the analyses and insights presented here are offered for the first time. The Fig. 2 offers 
a structured overview of the core definitions, detection methods, and essential components 
reviewed in this paper, guiding readers through the main aspects of specularity detection. 
Therefore, the key contributions of this survey are as follows: 

1.	 This paper provides the first comprehensive survey of specularity detection, establish-
ing a unified and consistent definition for CV tasks by leveraging the precise theoretical 
foundations from CG. This definition serves as a guiding framework for understanding 
and detecting specularities across diverse CV applications.

2.	 This survey systematically reviews both traditional and deep learning-based methods 
for specularity detection, exploring the relationships between them. This survey high-
lights the unique strengths, weaknesses, and innovations of each approach, providing a 
comprehensive comparison of their evolution over time.

3.	 Through extensive quantitative experiments, this review evaluates the performance 
of various methods using unified and diverse metrics across multiple standardized 
datasets. These results offer clear, data-driven insights into the effectiveness of each 
approach, allowing for a more rigorous comparison of their practical applicability.

4.	 This paper explores a wide range of potential applications for specularity detection, 
identifies current challenges, and highlights complementary approaches such as salient 
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object and shadow detection. This study also provides targeted recommendations for 
integrating these techniques to improve specularity detection performance.

2  Defining specularity

This section establishes the foundational groundwork for unifying the understanding of 
specularity across both CG and CV, two fields where specularity plays a crucial role. By 
exploring the fundamental principles of specularity, as well as how it is defined in both CG 
and CV, this section reveals the consistency and overlap between the two domains. The 
convergence of these definitions forms the basis for a more cohesive and unified approach 
to specularity, which is essential for advancing research and improving methodologies in 
visual computing. This structure not only strengthens the theoretical framework but also 
provides a clearer path for handling specularity in practical applications, shown in Fig. 3.

This section begins with the Subsect. 2.1, which defines the core properties of specu-
lar reflections by examining how light interacts with smooth surfaces. The Subsect. 2.2 
then outlines how specularity is characterized in CG, focusing on key models that describe 
reflective surfaces to achieve realism. Finally, the Subsect. 2.3 addresses how specularity is 
interpreted in CV, particularly with regard to its impact on the accuracy of vision systems. 
By highlighting the consistency in definitions across CG and CV, this section offers a unified 
conceptual framework that enhances both research and practical application of specularity 
in visual computing.

Fig. 2  Methodological framework for specularity detection. The diagram outlines key definitions, detec-
tion methods, and supporting components of this review
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2.1  Fundamentals of specularity

Specularity, often referred to as highlights or reflective properties of a surface, is a funda-
mental concept in both CG and CV. It arises from the interaction of light with smooth sur-
faces. When light hits a surface, it can either be absorbed, diffused, or reflected (Tan 2021). 
Specularity specifically refers to the reflection of light in a concentrated manner, as opposed 
to diffused reflection, where light is scattered in multiple directions. Specular reflections 
occur most prominently on smooth surfaces such as metals, ceramics, and glass, where light 
is reflected in a controlled, directional way, resulting in bright spots commonly known as 
specular highlights (Artusi et al. 2011). This survey defines specularity through three key 
perspectives: geometrical analysis, physical interaction, and perceptual interpretation.

From a geometrical perspective, specular highlights provide critical information about 
surface properties such as surface normals and curvature (Blake and Brelstaff 1988). To 
better understand this relationship, the microfacet model is often employed. The microfacet 
model assumes that a macroscopic surface is composed of a multitude of tiny reflective fac-
ets, each with its own surface normal (Cook and Torrance 1982; Oren and Nayar 1994). The 
distribution of these microfacets’ orientations plays a significant role in determining how 
light reflects off the surface. For smoother surfaces, the microfacets tend to be aligned in a 
similar direction, whereas rougher surfaces exhibit a broader and more randomized distribu-
tion of microfacet normals. Specifically, the location of specular highlights is determined 
by the orientation of these surface normals at specific points. By analyzing the direction 
of reflected light, it becomes possible to infer the surface’s overall orientation. Further-
more, specular reflections can also provide insights into the local curvature of the surface. 
A sharper, more focused specular highlight often corresponds to a smoother and flatter sur-
face, while a diffused specular highlight suggests a rougher or more curved surface. By 
analyzing specular highlights from multiple viewpoints, variations in their positions pro-
vide valuable geometric information about the surface’s structure. These insights contribute 

Fig. 3  The diagram of the unified specularity definition highlights the geometrical, physical, and percep-
tual perspectives, providing a clear foundation for future specularity detection tasks
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significantly to defining specularity in terms of surface normals and curvature, offering a 
clear geometrical framework for understanding and detecting specular reflections (Blake 
and Brelstaff 1988; Oren and Nayar 1997).

From a perceptual perspective, the human visual system uses specularity as a fundamen-
tal cue to interpret surface properties. Research has shown that the visual system processes 
specular highlights to distinguish between reflective and non-reflective surfaces, directly 
contributing to how specularity is defined in terms of material interpretation (Blake and 
Bülthoff 1990). The perception of these highlights, through their position, intensity, and 
contrast, gives important information about surface smoothness and reflectivity (Marlow 
et al. 2012). This perceptual interpretation plays a crucial role in shaping the overall under-
standing of specularity, as it reveals how humans naturally define and differentiate reflective 
characteristics in real-world environments (Fleming et al. 2004). This reliance on specular-
ity plays a fundamental role in interpreting surface features and is crucial for accurate detec-
tion and analysis of reflective surfaces in CV.

In terms of physical interaction, specularity emerges from the way light interacts with 
surfaces, particularly through concentrated, directional reflections. When light encounters 
smooth surfaces such as metals, ceramics, or glass, it tends to reflect in a controlled, specu-
lar manner, producing bright highlights (Chen et al. 2006; Artusi et al. 2011). This behavior 
contrasts with diffuse reflection, where light scatters in multiple directions, typically seen on 
rough surfaces. The strength of this reflection is closely tied to both the angle of incidence 
and the material’s physical properties. In optical physics, the Fresnel equations explain how 
light behaves at the interface between two media, governing both reflection and refraction 
(Angelopoulou and Poger 2003; Angelopoulou 2007). The intensity of specular reflection 
depends on factors such as the angle of incidence and the material’s refractive index. For 
example, metals and dielectric materials exhibit distinct specular reflection characteristics, 
with metals reflecting more light over a broader range of angles (Zhang et al. 2015). These 
material-specific properties are essential for understanding specularity in CG, where the 
BRDF is employed to model light interactions with surfaces.

2.2  Specularity in computer graphics

The concept of specularity has long been integral to CG, as its accurate representation is 
crucial for rendering realistic images. Building on the physical principles of light reflection, 
including those described by the Fresnel equations (Moon 1940; Angelopoulou and Poger 
2003, 2004; Angelopoulou 2007; Zhang et al. 2015), specularity models have evolved to 
capture the behavior of light as it interacts with different materials.

A significant advancement in CG was the introduction of the Disney BRDF (Burley and 
Studios 2012), which provided a more versatile model for simulating a wide range of mate-
rial properties. Unlike earlier models, the Disney BRDF allows for the simulation of both 
rough, diffuse surfaces and highly reflective, mirror-like surfaces. This is achieved through 
parameters such as roughness, reflectance, and anisotropy, giving artists and researchers 
greater control over the appearance of specular highlights in rendered images (Ghosh et al. 
2007). In addition to this, recent approaches in BRDF acquisition have further advanced the 
ability to capture realistic surface reflectance. For example, new methods have been devel-
oped to directly measure BRDFs using basis representations by projecting incident light as 
a sequence of basis functions from a spherical zone of directions. This technique allows for 

1 3

218  Page 6 of 53



A comprehensive survey of specularity detection: state-of-the-art…

the reconstruction of specular and diffuse reflection components with high accuracy and 
efficiency, greatly enhancing the precision of specularity representation in CG. Further-
more, studies on the leaf BRDF, which analyze both spectral and directional variations, have 
identified the spectral invariance of the specular component in the visible spectrum, further 
contributing to a more comprehensive understanding of specular highlights across different 
materials (Bousquet et al. 2005).

Furthermore, techniques such as environment mapping and ray tracing have further 
improved the simulation of specular reflections in CG. Environment mapping captures the 
surrounding environment and applies it as a texture to reflective surfaces, while ray tracing 
simulates the actual paths of light rays as they interact with objects in a scene. Together 
with the Disney BRDF, these methods have enabled the creation of rendered images that 
are nearly indistinguishable from photographs (Amanatides 1992; Bajcsy et al. 1996; Feris 
et  al. 2006; Morgand and Tamaazousti 2014; Aggarwal and Namboodiri 2016). These 
advancements have provided the field with unified tools and models to accurately simulate 
and define specularity. By combining mathematical models, such as those used for BRDF 
acquisition, with physically-based rendering techniques, the specularity in computer graph-
ics has been more precisely defined, allowing for more realistic rendering of various mate-
rial properties, from diffuse surfaces to highly reflective ones.

2.3  Specularity in computer vision

In the field of CV, specularity has been interpreted in various ways depending on the specific 
tasks and objectives (Mallick et al. 2006; Adato et al. 2007; Shen and Cai 2009; Lin and 
Shum 2001). Some CV tasks define specularity as reflective properties resembling mirror-
like surfaces, focusing on entities like mirrors or polished metal that exhibit clear, well-
defined reflections (Yang et al. 2019; Lin et al. 2020; Mei et al. 2021; Tan et al. 2023; Lin 
et al. 2023; Lin and Lau 2023; Anwer et al. 2023; He et al. 2023). Other tasks take a broader 
approach, defining specularity as any reflective characteristic present on surfaces, such as 
the irregular shine of smooth, metallic objects (Lippincott and Stark 1982; Shen and Zheng 
2013; Morel et al. 2006, 2005; Fu et al. 2020; Son et al. 2020; Chen et al. 2023). Even more 
expansive definitions include reflections from less conventional materials, such as water 
surfaces or glass, where the reflective properties are less defined but still impactful on scene 
interpretation. These varying interpretations reflect the diverse challenges posed by specular 
reflections across different CV applications.

Traditionally, specularity in CV has been viewed as an artifact: something to be removed, 
particularly when it interferes with object recognition or surface detail recovery (Lippincott 
and Stark 1982; Lvovsky 2013; Shen and Zheng 2013; Morel et al. 2006, 2005, 2006). Early 
approaches treated specularity as a nuisance, especially in scenarios where reflections dis-
torted the underlying material properties, and developed techniques to mitigate these effects 
by separating specular reflections from diffuse ones. Techniques such as specular flow have 
been proposed to detect and interpret how specular reflections distort based on surface cur-
vature, revealing insights into surface geometry (Roth and Black 2006). However, as the 
field has advanced, researchers began to recognize that specular highlights can also provide 
valuable information about an object’s surface properties, geometry, and material charac-
teristics (Fu et al. 2020). Studies on specularity in static scenes have explored how reflec-
tions deviate from straight trajectories during camera movement, providing clues about the 
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surface’s orientation and geometry. This understanding has led to a more nuanced treatment 
of specularity, where reflections are considered informative rather than merely problematic. 
Specularity, in these contexts, is not only something to be detected and removed but also a 
feature that can be leveraged to improve scene interpretation.

Building on our insights from the Subsects. 2.2 and 2.3, it is evident that specularity in 
CV must be unified under a broader and more consistent definition. All forms of reflective 
behavior fall under the domain of specularity whether it involves mirror-like entities, metal-
lic surfaces, or water reflections. These reflections share common physical and perceptual 
characteristics: they occur due to light interacting with smooth or semi-smooth surfaces and 
produce highlights that vary based on the surface material, geometry, and viewing angle. 
Thus, whether the task involves detecting specular reflections from mirrors, polished metal, 
or irregular surfaces such as water or glass, these are all valid manifestations of specularity.

Therefore, this review suggests that specularity in computer vision (CV) should be 
defined not by the specific material or task, but by its fundamental physical and perceptual 
traits. Specularity can be characterized as any instance where light reflects off a surface in a 
concentrated manner, producing directional highlights. This broader definition encompasses 
various manifestations of specularity, including those observed on mirrors, polished met-
als, and irregular surfaces like water and glass, aligning with both the physical properties 
discussed in the Subsect. 2.1 and the models used in CG. Adopting this consistent definition 
across CV tasks will allow researchers to develop more coherent methods for detecting, 
segmenting, and even leveraging specular reflections in various applications.

Furthermore, this review suggests refining the definition of specular reflection in this 
work by incorporating a more precise mathematical model based on physical optics. Specif-
ically, the Fresnel equations (Lippincott and Stark 1982; Lvovsky 2013) model the behavior 
of light reflecting off smooth surfaces at the microscopic level. In practical scenarios, this 
model is often combined with diffuse reflections, where surface irregularities larger than 
the wavelength of light influence the overall reflection. To provide a consistent and uni-
fied framework, the specularity can be mathematically described by the following integral, 
based on the Fresnel equations:

	
Ls =

∫

Ω
F (θi, θr) · (n · l)p

dΩ,

where Ls represents the specular reflection intensity, and Ω denotes the range of possible 
incident angles. The term F (θi, θr) is the reflection coefficient derived from the Fresnel 
equations, which depends on both the incident angle θi and the reflection angle θr. Addi-
tionally, n is the surface normal vector, and  represents the direction of the incident light. 
The exponent p controls the sharpness of the specular highlight, which is related to the 
surface roughness or smoothness.

This mathematical model-based definition provides a unified approach to specularity that 
applies across different surface types and reflection scenarios, offering a more consistent 
and coherent model for specularity detection in CV. The application of this model across 
different tasks, such as detecting specular reflections from mirrors, polished metals, or water 
surfaces, involves selecting specific subsets of this general model depending on the physical 
properties of the surface and the task requirements.
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3  Specularity detection methods

With a well-defined understanding of specularity established in the previous section from 
geometrical, physical, and perceptual perspectives, this section now turns to how these 
insights guide the development of specularity detection methods in computer vision tasks. 
The theoretical foundation laid by these definitions provides clarity and structure, enabling a 
more systematic exploration of detection techniques. This section examines both traditional 
and deep learning-based approaches to specularity detection, each contributing unique 
advancements to the field. These methods are assessed for their capabilities, limitations, and 
the foundations they provide for future work.

The traditional approaches described in Subsect. 3.1 are reviewed chronologically, focus-
ing on their dependency on external hardware, primary advantages, and contributions to the 
field. These methods utilized mathematical optimization and control and laid the ground-
work for the subsequent research, particularly in their application to early CV systems. By 
evaluating traditional methods in terms of their hardware dependencies and overall impact, 
this section better demonstrates how they have shaped current approaches and what poten-
tial they hold for future advancements. Also, this section highlights the critical milestones in 
traditional methods and evaluates their strengths in enabling accurate specularity detection 
while acknowledging their limitations in terms of generalizability and scalability.

After exploring traditional methods, this section will transition to the review of deep 
learning-based approaches in Subsect. 3.2. With the advent of deep learning techniques, 
specularity detection has seen rapid progress, with significant advancements in network 
architectures and data-driven models. In this section, deep learning approaches are pre-
sented chronologically, but the primary focus is placed on the type of input data they uti-
lize, resulting in a classification based on the following categories: methods that rely on 
RGB image input, methods that incorporate RGB-D image input, and those that leverage 
video stream input. Methods utilizing RGB-D input, in particular, offer promising potential, 
as they leverage depth information to enhance specularity detection in complex scenes. 
Recent advancements in three-dimensional (3D) vision, such as improved depth estima-
tion and surface reconstruction techniques, have enriched the capabilities of RGB-D-based 
models, highlighting the growing intersection between specularity detection and 3D vision 
tasks. This categorization allows for a deeper understanding of how different data modali-
ties impact model performance and design, as well as how deep learning techniques have 
evolved to accommodate various challenges associated with these input types.

3.1  Traditional approaches

Early methods for detecting and removing specularity laid a critical foundation for the later 
development of artificial intelligence (AI)-based techniques by addressing the complex 
challenges posed by reflective surfaces (Son et al. 2020; Fu et al. 2024). These traditional 
approaches, developed during the 1990s and early 2000s, emphasized the analysis of both 
the geometric and physical properties of reflections. This included factors such as surface 
normals, the positioning of light sources, and the interaction between diffuse and specular 
reflections. Understanding these core properties is essential for identifying and processing 
specular highlights, which often obscure important details in scenes and complicate fea-
ture extraction or surface reconstruction. This subsection will provide an in-depth analysis 

1 3

Page 9 of 53  218



F. Li et al.

and comparison of representative traditional methods. Each method’s key contributions and 
innovations at the time of their introduction will be discussed, as illustrated in Fig. 4.

In the early 1990 s, Wolff (1990) pioneered the use of polarization to distinguish between 
metallic and dielectric surfaces based on their reflection characteristics. His method, 
grounded in the Fresnel reflection model, demonstrated that specular reflections from dielec-
tric materials are strongly polarized, while diffuse reflections are generally unpolarized. 
This polarization difference provided a reliable means for material classification, particu-
larly in industrial machine vision tasks such as circuit board inspection. Wolff’s work laid 
the foundation for later polarization-based approaches to specularity detection, emphasizing 
the importance of the polarization state of light in accurately isolating specular reflections.

Building upon these early insights, Umeyama and Godin (2004) introduced a more 
advanced polarization-based technique in 2004, which employed independent compo-
nent analysis to separate diffuse and specular components in images. By capturing images 
through a rotating polarizer, their method exploited the polarization properties of specular 
highlights to distinguish them from the underlying diffuse reflection. This approach proved 
effective in real-world scenarios, where complex lighting and material interactions often 
complicate specularity detection. Their work expanded the use of polarization to not only 
classify materials but also to address the challenges of separating reflection components in 
natural scenes.

Another one of the earliest approaches, proposed in 1992 by Amanatides (1992), focused 
on detecting and eliminating specular aliasing. Their method incorporated geometrical 
properties such as surface normals, gaze direction, and light source positioning. By ana-
lyzing these parameters, they managed to remove specular aliasing without increasing the 
sampling rate, thereby optimizing the detection of specular highlights. Their work paved 

Fig. 4  Timeline illustrating key milestones in traditional specularity detection methods
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the way for future geometric-based approaches to tackle specularity in scenes with complex 
light interactions.

Ching et al. (1993) proposed a specular highlights detection method utilizing multiple 
gray-scale images from different viewpoints. By leveraging key characteristics of specular 
highlights, such as strong intensity peaks and viewpoint dependence, the method reduced the 
ambiguities faced by traditional gray-scale techniques. Through de-emphasizing the bright-
est regions in intensity histograms during the correlation process, their approach improved 
the reliability of specularity detection. This method, while computationally efficient due to 
its reliance on gray-scale images, introduced challenges related to computational load when 
multiple views were needed, particularly in the presence of occlusions.

Following this, in 1996, Bajcsy et al. (1996) advanced the field by introducing a method 
that employed color space transformations to separate diffuse and specular reflections. Using 
the hue, saturation, and brightness (HSB) color space, they enhanced the contrast between 
specular and inter-reflections, significantly improving segmentation accuracy. Their innova-
tive approach underscored the growing recognition of color space’s role in distinguishing 
reflection types, marking an important step forward in specularity detection techniques.

By 2006, specularity detection was further advanced by Feris et al. (2006), who intro-
duced a technique based on multi-flash photography. Their method used images captured 
from different light source positions to isolate specular highlights. Through the use of Pois-
son equations to model the gradient field, they were able to remove or reduce specular 
reflections. This approach shifted the focus from detecting specularity in a single image to 
using multiple images, enhancing accuracy in complex scenes. In 2007, DelPozo and Sava-
rese (2007) extended this research by developing the static specular flow (SSF) method. 
Their technique analyzed consistent deformation patterns in reflections caused by specular 
surfaces with high curvature or occluding contours. By identifying these static flows, their 
method allowed for the detection of specularity using a single image. This advancement 
was significant for simplifying the detection process in natural scenes without relying on 
complex multi-image setups.

Entering the 2010s, new research efforts began to explore novel computational approaches 
for separating specularity in images, leading to significant advancements in the field. Among 
these, Shen and Zheng (2013) introduced a real-time specular highlight removal algorithm 
based on intensity ratios, marking an important contribution to specularity detection. The 
method is grounded in the observation that, for diffuse pixels, the intensity ratio between the 
maximum and range values (maximum minus minimum) remains independent of surface 
geometry. By leveraging this property, the algorithm efficiently computes the specular frac-
tions of image pixels using intensity ratios.

For textured surfaces, pixels are grouped into clusters, and the intensity ratios of these 
clusters are used to classify reflections. This pixel-wise approach operates without the need 
for explicit specular pixel identification or local interactions, offering both computational 
efficiency and simplicity. Running four times faster than previous methods, the algorithm 
delivers improved accuracy in removing specular highlights. Shen et al.’s work offers a 
critical step forward in advancing real-time specularity detection, providing a scalable solu-
tion for real-world applications in dynamic environments.

In 2014, Morgand and Tamaazousti (2014) expanded on the work in color space analysis, 
specifically focusing on the hue-saturation-value (HSV) color space to process multiple 
illumination sources with varying intensities. Their approach focused on real-time process-
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ing of these illumination changes with fast detectors, allowing the method to deal with 
lighting jumps. By adjusting contrast and utilizing automatic thresholding techniques, their 
method effectively detected specular reflections, continuing the trend of leveraging color 
space transformations for enhanced accuracy.

Further advancements in specularity detection came in 2016, when Aggarwal and Nam-
boodiri (2016) introduced a projector-camera system for mirror-like surface segmentation. 
By projecting structured sinusoidal patterns and analyzing the frequency variations in the 
reflected patterns, their method enabled precise identification of mirror-like surfaces. This 
approach leveraged the relationship between the captured local frequencies and the pro-
jected pattern, eliminating the need for complex scene geometry or texture data.

Furthermore, the 2018 study by Moriyama et al. (2018) proposed a method for illuminant 
color estimation that relies on the pseudo-detection of specular reflection, which is achieved 
by comparing the average pixel values of brighter and darker regions in an image. This 
approach stands out for its simplicity and its ability to effectively approximate specular 
highlights without the need for complex hardware or structured lighting setups.

In recent years, Wen et al. (2021) further advanced polarization-guided specular reflec-
tion separation by developing a unified optimization strategy that combines both RGB and 
polarimetric information. Their method introduces the concept of a polarization chromatic-
ity image, which accurately clusters pixels with similar diffuse colors, enabling precise sep-
aration of specular and diffuse components. This approach addresses the challenges posed 
by varying illumination conditions and offers robust results in diverse environments. The 
integration of polarization with chromaticity in Wen’s work represents a significant step for-
ward in the refinement of polarization-based techniques for specularity detection, building 
on the foundational work of Wolff (1990) and Umeyama and Godin (2004).

One of its strengths is its capacity to improve white balance correction by isolating specu-
lar reflections from diffuse reflections, leading to more accurate color estimation. However, 
the method can struggle with highly complex scenes where specular and diffuse components 
are difficult to distinguish. The key advancement of their method is its novel use of local-
ized pixel brightness analysis, which laid groundwork for further refinement in specularity 
detection techniques.

Table 1 compares the strengths, weaknesses, and method characteristics of all the tradi-
tional models referenced above by including a method description and exploring whether 
the method exploits additional hardware support or modifications. The differences between 
traditional methods are explicitly compared. Of particular note is the increasing number 
of methods that rely on external hardware support, modify existing imaging devices or 
propose new hardware-algorithm systems. The results suggest that these are a trend for 
traditional methods in the field of specular detection, where the combination with hardware 
can lead to better model performance during a period of slow breakthroughs in mathemati-
cal algorithms.

In addition to these observations, the foundational contributions of traditional specularity 
detection methods to AI-based techniques should be emphasized. These earlier approaches 
provided crucial insights into the geometric and physical behavior of reflective surfaces, 
such as surface normals and light interactions, which are now integral to AI models. By 
thoroughly analyzing these factors, traditional methods laid the groundwork for the devel-
opment of AI models capable of recognizing and simulating the complex properties of spec-
ular reflections. The interaction between diffuse and specular reflections, long addressed 
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Method Description Hardware 
dependency

Advantages and contributions Future directions and 
implications

Amanatides 
(1992)

Auxiliary 
algorithm

✗ 1. One of the earliest works 
addressing specular aliasing, es-
tablishing a key foundation for 
specularity detection research. 
2. Clamping specular function 
parameters improved detection 
efficiency without increasing 
sampling rates.

1. This method high-
lighted the need for fu-
ture techniques to handle 
more complex surface 
reflectance models. 2. It 
suggested improvements 
for detecting specularity 
in high-curvature re-
gions, encouraging more 
adaptive approaches.

Ching et al. 
(1993)

Detection 
algorithm

✗ 1. Uses color image segmenta-
tion to distinguish specular and 
diffuse reflections effectively. 
2. Efficiently handles dielectric 
materials under uniform 
illumination.

1. Could improve specu-
larity detection in com-
plex scenes with varied 
lighting. 2. Potential for 
real-time specularity 
detection in dynamic 
environments.

Bajcsy et al. 
(1996)

Detection 
algorithm

✗ 1. Introduces a color image 
segmentation approach to 
distinguish specular and diffuse 
reflections effectively. 2. Han-
dles dielectric materials under 
uniformly colored illumination, 
advancing specularity detection 
through the dichromatic model.

1. Further enhancement 
to handle more complex 
scenes with more diverse 
material properties. 2. 
Offers potential for han-
dling occlusion along-
side specular highlights 
in future work.

Feris et al. 
(2006)

Multi-flash 
camera 
system

✓ 1. Innovatively uses a multi-
flash camera setup to detect 
specularity by capturing images 
under varying lighting condi-
tions. 2. It solves a Poisson 
equation, effectively minimiz-
ing specularities while preserv-
ing image texture.

1. Expanding the number 
of light sources could 
enhance specularity 
detection performance, 
particularly for high-
curvature surfaces. 2. 
Sets the foundation for 
real-time applications in 
photography and vision 
systems, with a potential 
in dynamic scenes or 
textured regions.

DelPozo and 
Savarese 
(2007)

Detection 
algorithm

✗ 1. Introduces static specu-
lar flow (SSF) for detecting 
specular surfaces, advancing 
low-level specularity detection. 
2. Achieves strong classification 
accuracy, identifying reflective 
objects without prior shape 
assumptions.

1. Enhancing detection 
in complex scenes with 
intricate geometries and 
varied lighting could 
improve performance. 
2. Integrating SSF with 
other cues could lead 
to more comprehensive 
real-world specularity 
detection systems.

Shen and 
Zheng 
(2013)

Removal 
algorithm

✗ 1. Introduces a real-time meth-
od to separate specularity using 
intensity ratios. 2. Achieves su-
perior computational efficiency 
without the need for iterative 
frameworks or specular pixel 
identification.

1. Further optimiza-
tion could enhance 
performance on dark and 
achromatic surfaces. 2. 
Increasing robustness 
could allow for wider 
use in general-purpose 
real-time applications.

Table 1  Summary of traditional specularity detection methods: key features, contributions, and future direc-
tions for improvement
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by traditional geometric and color space analysis, remains a challenge for AI-based vision 
systems. Furthermore, multi-modal data sources generated by traditional methods, such as 
multi-flash photography or structured lighting techniques, enriched the datasets that AI tech-
niques now rely on, thereby enhancing the robustness and accuracy of modern specularity 
detection.

3.2  DL-based approaches

This subsection examines how recent DL-based models have more effectively extracted 
specularity features and computed the specularity color space inspired by traditional meth-
ods. These advancements in DL-based architectures have led to significant improvements in 
specularity detection compared to earlier techniques.

Fig.  5 provides a comprehensive overview of the evolution of DL-based models for 
specularity detection, illustrating key advancements since 2019. The models are organized 
according to input data types, RGB images, RGB-D data, and video stream showcasing 
the progression in both data handling and architectural complexity. The figure highlights 
how early models focused on feature extraction and context enhancement. In contrast, more 
recent models have introduced advanced techniques such as depth information integration, 
self-attention mechanisms, and uncertainty modeling. This timeline-based diagram demon-
strates a clear shift from simpler architectures that emphasize basic feature extraction and 
fusion to more sophisticated frameworks incorporating multiscale features, attention-based 
modules, and methods for handling ambiguous specular reflections. Additionally, the figure 

Method Description Hardware 
dependency

Advantages and contributions Future directions and 
implications

Mor-
gand and 
Tamaazousti 
(2014)

Threshold-
based 
detection 
algorithm

✗ 1. Introduces a threshold-
based, real-time method using 
hue-saturation-value (HSV) 
color space to detect specularity 
under varying lighting condi-
tions. 2. Handles over-satu-
ration and lighting variations 
through contrast equalization 
and automatic thresholding.

1. Refining thresholding 
techniques could im-
prove detection in highly 
reflective or complex 
environments. 2. Inte-
grating multi-view data 
could further enhance 
robustness.

Aggar-
wal and 
Namboodiri 
(2016)

Structured 
illumination 
detection 
algorithm

✓ 1. Utilizes a Projector-Camera 
system with structured light to 
segment specularity without 
needing prior environment in-
formation. 2. Detects specular-
ity by analyzing local frequency 
changes, advancing in scenes 
with multiple reflections.

1. Further refinement of 
the Projector-Camera 
system could improve 
detection accuracy in 
complex scenes with 
inter-reflections.

Moriyama 
et al. (2018)

White 
balance 
estimation 
algorithm

✗ 1. Proposes a white balance 
method based on pseudo-detec-
tion of specularities, improv-
ing the accuracy of illuminant 
color estimation. 2. Provides a 
non-iterative approach by the 
difference between brighter and 
darker pixel averages.

1. Optimizing parameter 
tuning could enhance the 
method’s performance 
across diverse lighting 
conditions.

Table 1  (continued) 
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captures the growing emphasis on robustness and generalization, with many recent models 
leveraging polarimetric input, depth uncertainty, and multiview feature aggregation to better 
handle complex scenes and challenging specular conditions.

3.2.1  Methods with RGB image input

In the context of specularity detection, RGB image input has been widely utilized due to the 
simplicity and direct access to color information from standard cameras (Süsstrunk et al. 
1999). Many early models in specularity detection relied heavily on the RGB color space to 
analyze specular highlights, separating them from diffuse reflections. These methods focus 
on leveraging the color and intensity variations in the RGB channels to isolate and detect 
specularity in scenes. Although effective in many controlled scenarios, these early methods 
were often limited in generalization and robustness, especially in complex environments 
where lighting conditions varied significantly.

Contextual contrast feature extraction. A key milestone in using RGB image input 
for specularity detection is MirrorNet, introduced by Yang et al. in 2019 (Yang et al. 2019). 
This model represents a significant advancement in specularity detection, particularly in 
mirror detection tasks, and laid the foundation for much of the subsequent work in this field. 
MirrorNet’s architecture successfully addressed the challenges associated with detecting 
mirrors, which often involve complex reflections and boundary ambiguities. For a consid-
erable period, MirrorNet was considered the baseline for specularity detection, especially 
in the context of mirror detection and segmentation. Additionally, Yang et al. provided the 
first large-scale open-source mirror dataset (MSD), which became an essential resource for 
evaluating various object detection and specularity detection models. This section explores 

Fig. 5  Key milestones in deep-learning based specularity detection networks
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how MirrorNet and similar RGB-based models have evolved to meet the demands of specu-
larity detection, leveraging their strengths and addressing their limitations.

Overall, Yang et al. developed an innovative contextual contrast feature extraction 
(CCFE) module inspired by how humans distinguish mirrors or highly reflective objects 
by detecting discontinuities. Humans typically focus on slight interruptions in texture or 
subtle color changes, which is mirrored in CV systems by targeting weak contrasts between 
mirrored and non-mirrored regions. The CCFE module is designed to aggregate long-range 
contextual contrast information hierarchically, allowing for the detection of mirrors of dif-
ferent sizes. As shown in Fig. 6, MirrorNet starts by passing a single input image through a 
feature extraction network (FEN) to extract multi-layer features. The deepest features, rich 
in semantic information, are sent to the CCFE module to enhance contrast features and gen-
erate a coarse mirror map. This attention-based map suppresses non-mirror noise, enabling 
better localization of the mirror region. Through a process of coarse-to-fine refinement, the 
model up-samples and refines the mirror map to output a high-resolution image.

However, MirrorNet has its limitations. Its heavy reliance on the boundary contrast 
between mirror and non-mirror regions significantly reduces the accuracy of mirror detec-
tion in cases where the contrast between the interior and exterior of the mirror is not distinct. 
This boundary-based approach struggles in low-contrast scenarios, making it difficult for 
the model to detect mirrors in real-world environments consistently.

Fig. 6  The structure of MirrorNet (Yang et al. 2019), which consists of a feature extraction network and 
an embedded CCFE module
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Relational context and edge fusion. To address these limitations, Lin et al. proposed 
the progressive mirror detection (PMD) model in 2020 (Lin et al. 2020), which delivers 
improved results. The PMD model combines two innovative modules: the relational con-
textual contrasted local (RCCL) module and the edge detection and fusion (EDF) mod-
ule. The key idea behind PMD is to progressively explore the relationship between objects 
inside and outside the mirror, looking for correspondences that can help identify potential 
mirror regions. Once the model learns these relationships, it can infer the mirror regions 
more effectively. These regions are then refined through explicit edge detection, utilizing 
local features to enhance precision. By integrating relational context through the RCCL 
module and refining mirror boundaries with the EDF module, PMD resolves the contrast 
dependency issue of MirrorNet and demonstrates greater robustness in handling challeng-
ing, low-contrast scenes.

The proposed progressive mirror detection model is based on two novel modules. RCCL 
is used to extract all the contextual contrasts in the image and the relational features therein 
to locate all potential mirror regions as far as possible. EDF, on the other hand, targets 
multi-scale mirror edges. Combining these two modules, the model extracts the final exact 
mirror regions through a refinement network. The workflow will be introduced in Fig. 7, the 
multi-scale features of the input image are extracted by the baseline backbone network from 
(Xie et al. 2017), which are then extracted by RCCL and turned into relational contextual 
features. The role of the decoders in the network model structure is to output a mirror map 
using the features generated by the RCCL. While the EDF module produces a boundary 
map based on the input features from the previous modules and the mirror edge features. 
Finally the process moves towards the refinement module, which takes all the predictions 
and outputs a mirror map.

YOLO-based method. In 2022, Mirror-YOLO (Li et al. 2022), based on the YOLOv4 
backbone (Bochkovskiy et al. 2020), introduced a novel approach to mirror detection by 
integrating advanced attention mechanisms and instance segmentation capabilities. The 
core innovation lies in its attention focus mechanism using the convolutional block attention 
module (CBAM) (Woo et al. 2018). This mechanism enables the model to selectively high-
light essential channel and spatial features, allowing for enhanced detection of low-contrast 
mirror boundaries, which had been a significant challenge in previous models. Additionally, 
Mirror-YOLO incorporates a hypercolumn-stairstep feature fusion strategy in its feature 

Fig. 7  Overview of the PMD model (Lin et al. 2020)
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extraction layers. Unlike standard fusion techniques, this approach incrementally scales 
feature maps to improve spatial consistency across layers, resulting in smoother and more 
coherent features that bolster detection accuracy. Mirror-YOLO further introduces mirror 
bounding polygons, such as segmentation, enhancing its ability to delineate mirrors with 
irregular contours more accurately. The overall pipeline is shown in Fig. 8.

Despite its considerable results, Mirror-YOLO has several limitations. One primary 
drawback is the increased computational cost due to the integration of the CBAM and its 
feature fusion strategy. These components significantly raise the model’s complexity, mak-
ing it less suitable for real-time applications, especially in high-resolution scenarios. Addi-
tionally, the reliance on attention mechanisms can lead to potential performance bottlenecks 
in resource-constrained environments or edge devices, which are becoming increasingly 
common in applications requiring mirror detection.

Chirality-guided boundary detection. To address the persistent challenge of accu-
rately identifying mirror boundaries in low-contrast and visually ambiguous settings, Tan 
et al. introduced an innovative approach in the form of visual chirality called VCNet in 
2023 (Tan et al. 2023). Unlike previous methods that rely on contextual cues or relational 
correspondences between mirror and non-mirror regions, this method leverages the inher-
ent left-right asymmetry, i.e., chirality, found in mirrored reflections. This novel strategy 
allows the model to discern mirrored regions even when other boundary cues are weak or 
absent, significantly enhancing its robustness and accuracy in complex scenes. The pro-
posed VCNet achieves this by incorporating two primary modules as shown in Fig. 9: the 
visual chirality embedding (VCE) module, which captures chirality features through a flip-
ping-convolution-flipping (FCF) operation, and the chirality-guided edge detection (CED) 
module, which integrates multi-scale chirality information to refine the detection of mirror 
boundaries.

By focusing on these chirality-based features, VCNet offers a marked improvement in 
handling intricate, poorly defined mirror boundaries compared to earlier models, showcas-
ing the potential of visual chirality as a powerful cue in specularity detection. However, 
while visual chirality introduces a unique advantage, it also presents limitations when 
addressing occlusions or highly complex mirror surfaces where chirality cues may be less 

Fig. 9  The pipeline of VCNet (Tan et al. 2023)

 

Fig. 8  The overall structure of Mirror-YOLO (Li et al. 2022)
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effective. This dependency highlights areas for further exploration, such as refining chirality 
feature extraction to bolster mirror detection in diverse, real-world environments.

Unsupervised representation learning. Following the VCNet (Tan et al. 2023), a self-
supervised approach to specularity detection emerged, with Lin et al. introducing a new 
self-supervised learning (SSL) pre-training framework (Lin and Lau 2023) that addresses 
several limitations seen in earlier models. As shown in Fig. 10, this SSL framework presents 
a new paradigm by shifting the focus from supervised pre-training to task-specific, unsu-
pervised learning. Specifically, it operates through a three-stage pre-training strategy. The 
image-level pre-training stage equips the model with the foundational knowledge of reflec-
tion properties by distinguishing between original and flipped images. This stage builds 
essential global understanding, capturing fundamental geometrical cues associated with 
mirrored surfaces. Next, the patch-level pre-training stage refines the model’s sensitivity 
to local reflection patterns, enhancing its capacity to identify spatial coherence between 
mirrored and non-mirrored regions. Finally, the pixel-level pre-training stage enables the 
model to reconstruct masked areas within mirror images, honing its ability to recognize 
fine-grained details crucial for accurately identifying mirror boundaries.

Compared to models like MirrorNet (Yang et  al. 2019) and PMD (Lin et  al. 2020), 
which rely heavily on contextual contrast and progressive boundary refinement, Lin et al.’s 
SSL framework reduces dependency on labeled data by training the model to understand 
intrinsic mirror properties through task-specific cues. This unsupervised learning strategy 
provides notable advantages in generalization and adaptability. However, the model may 
still encounter challenges when handling low-contrast mirrors or surfaces that lack distinct 
reflective features. Despite these limitations, this innovative approach highlights the poten-
tial of self-supervised learning in specularity detection, laying the groundwork for future 
models that aim to reduce reliance on extensive labeled datasets while improving detection 
robustness in complex environments.

Polarimetric data for specularity-free images. In the same year, Anwer et al. intro-
duced another distinctive approach that leverages polarimetric imaging to dynamically 
model illumination variations (Anwer et  al. 2023). Their proposed multi-domain specu-
lar highlight mitigation generative adversarial network (SHMGAN) employs polarimetric 
data as the foundation for both specular highlight detection and mitigation. Unlike earlier 
models, which rely on RGB or contextual cues, SHMGAN captures the nuanced interac-
tions between light and material surfaces, using polarimetric input to create specularity-free 
images. This feature makes it particularly powerful for applications in environments with 
complex lighting conditions or materials exhibiting irregular reflective properties.

Fig. 10  The new SSL pre-training framework (Lin and Lau 2023)
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SHMGAN’s architecture integrates a specular segmentation (SpecSeg) network with a 
GAN-based mitigation model, creating a joint framework capable of detecting and remov-
ing specular highlights, shown in Fig. 11. The SpecSeg network isolates reflective regions 
by leveraging information from polarimetric variations, while the GAN component gener-
ates high-quality images devoid of these highlights. Compared to earlier works, polarimetric 
data input grants it a unique advantage, particularly in handling extreme lighting contrasts 
and challenging, reflective surfaces. In addition, this polarimetric approach broadens the 
scope of specularity detection, allowing it to operate in scenarios where traditional methods 
may be less effective.

The reliance on polarimetric data requires specialized equipment, limiting its feasibility 
in general-use applications. Additionally, the robustness of SHMGAN in highly dynamic 
or occluded scenes remains an area for further refinement. However, its use of polarimetric 
imaging introduces a promising direction for future research. It suggests potential applica-
tions beyond computer vision, such as in medical imaging or material inspection, where 
specularity control is essential for clarity and precision.

UNet-transformer-based method. A notable advancement in the same year was achieved 
by Wu et al., who proposed an UNet-transformer architecture designed for joint specular 
highlight detection and removal (Wu et al. 2023). This model combines the strengths of 
UNet’s encoder-decoder framework with the global feature-capturing capabilities of trans-
formers, particularly the Swin transformer (Liu et al. 2021). By leveraging transformers, 
the model improves contextual understanding, especially in complex and dynamic specular 
highlight areas, where capturing relationships between highlight and diffuse regions is criti-
cal. This integration allows the network to model the mapping between specular highlights 
and their surroundings, which reduces uncertainty in highlight-dense regions and enhances 
removal accuracy. This UNet-transformer-based approach incorporates a two-branch sys-
tem which is shown in Fig.  12: the first branch detects specular highlights using UNet, 
generating a highlight mask, while the second branch performs highlight removal, guided 
by the detected mask. This guidance mechanism minimizes chromatic aberrations and color 
inconsistencies, which are common challenges in specular removal tasks. By structuring the 
network this way, Wu et al. address the limitations of earlier detection and removal models, 
where detection errors or lack of guidance often lead to noticeable artifacts. The integration 
of the transformer into the removal branch enables the model to capture both local details 

Fig. 12  The UNet-transformer-based specularity detection framework (Wu et al. 2023)

 

Fig. 11  The illustration of SHMGAN’s architecture (Anwer et al. 2023)
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and global contextual cues, making it effective in handling both small and large specular 
regions.

However, this model’s reliance on the Swin transformer’s self-attention mechanism 
introduces potential computational challenges, mainly when processing high-resolution 
images or scenarios that require real-time responsiveness. Furthermore, while the model 
demonstrates robust performance on individual images, its ability to generalize to video 
sequences or multi-view inputs has not yet been thoroughly investigated. This limitation 
opens avenues for future research, as an adequate adaptation to sequential or multi-angle 
data could significantly enhance its applicability. Thus, the subsequent sub-subsection 3.2.3 
will introduce models specifically designed for handling video sequence inputs, exploring 
their advantages in dynamic scenes.

Spatial-frequency fusion. In 2024, Xie et al. introduced the cross-space-frequency win-
dow transformer model (CSFwinformer), a novel framework that enhances mirror detec-
tion by effectively leveraging spatial and frequency domain features (Xie et al. 2024). The 
key innovation in CSFwinformer lies in its cross-space-frequency window alignment mod-
ule (SFWA), which aligns spatial and frequency features, enabling the model to capture 
nuanced mirror textures across various video frames. This alignment is particularly benefi-
cial for detecting mirrors in dynamic scenes, where spatial cues alone may be insufficient. 
CSFwinformer integrates a dilated window attention module (DWA) to address the need 
for a global context, which is crucial in distinguishing mirror regions from complex back-
grounds while preserving local details. Additionally, the model incorporates a cross-modal-
ity context contrast module (CMCC), aligning spatial and frequency modalities, allowing 
for a comprehensive understanding of reflective properties in different scenarios. The over-
all pipeline is shown in Fig. 13.

An essential component of CSFwinformer is its spatial attention module (SAM) (Kirillov 
et al. 2023), which enhances the model’s ability to focus on relevant regions by dynamically 
assigning attention weights to spatial features based on their importance. The SAM plays a 
critical role in refining the mirror detection process by directing the model’s focus toward 
significant areas within each frame, thereby enhancing the accuracy of segmentation results, 
particularly in complex backgrounds. By concentrating on high-impact areas, SAM reduces 
the influence of irrelevant regions, improving the overall efficiency and effectiveness of the 
model.

One of CSFwinformer’s significant advantages is its ability to enhance detection robust-
ness without relying on depth information, unlike many other models that incorporate 
RGB-D data. However, this transformer-based structure and the computational complex-
ity associated with cross-modality alignment impose high resource demands, potentially 
limiting the model’s applicability in real-time and resource-constrained scenarios. Future 

Fig. 13  The architecture of CSFwinformer, incorporating modules like SFWA, DWA, and CMCC to en-
able effective spatial-frequency alignment and robust mirror detection across complex specular scenes 
(Xie et al. 2024)
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research could explore optimizing CSFwinformer’s computational efficiency through tech-
niques such as model pruning or designing lightweight transformer architectures, which 
would make it feasible for real-time mirror detection applications. Additionally, introducing 
adaptive frame sampling strategies may further improve efficiency by balancing computa-
tional load while maintaining accuracy.

Given the effectiveness of CSFwinformer’s spatial-frequency approach, future exten-
sions could consider integrating depth information. This inclusion would allow the model to 
address challenges associated with depth discontinuities often found in reflective and specu-
lar surfaces. Incorporating RGB-D data would provide the model with enhanced spatial 
structure, thereby improving its segmentation capabilities in complex environments. This 
potential expansion sets the stage for exploring models that combine spatial, frequency, and 
depth features, which could deliver more robust performance in specularity detection across 
diverse conditions. Therefore, this review will continue to discuss in depth the specularity 
detection model with RGB-D images as input in the following sub-subsection 3.2.2.

3.2.2  Methods with RGB-D image input

In specularity detection, RGB-D image input introduces a significant advancement by incor-
porating depth information alongside traditional RGB channels (Song et al. 2019). Unlike 
standard RGB data, which captures only color and intensity, RGB-D data provides an addi-
tional dimension of spatial structure, allowing models to differentiate between specular and 
diffuse regions with greater accuracy (Shaikh and Chai 2021). The depth channel enables 
a more detailed understanding of the scene’s geometry, which is particularly beneficial in 
detecting specular boundaries and handling ambiguities in reflective surfaces. This depth 
information proves invaluable in challenging environments, where variations in lighting 
and reflections can complicate detection. By using RGB-D input, recent methods have 
developed more robust models that can better generalize across diverse and complex scenes, 
enabling improved accuracy in identifying specularities and reflective objects across vari-
ous spatial conditions.

Depth-aware boundary enhancement. In 2021, Mei et al. introduced an innovative 
positioning and delineating approach called PDNet to specularity detection with depth-
aware solution shown in Fig. 14, marking the first method that combines RGB and depth 
information for enhanced mirror boundary detection (Mei et al. 2021). Building upon the 

Fig. 14  The structure of proposed positioning and delineating modules in PDNet (Mei et al. 2021)
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foundation laid by earlier works such as MirrorNet (Yang et al. 2019), PDNet utilizes depth 
cues to address limitations associated with RGB-only methods. By capturing depth discon-
tinuities, PDNet significantly improves boundary accuracy, especially in scenarios where 
RGB data alone does not clearly delineate between mirrored and non-mirrored regions. This 
integration of depth information enables the model to overcome ambiguities in reflection-
heavy environments, establishing a more reliable framework for specularity detection.

Another notable contribution is the RGBD-Mirror dataset, designed for rigorous evalua-
tion in RGB-D mirror segmentation tasks. This pioneering dataset, combined with PDNet’s 
depth-aware detection, establishes a new standard for leveraging depth in specularity detec-
tion, addressing challenges that RGB-only approaches face.

However, the reliance on high-quality depth data introduces potential limitations, par-
ticularly in environments where depth information may be noisy or incomplete. This depen-
dency may reduce the PDNet’s adaptability in diverse settings with variable depth quality. 
Despite these constraints, Mei et al. paves the way for future research that integrates RGB 
with depth, setting a precedent for combining multi-modal data to tackle complex visual 
ambiguities in specularity detection.

Depth-enhanced 3D plane. Tan et al.’s work introduced Mirror3DNet (Tan et al. 2021), 
pioneering the use of 3D mirror plane prediction to advance specularity detection. This 
approach addresses a critical aspect of specular surfaces: the inability of conventional depth 
sensors to capture accurate depth information for mirrors. In the context of specularity 
detection, predicting the 3D plane of mirrors is essential, as specular surfaces disrupt depth 
continuity and create ambiguity in scene interpretation. Using RGB-D data, Mirror3DNet 
refines depth perception within specular regions, thereby enhancing segmentation accuracy 
and robustness in detecting mirrors and reflective surfaces. Mirror3DNet’s primary focus 
is its dual-stage prediction process shown in Fig. 15, integrating Mask R-CNN (He et al. 
2017) for initial mirror region detection and PlaneRCNN (Liu et al. 2019) for 3D plane 
estimation within those identified areas. The model first uses RGB data to identify potential 
mirror areas, then applies depth data to predict the 3D mirror plane, effectively correcting 
for erroneous depth readings in reflective regions. This method significantly strengthens 

Fig. 15  The general diagram showing Mirror3DNet architecture as applied to two types of input (Tan 
et al. 2021)
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specularity detection, as it reconstructs a reliable depth map that accurately detects specular 
planes from the surrounding environment. Additionally, the introduction of the Mirror3D 
dataset, which includes annotated 3D mirror planes, provides a rich training resource that 
captures the unique reflective characteristics of mirrors, enhancing depth-based segmenta-
tion in complex indoor scenes. Furthermore, Tan et al. were the first to address the scarcity 
of datasets for 3D specularity detection by providing 3D mirror surface annotations for three 
widely used RGB-D datasets: NYUv2 (Silberman et al. 2012), Matterport3D (Chang et al. 
2017), and ScanNet (Dai et al. 2017). These datasets were optimized and enhanced through 
a process of data fusion, creating a more comprehensive resource tailored to the unique 
challenges of 3D specularity detection.

While Mirror3DNet achieves notable depth refinement for mirrors, the accuracy of its 3D 
plane predictions can be affected by the initial segmentation quality and the completeness of 
surrounding depth information. In complex environments with disrupted depth continuity, 
such as highly reflective settings, the model may face challenges in consistently identifying 
mirror boundaries and accurately estimating depth. Future research could explore integrat-
ing adaptive depth correction methods to handle variable data quality, as well as multi-view 
approaches to strengthen depth estimation in reflective regions. Additionally, incorporating 
techniques that analyze reflected objects within mirrors could enhance depth perception 
and overall scene interpretation, addressing some of the limitations observed in single-view 
scenarios.

Uncertainty-guided localization. In 2024, Zhou et al. introduced UTLNet, a pioneering 
model designed to handle the ambiguities in mirror boundaries using RGB-D data through 
a novel uncertainty-aware transformer framework (Zhou et  al. 2024). UTLNet incorpo-
rates a specialized uncertainty-aware module that works within the transformer’s attention 
mechanism, effectively managing low-confidence regions in both RGB and depth channels. 
By leveraging the unique collapse-and-expand uncertainty aggregation (CEUA) module, 
UTLNet enhances the precision of mirror boundary segmentation by dynamically adjust-
ing feature fusion based on input uncertainties. This structured approach shown in Fig. 16 
directly addresses challenges in boundary delineation, marking a significant advancement 
in managing visual ambiguity for specularity detection. UTLNet’s architecture, by integrat-
ing uncertainty estimation with transformer-based processing, ensures robust segmentation 
performance across complex reflective environments.

The advantage of UTLNet lies in its capacity to capture long-range dependencies within 
reflective scenes, thanks to the CEUA module, which selectively merges RGB and depth 
features. This architecture positions UTLNet to manage complex scenarios with inconsis-
tent or ambiguous depth information, making it particularly effective in challenging indoor 
environments. Future work could focus on enhancing UTLNet’s efficiency, potentially 
through lightweight adaptations of the transformer structure. Additionally, exploring adap-
tive resolution and sampling techniques could help optimize the model’s computational 
demands while preserving its accuracy in real-time applications. This would allow UTLNet 

Fig. 16  The general framework of UTLNet and the corresponding CEUA architecture (Zhou et al. 2024)
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to maintain high segmentation quality under varying resource constraints, broadening its 
applicability in practical, dynamic environments.

Knowledge distillation-based strategy. In 2024, two significant approaches using 
knowledge distillation were introduced for RGB-D mirror segmentation, each with distinct 
strategies and contributions to specularity detection. The first model, SEMCNet, utilizes 
a self-knowledge distillation strategy with a staged extraction and multiview collection 
framework (Zhang et al. 2024). SEMCNet employs both CNNs and transformers to itera-
tively refine feature extraction across different perspectives, such as normal, expanded, and 
remote views. This multiview strategy enhances the model’s ability to capture subtle specu-
lar details by leveraging depth data alongside RGB inputs, making it particularly effective 
in handling ambiguous or complex mirror regions. By utilizing self-knowledge distilla-
tion, SEMCNet achieves improved segmentation accuracy through continuous learning 
from its predictions, thereby enriching the detection of specular features in challenging 
environments.

In contrast, the second model introduces MGNet, a morphology-guided network that 
focuses on efficiency and adaptability for resource-constrained applications (Zhou et  al. 
2024). MGNet consists of a teacher-student setup, where the teacher network (MGNet-T) 
incorporates an erosion-dilation fusion module (EDFM) to enhance the detection of mirror 
edges and maintain essential textures. Through knowledge distillation, the smaller student 
model (MGNet-S) inherits key insights from MGNet-T, enabling it to achieve high accuracy 
while maintaining a lightweight structure. This design prioritizes the purification of RGB-D 
features by filtering noise in depth data and optimizing texture clarity in RGB images, mak-
ing MGNet-S suitable for real-time applications without sacrificing segmentation quality.

As shown in Fig.  17, the primary difference between SEMCNet and MGNet lies in 
their design goals: SEMCNet emphasizes robust feature extraction through multiview col-
lection for high accuracy in complex environments, while MGNet focuses on creating a 
compact and efficient model optimized for edge and texture preservation. Both approaches 
underscore the versatility of knowledge distillation in RGB-D mirror segmentation, show-
ing potential pathways for further enhancing specularity detection through adaptive feature 
refinement and resource-efficient designs.

Fig. 17  Comparative architectures of SEMCNet (top) (Zhang et al. 2024) and MGNet (bottom) (Zhou 
et al. 2024), both utilizing knowledge distillation for RGB-D mirror segmentation. SEMCNet empha-
sizes feature refinement through self-distillation, while MGNet employs a teacher-student framework 
for efficiency
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3.2.3  Methods with video stream input

The use of video stream input in specularity detection provides a unique advantage by incor-
porating temporal information from consecutive frames, adding depth to the analysis beyond 
what is possible with individual RGB or RGB-D images. Unlike static frames, video data 
captures the dynamic evolution of lighting, reflections, and object movements, enabling 
models to track and interpret specular properties over time (Jiao et al. 2021). This temporal 
context assists in differentiating persistent specular highlights from transient reflections or 
environmental noise, especially in complex, real-world scenarios with fluctuating lighting 
and reflective conditions. The sequential nature of video allows models to aggregate infor-
mation about the consistency and behavior of reflective surfaces, uncovering specularities 
that might otherwise be missed in single-frame analysis (Zhu et al. 2020). By leveraging the 
continuity provided by video input, recent approaches have introduced advanced models 
capable of achieving greater robustness and accuracy in detecting specularities, particularly 
in dynamic and constantly changing environments.

Dual correspondence modeling. In 2023, Lin et al. introduced VMD-Net (Lin et al. 
2023), a model for video mirror detection that utilizes dual correspondence (DC) through 
spatial and temporal cues. The DC module operates in two stages: first, it captures intra-
frame correspondences with a global relation (GR) block for spatial analysis within frames 
and a cross-attention (CA) module to establish short-term temporal correspondences 
between frames. The second stage extends this to long-term temporal correspondences 
across the video sequence, using reverse cross-attention to enhance the relationship between 
reflections and real objects. As shown in Fig. 18, this dual-stage approach enables VMD-Net 
to achieve high accuracy in detecting mirrors within dynamic scenes.

Yet, VMD-Net’s emphasis on spatial correspondences reduces its precision in defining 
mirror edges, particularly in scenes with ambiguous boundaries. Furthermore, the absence 
of explicit edge supervision can lead to coarse mirror boundaries in complex environments. 
Future work could enhance this model by integrating edge-specific supervision or refining 
the cross-attention mechanism to capture finer structural details. Additionally, incorporating 
multi-scale temporal correspondences could strengthen its robustness across varied specular 
scenarios.

Temporal similarity modeling. Next year, Xu et al. introduced the ZOOM model, which 
uses extremely weak supervision to enhance video-based mirror detection by leveraging 
temporal similarity-contrast across frames (Xu et al. 2024). Unlike conventional methods 
that rely on dense pixel annotations, ZOOM requires only binary indicators to identify the 
presence of mirror regions, making it a cost-effective solution. The model’s core innovation 
lies in its ability to identify mirror reflections by analyzing the consistency of temporal fea-
tures across adjacent frames. This approach highlights regions with high inter-frame simi-
larity as potential mirrors while contrasting them against non-mirror regions that display 
more significant temporal variability. Such a design addresses the challenge of detecting 

Fig. 18  The framework of VMD-Net with the proposed DC module (Lin et al. 2023)
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mirrors in dynamic video environments by maximizing feature consistency across frames, 
thus improving specularity detection accuracy without intensive manual labeling.

Additionally, ZOOM introduces a feedback constraint mechanism shown in Fig. 19 that 
refines localization through temporal fusion, generating pseudo-labels that improve mirror 
segmentation. However, ZOOM encounters challenges in highly reflective or low-contrast 
scenarios where binary indicators may fail to capture fine-grained specularity details. Future 
work could explore the integration of attention mechanisms or multi-frame aggregation to 
improve its sensitivity to complex reflective patterns, while also investigating self-super-
vised techniques to further minimize dependency on labeled data.

Motion cue exploitation. In the same year, Warren et al. introduced the motion-guided 
video mirror detection (MG-VMD) model, leveraging the unique cue of motion inconsis-
tency to enhance mirror detection in video streams (Warren et al. 2024). The core innova-
tion of MG-VMD lies in its two key modules: the motion attention module (MAM) and the 
motion-guided edge detection module (MEDM). MAM identifies mirror regions by focus-
ing on motion discrepancies in optical flow fields, enabling it to discern reflective surfaces 
even in complex scenes. MEDM complements this by guiding edge feature learning based 
on motion inconsistencies, allowing the model to delineate mirror boundaries with greater 
precision. Together, these modules form a robust system for mirror detection in dynamic 
environments as shown in Fig. 20, where the motion inside mirror reflections often differs 
from that outside.

While MG-VMD demonstrates substantial improvements in specularity detection, it still 
faces challenges, particularly in differentiating mirrors from windows or other reflective 
surfaces with inconsistent motion patterns. This limitation suggests that MG-VMD may 
over-predict mirrors in scenes where windows exhibit similar motion cues. Future work 
could explore integrating additional contextual cues, such as depth or material properties, to 
better distinguish between mirrors and other reflective objects. Additionally, enhancing the 
model’s adaptability to low-contrast environments could further strengthen its robustness in 
a wider array of real-world scenarios.

Fig. 20  MG-VMD model pipeline for video-based specularity detection, using MAM, MEDM, and fusion 
refinement modules to produce localization and edge maps (Warren et al. 2024)

 

Fig. 19  The overview pipeline of ZOOM model (Xu et al. 2024)
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4  Complementary approaches in specularity detection

In this section, salient object detection (SOD) and shadow detection, while not originally 
intended for specularity detection, have made notable contributions to this field. Many cur-
rent specularity detection models draw inspiration from SOD, as both approaches aim to 
identify visually prominent regions within an image (Wang et al. 2021). Given that specu-
larities often manifest as high-contrast features, SOD models provide a valuable framework 
for isolating these reflective areas through multi-scale feature extraction. This capacity to 
capture prominent regions aligns with specularity detection’s goals, where diverse specular 
surfaces need precise handling across scales and intensities.

Similarly, shadow detection shares technical foundations with specularity detection, 
especially in feature extraction and boundary delineation (Vasluianu et  al. 2024). Both 
shadows and specular reflections arise from complex interactions between light and sur-
faces, requiring nuanced edge and boundary recognition techniques. Methods from shadow 
detection that emphasize boundary precision prove advantageous in specularity detection 
by enabling the accurate delineation of reflective areas in visually intricate scenes. These 
shared technical methodologies bolster the accuracy and adaptability of specularity detec-
tion models across challenging lighting conditions.

By integrating advancements from SOD and shadow detection, specularity detection 
gains access to refined feature extraction and boundary recognition techniques, resulting 
in more robust detection performance. Therefore, this section will review these comple-
mentary approaches, highlighting their technical relevance and contributions to specularity 
detection advancements.

4.1  Salient object detection

4.1.1  Why SOD is foundational for specularity detection

SOD and specularity detection share fundamental principles rooted in a DL-based model’s 
capacity to identify visually distinct regions within images. In both domains, the objective 
is to isolate prominent features, though their contexts differ: SOD focuses on objects that 
stand out based on perceptual cues, while specularity detection emphasizes the capture of 
reflective, high-intensity regions within scenes. The convergence of these fields lies in their 
reliance on spatial contrast, boundary precision, and feature differentiation.

In our reviewed DL-based models, both SOD and specularity detection benefit from 
architectures designed to balance high-level semantic understanding with low-level bound-
ary refinement. Techniques used in SOD, such as multi-scale feature extraction, attention 
mechanisms, and boundary enhancement, directly influence the robustness of specularity 
detection by capturing the subtle transitions and high-contrast edges characteristic of reflec-
tive regions. Models developed in SOD that integrate global contextual awareness, such as 
pyramid pooling and transformer-based architectures, have proven especially beneficial in 
specularity detection, where reflections vary in shape, intensity, and spatial context (Borji 
et al. 2019; Zhou et al. 2024). Furthermore, the incorporation of uncertainty modeling in 
recent SOD advancements aligns well with the need for specularity detection to handle 
varying degrees of reflectance and occlusion in dynamic environments. Thus, SOD frame-
works provide valuable insights and structural adaptations for specularity detection tasks, 
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especially as they push the boundaries of segmentation accuracy through advanced tech-
niques in attention, multi-scale contextualization, and edge precision. These shared tech-
nical foundations allow for a seamless application of SOD advancements in refining and 
enhancing specularity detection models, addressing complexities inherent in reflective sur-
face analysis.

4.1.2  Influential SOD models for advancing specularity detection

In 2017, Zhao et al. introduced the Pyramid Scene Parsing Network (PSPNet) (Zhao et al. 
2017), designed to overcome the limitations of fully convolutional networks (FCNs) (Long 
et al. 2015) by incorporating a pyramid pooling module to capture multi-scale contextual 
information. This module enables PSPNet to extract global features, essential for manag-
ing complex scenes, making it especially valuable for specularity detection where detailed 
spatial context aids in distinguishing reflective regions from non-reflective surroundings.

Deng et al. proposed R3Net in 2018 (Deng et al. 2018), integrating recursive residual 
refinement blocks (RRBs) to learn the residuals between saliency predictions and ground 
truth, refining the model’s precision in capturing prominent features. This approach is par-
ticularly adaptable for specularity detection, as it can improve the delineation of specular 
regions by enhancing boundary accuracy and adjusting to subtle variations in reflectance.

In 2019, EGNet by Zhao et  al. (2019) introduced an edge-guidance mechanism, sig-
nificantly improving boundary precision-a critical aspect for accurately detecting specular 
boundaries in mirror or reflective object detection tasks. Liu et al.’s PoolNet (Liu et  al. 
2019) further contributed by implementing a global guidance module (GGM) and feature 
aggregation module (FAM), which together enhance salient detail sharpening. These mod-
ules are beneficial for specularity detection where edge differentiation is key to distinguish-
ing reflective from non-reflective areas. Similarly, BASNet (Qin et al. 2019) leveraged a 
novel residual refinement module (RRM) and a hybrid loss that integrates pixel-, region-, 
and feature map-level supervision, creating a robust multi-level feature framework suitable 
for handling diverse reflective surfaces in specularity tasks. Wu et al.’s CPDNet (Wu et al. 
2019) emphasized computational efficiency with a cascaded partial decoder, a fast and accu-
rate approach advantageous for real-time specularity detection applications.

In 2022, Wu et al. introduced the Extremely-Downsampled Network (EDN) (Wu et al. 
2022), which applies extreme downsampling to achieve a global view of the entire image, 
efficiently locating salient objects. By using Scale-Correlated Pyramid Convolution (SCPC) 
for multi-level feature integration in the decoder, EDN improves boundary alignment, which 
is crucial for detecting specular highlights, especially in complex environments.

Ma et al. in 2023 proposed boosting broader receptive fields (BBRF) (Ma et al. 2023), 
addressing multi-scale challenges with a bilateral extreme stripping (BES) encoder and 
dynamic complementary attention module (DCAM). These components increase the mod-
el’s ability to handle extreme scale variations, a feature essential for specularity detection 
where reflections may appear across diverse spatial scales. The loop compensation strategy 
in BBRF further enhances the detection of scale-specific features, reducing errors when 
identifying specular regions across different object sizes.

In 2023, Wang et al. introduced the multiple enhancement network (MENet) (Wang et al. 
2023), a multi-level model that refines salient regions through pixel, region, and object-level 
feature enhancement. MENet’s use of a multi-scale feature enhancement module allows 
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it to flexibly manage detail across scales, directly benefiting specularity detection where 
reflections can vary in scale and shape within a single scene. In the same year, Tian et al.’s 
modeling distributional uncertainty (Tian et  al. 2023) tackles out-of-distribution (OOD) 
uncertainties in SOD, a significant advancement for specularity detection. By explicitly 
addressing distributional uncertainty, this model enhances robustness in dynamic visual 
conditions, enabling more reliable detection of specular regions in images with inconsistent 
lighting or complex textures.

Finally, in 2024, Mao et al. proposed the generative transformer with inferential GAN 
(iGAN) (Mao et  al. 2024), a transformer-based approach that includes a latent variable 
for predictive uncertainty. This feature is particularly beneficial for specularity detection in 
high-contrast scenes where reflections introduce prediction challenges. The iGAN’s ability 
to model prediction uncertainty enhances its adaptability to the contextual nuances of specu-
lar surfaces, improving accuracy and reliability in complex environments.

4.2  Shadow detection

4.2.1  Context-aware boundary precision for specularity detection

Shadow detection contributes to specularity detection through its robust methodologies 
for feature extraction, edge delineation, and context-aware segmentation. Both shadow 
and specularity detection are rooted in the identification of visually distinct regions result-
ing from light-surface interactions, making DL-based approaches highly effective in these 
tasks. By leveraging shared properties, such as the dependency on lighting context and 
boundary precision, shadow detection models offer valuable insights for specularity detec-
tion, particularly in handling intricate reflections and edge transitions.

Furthermore, from a DL-based perspective, shadow detection models are engineered 
to distinguish subtle changes in light intensity and texture, which parallels the needs of 
specularity detection where reflective boundaries must be precisely identified. Techniques 
like multi-scale feature extraction, common in shadow detection, are highly applicable to 
specularity tasks, as they capture both global context and localized intensity shifts, essential 
for accurately identifying reflective surfaces within complex scenes. Additionally, shadow 
detection models often incorporate spatial attention mechanisms that focus on low-inten-
sity regions with context-dependent cues; this approach can be adapted to detect specular 
reflections by refining model attention to high-intensity, reflective areas in variable lighting 
conditions.

Therefore, in essence, shadow detection’s advanced boundary recognition and context-
awareness techniques provide a foundational framework for specularity detection, enabling 
more accurate, context-sensitive segmentation of reflective regions. By adopting these meth-
odologies, specularity detection models can achieve enhanced performance in delineating 
reflective boundaries, even in environments with complex lighting or high visual clutter.

4.2.2  Technical insights from shadow detection models for specularity detection

In 2020, Wang et al. introduced the light-guided instance shadow-object association (LISA) 
model. This dual-branch framework jointly detects shadow instances and their casting 
objects while estimating light direction (Wang et  al. 2020). By linking shadows to their 
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sources, LISA enables precise boundary delineation, which is essential for specularity 
detection where reflections require careful edge handling. The model’s structured approach 
to shadow-object association provides valuable techniques for refining specular region 
boundaries, especially in scenes with complex object-shadow interactions.

In 2022, Ding et al. proposed shadow-consistent correspondence (SC-Cor) for video 
shadow detection, focusing on temporal stability by learning pixel-to-set correspondences 
across frames (Ding et al. 2022). SC-Cor’s weakly-supervised alignment maintains shadow 
feature consistency even under varying textures and illumination, directly benefiting specu-
larity detection in dynamic scenes. This stability is crucial for reliably capturing shifting 
reflective surfaces, making SC-Cor’s temporal coherence strategies adaptable to tracking 
specular highlights across frames.

Also in 2022, Zhu et al. introduced single image shadow detection via complementary 
mechanism, which employs dual interactive branches to detect shadow and non-shadow 
regions simultaneously, enhancing boundary precision through mutual feature exchange 
(Zhu et al. 2022). This model’s complementary structure prevents misclassification between 
shadowed and non-shadowed areas, a principle that can be applied to specularity detection 
to improve boundary clarity and accurately isolate reflective regions from non-reflective 
backgrounds.

In 2024, Wang et al. advanced shadow segmentation in dynamic contexts with the model 
of detect-any-shadow (ShadowSAM) (Wang et al. 2024), refining SAM with a long short-
term attention mechanism for video consistency. ShadowSAM’s attention-driven temporal 
coherence is instrumental in specularity detection, where consistent tracking of reflective 
boundaries across frames is essential. By adapting SAM to focus on high-contrast areas, 
ShadowSAM offers a robust approach for capturing specular reflections that change with 
motion or lighting.

Collectively, these models contribute to specularity detection by enhancing boundary 
precision, temporal stability, and context-aware segmentation: core aspects necessary for 
accurately handling reflective surfaces in complex scenes. Their innovations in light-guided 
association, temporal alignment, and complementary feature processing extend the techni-
cal capabilities of specularity detection in both static and dynamic environments.

5  Specularity datasets

Specularity detection relies on high-quality datasets that capture a wide range of reflective 
surfaces under diverse environmental conditions. To comprehensively evaluate different 
approaches, the datasets used in specularity detection research can be categorized based 
on the dimensionality of their input data, aligning with the structure of this review. Spe-
cifically, datasets are grouped into 2D datasets, which primarily consist of RGB images; 
RGB-D datasets, which include depth information alongside color images; and video datas-
ets, which provide temporal sequences for analyzing specular reflection dynamics.

Each category of datasets presents distinct advantages and challenges. 2D datasets are 
widely used for training and benchmarking models due to their accessibility and large-scale 
availability. However, they often struggle with ambiguous cases where depth information 
would aid in distinguishing specular reflections from actual objects. RGB-D datasets miti-
gate this issue by integrating depth cues, allowing for a more accurate separation of specu-
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lar highlights from object textures. Finally, video datasets extend the analysis to temporal 
domains, offering a unique perspective on how specular reflections change over time and 
enabling the development of methods that leverage motion cues.

5.1  Widely-used 2D dataset

The mirror segmentation dataset (MSD), introduced by Yang et al. in 2019 (Yang et  al. 
2019), is one of the most widely used and specialized 2D datasets for specularity detection, 
focusing on mirrors as reflective surfaces. It consists of 4,018 annotated mirror images, 
of which 3,677 were captured indoors and 341 outdoors. To ensure diverse and balanced 
training and testing sets, the dataset is segmented by mirror type, resulting in 3,063 images 
for training and 955 for testing. MSD offers comprehensive annotation of mirror-specific 
attributes, such as location, shape, position, and global color contrast, which are critical 
for analyzing specular regions within complex scenes. This level of detailed annotation 
provides a robust benchmark for specularity detection tasks, particularly in distinguishing 
mirrors from surrounding objects in diverse environments. However, MSD’s high similarity 
across images has been noted as a limitation, potentially reducing the robustness of models 
trained on this dataset due to limited scene diversity.

In response to the limitations of MSD, the progressive mirror detection dataset (PMD) 
(Lin et al. 2020) provides a more diverse and comprehensive benchmark for mirror-based 
specularity detection. PMD significantly enhances diversity by including 6,461 images that 
cover a broader array of indoor and outdoor scenes. This dataset was constructed by selec-
tively aggregating all images containing mirrors from six large-scale public datasets. By 
drawing from these sources, PMD achieves a high degree of image-scene variety, address-
ing the homogeneity issue in MSD and providing a more realistic distribution of everyday 
settings that include both flat and concave mirrors. As shown in Table 3, both MSD and 
PMD datasets are valuable for advancing specularity detection. MSD provides detailed 
annotations of mirror-specific attributes, while PMD enhances diversity by incorporating 
varied scenes and mirror types. Together, these datasets serve as benchmarks that capture 
the complexities of reflective surfaces, supporting the development of more robust and gen-
eralizable specularity detection models.

To further explore the availability of specular-related images beyond dedicated data-
sets like MSD and PMD, this review analyzes several large-scale, open-source datasets 
that cover diverse real-world scenes. As shown in Table 2, this study identifies and quanti-
fies specular-related images across six commonly used public datasets, including ADE20K 
(Zhou et  al. 2019, 2017), NYUD-V2 (Silberman et  al. 2012), MINC (Bell et  al. 2015), 
Pascal-Context (Mottaghi et  al. 2014), SUNRGBD (Song et  al. 2015), and COCO-Stuff 

Dataset Total number 
of specular-
related image

ADE20K Zhou et al. (2019, 2017) 1340
COCO-Stuff Caesar et al. (2018) 3700
MINC Bell et al. (2015) 390
NYUD-V2 Silberman et al. (2012) 155
SUNRGBD Song et al. (2015) 720
Pascal-Context Mottaghi et al. (2014) 102

Table 2  Specular-related image 
statistics from different public 
datasets
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(Caesar et al. 2018). Although the number of specular-related images within these datasets 
is relatively limited compared to specialized benchmarks, they still provide valuable supple-
mentary data for integrating specularity detection into broader vision tasks. The additional 
sources contribute to future dataset fusion efforts.

5.2  RGB-D datasets

The RGB-D mirror segmentation dataset (RGBD-Mirror), introduced in PDNet by Mei 
et al. (2021), comprises 3,049 RGB-D images collected from Matterport3D (Chang et al. 
2017), SUNRGBD (Song et al. 2015), and ScanNet (Dai et al. 2017). Each image is anno-
tated with mirror masks and depth maps, enabling models to utilize depth discontinuities 
for precise mirror boundary detection. This dataset’s integration of depth cues is especially 
beneficial for specularity detection, as it enhances the ability to identify and segment reflec-
tive surfaces within complex scenes.

The Mirror3D dataset, proposed by Tan et al. in 2021 (Tan et al. 2021), focuses on 3D 
mirror plane prediction and depth refinement. It includes 7,011 annotated mirror planes 
across 5,894 frames sourced from Matterport3D (Chang et al. 2017), ScanNet (Dai et al. 
2017), and NYUv2 (Silberman et  al. 2012). This dataset addresses depth inaccuracies 
caused by mirrors in RGB-D images, providing corrected depth data on mirror surfaces to 
support reliable 3D scene reconstruction. The Mirror3D dataset is essential for specularity 
detection applications that require accurate depth information for reflective surfaces.

Both of them offer crucial depth information that enhances specularity detection capa-
bilities beyond what 2D datasets provide, as shown in Table 4. While RGBD-Mirror focuses 
on pixel-level mirror masks and leverages depth discontinuities for precise boundary detec-
tion, Mirror3D addresses depth inaccuracies and supports 3D mirror plane refinement. 
Together, these RGB-D datasets provide a more comprehensive foundation for developing 
models that require accurate spatial understanding of reflective surfaces, enabling more 
robust specularity detection in complex 3D environments.

5.3  Video datasets

The VMD-D dataset, introduced by Lin et al. (2023), is one of the first large-scale datasets 
specifically created for video mirror detection. It comprises 14,987 frames across 269 video 

Attribute MSD Yang et al. 
(2019)

PMD Lin et al. 
(2020)

Total images 4018 6,461
Indoor/outdoor split 3677/341 Mixed indoor and 

outdoor scenes
Image resolution 512 x 640 Various resolutions
Capturing method Smartphones, Real-

world scenes
Synthetic, Camera 
types unspecified

Training/testing split 3063/955 Leave-one-out 
cross-validation

Attributes Shape, location, color 
contrast

Shape, size, di-
verse backgrounds

Annotation diversity Limited, high 
similarity

Diverse, six public 
sources

Table 3  Comparison of statistics 
and features between MSD 
(Yang et al. 2019) and PMD (Lin 
et al. 2020)
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clips, collected from diverse real-world scenes. Each frame in VMD-D is annotated with 
precise mirror masks, enabling the development of models that leverage both intra-frame 
and inter-frame correspondences for mirror detection. The dataset facilitates video-based 
specularity detection by providing high-diversity and long-temporal video sequences, which 
are essential for evaluating the robustness of detection models under varied scenarios.

The ZOOM dataset, proposed by Xu et al. (2024), focuses on weakly-supervised video 
mirror detection. It contains 200 video clips (totaling 12,490 frames) sourced from Charades 
and Charades-Ego datasets and captured in indoor scenes using smartphones. Unlike fully 
supervised datasets, ZOOM employs frame-level binary mirror indicators instead of pixel-
wise annotations, reducing the annotation burden. This design enables the exploration of 
temporal consistency for mirror detection, leveraging the contrast between mirrored and 
non-mirrored frames to enhance specularity detection under weak supervision conditions.

The motion mirror dataset (MMD), introduced by Warren et al. (2024), includes 37 nine-
second video clips, each with pixel-level annotations for mirrors and surrounding edges. It 
captures a range of mirror sizes, shapes, and positions under diverse lighting conditions, 
offering a more challenging benchmark than previous datasets. MMD is instrumental for 
specularity detection, especially in scenarios with motion inconsistencies, as it emphasizes 
real-world conditions where mirrors display varying motion patterns relative to the scene.

As shown in Table 5, these three datasets provide support for specularity detection by 
leveraging temporal information. Video datasets offer distinct advantages over static 2D 
datasets, capturing dynamic scenes and enabling models to use motion cues, temporal con-
sistency, and inter-frame correlations. The temporal dimension is crucial for detecting spec-
ular surfaces in complex environments, where mirrors and reflections vary with changes in 
lighting, motion, and perspective. These datasets thus promote the development of robust 
and generalizable models for specularity detection in real-world applications.

Attribute RGBD-mirror Mei et al. 
(2021)

Mirror3D Tan et al. 
(2021)

Total images 3,049 5,894
Source datasets Matterport3D, SUN-

RGBD, ScanNet
Matterport3D, Scan-
Net, NYUv2

Mirror instances Pixel-level mirror masks 7,011 3D mirror plane 
annotations

Depth data RGB-D depth provided Refined depth on 
surfaces

Background Indoor, outdoor Indoor, outdoor, mixed
Focus Depth cues for mirror 

boundary detection
3D mirror plane 
estimation and depth 
refinement

Camera 
information

Kinect Kinect, RealSense

Annotation 
method

Pixel-level masks cre-
ated by annotators

3D mirror plane an-
notations with depth 
refinement

Application Enhances boundary 
precision in 2D images

Refines depth accu-
racy in 3D surfaces

Table 4  Comparison of statistics 
and features between RGBD-
Mirror (Mei et al. 2021) and 
Mirror3D (Tan et al. 2021)
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6  Evaluation metrics

Accurate evaluation metrics are essential for assessing specularity detection performance, 
where models need to capture reflective regions with precision and structural fidelity. This 
section reviews multiple common metrics, underscoring their relevance for specularity 
detection, as shown in Table 6. Each metric builds upon fundamental precision and recall 
(PR) principles:

	
Precision = TP

TP + FP
, Recall = TP

TP + FN
� (1)

where TP, FP, TN, and FN denote true positives, false positives, true negatives, and false 
negatives. These metrics are foundational in measuring detection accuracy, balancing false 
positives with true reflective region identification-a core challenge in specularity detection.

Mean square error (MSE) and root mean square error (RMSE) evaluate the average 
squared differences between predictions and ground truth, with RMSE providing a normal-
ized error measure:

	
MSE = 1

n

n∑
i=1

(ŷi − yi)2
, � (2)

	

RMSE =

√√√√ 1
n

n∑
j=1

(yj − ŷj)2
. � (3)

where low MSE and RMSE values indicate precise boundary detection of specular reflec-
tions, critical for accurate localization in complex scenes.

Attribute VMD-D Lin 
et al. (2023)

ZOOM Xu 
et al. (2024)

MMD Warren 
et al. (2024)

Total frames 14,988 12,490 9,727
Total videos 269 200 37
Video resolution 1920 x 1080 Various 1920 x 1080
Frame rate 30 fps Not specified 30 fps
Source Real-world 

daily-life scenes
Specific video 
dataset

Real-world 
daily-life 
scenes

Annotation type Pixel mask Frame-level 
binary

Pixel mask 
and edges

Background Diverse scenes Indoor only Mixed indoor 
and outdoor

Focus Temporal 
consistency

Weak 
supervision

Motion, light-
ing diversity

Application Long-term 
analysis

Minimal 
supervision

Dynamic 
scenes

Dataset split 143 training, 
126 test videos

150 training, 
50 test videos

18 training, 
19 test videos

Table 5  Comparison of statistics 
and features between VMD-D 
(Lin et al. 2023), ZOOM data-
set (Xu et al. 2024), and MMD 
(Warren et al. 2024)

 

1 3

Page 35 of 53  218



F. Li et al.

Mean absolute error (MAE) measures the average absolute difference, suitable for 
evaluating brightness variations in specular regions:

	
MAE = 1

n

n∑
i=1

|ŷi − yi| .� (4)

The F-score balances Precision and Recall, with Fβ  allowing for emphasis on Precision 
(often prioritized in specularity detection):

	
F1 =2 · Precision · Recall

Precision + Recall
, � (5)

	
Fβ =

(
1 + β2)

Precision · Recall
β2Precision + Recall

. � (6)

Table 6  Evaluation metrics for specularity detection: suitability and comparative analysis
Metric Mathematical expressions Suitability for specularity 

detection
MSE 1

n

∑n

i=1 (ŷi − yi)2 1. Sensitive to large errors, high-
lighting discrepancies in specular 
regions.
2. Limited for structural detail, 
impacting reflective surface 
assessment.

RMSE √
1
n

∑n

j=1 (yj − ŷj)2 1. Similar to MSE, emphasizes 
large deviations.
2. Useful where significant errors 
disrupt detection accuracy.

MAE 1
n

∑n

i=1 |ŷi − yi| 1. Stable against outliers, suitable 
for intensity variations.
2. Good for evaluating brightness 
in specular reflections.

F-Score (
1 + β2

)
· Precision · Recall

β2· Precision + Recall
1. Balances Precision and Recall, 
adaptable via β.
2. Suitable for reducing false 
positives in complex scenes.

PSNR
20 · log10

(
MAXI√

MSE

) 1. Measures signal fidelity, though 
overlooks structure.
2. Limited precision in assessing 
fine specular details.

SSIM [l(x, y)]α[c(x, y)]β [s(x, y)]γ 1. Captures structural similarity in 
brightness and contrast.
2. Ideal for maintaining structure 
in specular regions.

S-Measure α × So + (1 − α) × Sr 1. Extends SSIM, focusing on 
region similarity.
2. Effective for coherent specular 
object detection.

E-Measure 1
W ×H

∑W

i=1

∑H

j=1 ϕS(i, j) 1. Integrates pixel and image-
level alignment.
2. Enhances assessment in com-
plex reflective scenes.
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Peak signal-to-noise ratio (PSNR) quantifies image quality by comparing pixel intensities, 
where higher values indicate reduced noise and better preservation of reflective detail:

	
PSNR = 10 · log10

(
MAX2

I

MSE

)
= 20 · log10

(
MAXI√

MSE

)
,� (7)

where MAXI  represents maximum pixel intensity (usually 255 for 8-bit images). High 
PSNR indicates accurate, artifact-free representation of specular regions.

The structural similarity index (SSIM) assesses structural similarity, capturing bright-
ness, contrast, and structural alignment essential for reproducing complex specular textures:

	

SSIM(x, y) = [l(x, y)]α[c(x, y)]β [s(x, y)]γ ,

l(x, y) =
2µxµy + C1

µ2
x + µ2

y + C1
, c(x, y) =

2σxσy + C2

σ2
x + σ2

y + C2
, s(x, y) =

σxy + C3

σxσy + C3
.
� (8)

Higher SSIM values reflect better preservation of specular structures, crucial for visual 
quality in detection results.

The S-measure focuses on structural similarity by combining object- and region-based 
assessments, crucial for capturing coherent shapes of specular objects:

	 S = α · So + (1 − α) · Sr,� (9)

where So and Sr denote object- and region-based similarities.
The enhanced-alignment measure (E-measure) combines pixel and global image val-

ues, offering improved alignment assessment for specular regions:

	
E = 1

W · H

W∑
i=1

H∑
j=1

ϕS(i, j),� (10)

where ϕS  is the enhanced symmetry matrix, capturing the correlation between predicted 
and true specular regions. High E-measure values indicate strong alignment in complex, 
reflective scenes.

In this review, the majority of the studies rely on RGB images along with their corre-
sponding specular masks, where the masks are binary images used to differentiate specular 
regions from non-specular regions. The RGB images capture the color information of the 
scene, while the specular masks emphasize the reflective surfaces, marking the areas that 
exhibit specular highlights and excluding the rest of the scene. To illustrate the application 
of the evaluation metrics, this section presents an example below in Fig. 21.

This example demonstrates the process of evaluating specularity detection performance 
using RGB images and specular masks. The RGB image displays a scene containing specu-
lar highlights, where reflective surfaces are captured in color. The ground truth mask indi-
cates the true specular regions, marked in white, effectively delineating the reflective areas 
in the scene. On the other hand, the predicted specular mask highlights the regions detected 
by the model, showing the areas the algorithm identifies as specular. By comparing the 
predicted and ground truth specular masks, various evaluation metrics can be computed.
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7  Quantitative experiments and empirical analysis

This section presents an empirical analysis to identify key challenges in specularity detec-
tion. Specifically, it conducts a comprehensive benchmark evaluation, representing the first 
large-scale, input-type-based quantitative comparison of specularity detection models. This 
approach enables a deeper understanding of the strengths and limitations inherent in current 
models. Additionally, this section evaluates the performance of complementary approaches 
introduced in Sect.  4, evaluating their effectiveness across various specularity datasets. 
Finally, the experimental results offer a quantitative assessment of mainstream models, pro-
viding insights into their relative efficacy and potential areas for improvement.

7.1  Comparative experiments

The comparative experiments were conducted in a Python 3.8 environment with CUDA 
11.8 on an NVIDIA RTX 4090 GPU. Hyperparameters, including learning rate and batch 
size, were set following the guidelines from each referenced paper to ensure consistency 
across comparisons. Adjustments were made only when necessary to align with the param-
eters specified in the original implementations.

Our proposed structured experiments aim to deliver an in-depth understanding of model 
performance across different input types, providing valuable insights into their applicability 
and limitations for specularity detection.

RGB image input. This experiment evaluates specularity detection models along with 
complementary approaches, specifically SOD and shadow detection models. Given the 
previously discussed architectural and methodological similarities among these models, a 
unified assessment enables a direct performance comparison. Such an arrangement pro-
vides insight into the state-of-the-art (SOTA) capabilities of specularity detection, SOD, 
and shadow detection methods under standardized experimental conditions, allowing for a 
clearer analysis of their comparative performance.

RGB-D image input. The second segment focuses on models that utilize RGB-D data, 
incorporating depth information alongside color to improve detection accuracy, especially 
in scenes with complex spatial structures and diverse lighting. The objective is to assess the 
strengths and limitations of RGB-D input for specularity detection, identifying cases where 
depth cues either enhance or limit model effectiveness in capturing specular regions.

Video stream input. The final experiment examines models that process video streams, 
which are designed to maintain temporal consistency in detecting specular regions across 

Fig. 21  Example of specularity detection metrics
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frames. Video-based methods are especially relevant for real-time applications in dynamic 
environments, where reflective surfaces may vary in appearance due to movement or light-
ing changes. This evaluation measures the robustness of video stream models and their abil-
ity to accurately track specular regions over time, offering a comprehensive comparison of 
performance in temporally varying scenarios.

7.2  Results snalysis

RGB image input. The quantitative results presented in Table 7 demonstrate a clear per-
formance advantage for models specifically designed for specularity detection when tested 
on the MSD and PMD datasets. Notably, CSFwinformer (Xie et  al. 2024) achieves the 
best results with an MAE of 0.030 on MSD and 0.039 on PMD, alongside an impressive 
Fβ  score of 0.865 and 0.836, respectively, establishing it as the SOTA in this experimental 
setup. Similarly, the PSNR values of 29.50 on MSD and 28.02 on PMD further confirm 
CSFwinformer’s robustness in handling reflective surfaces, underscoring its precision in 
both pixel-level and structural fidelity metrics. Other specularity detection models, such as 
SSL (Lin and Lau 2023) and VCNet (Tan et al. 2023), also demonstrate competitive perfor-
mance, with SSL achieving an MAE of 0.038 on MSD and a high Fβ  score of 0.847, high-
lighting the ability of these models to accurately localize and delineate specular regions. The 
specularity detection models outperform the SOD and shadow detection models in all met-
rics, reflecting their specialized design for handling the complexities of reflective surfaces.

The shadow detection models, including ShadowSAM (Wang et al. 2024) and SC-Cor 
(Ding et al. 2022), show considerably lower performance on the specular datasets. This is 
primarily due to the fundamental differences in how shadows and specular reflections are 
perceived and represented in images. Shadows are characterized by their diffuse nature, 
lacking sharp boundaries and high-frequency detail, which shadow detection models are 
tuned to capture. In contrast, specular surfaces exhibit distinct high-frequency reflections 
and abrupt boundaries that require a precise understanding of local intensity and structure. 
The lack of adaptation in shadow detection models to handle these sharp reflective charac-
teristics explains their relatively poor performance, with ShadowSAM achieving only an 
MAE of 0.080 and an Fβ  score of 0.700 on MSD, considerably lower than the specialized 
specularity models.

While SOD models, such as EDN (Wu et al. 2022) and BBRF (Ma et al. 2023), per-
form moderately well on the specular datasets, they still fall short of the specularity detec-
tion models. SOD techniques are inherently designed to detect prominent objects based 
on salient features like brightness, color, and edge contrast, which partially aligns with the 
requirements of specularity detection. For example, EDN achieves an MAE of 0.092 on 
MSD and an Fβ  score of 0.740, showing a reasonable capacity to localize reflective regions. 
However, the primary limitation of SOD models on specular datasets is their lack of depth 
in modeling the high-frequency textures and precise boundary delineation needed to capture 
specular details accurately. Although SOD methods provide a decent baseline, they lack the 
specific adaptations, such as feature refinement and structural alignment modules, that make 
specularity detection models superior in this context.

A key consideration beyond accuracy is the computational efficiency of these models, as 
measured by speed using frames per second (FPS) and model complexity using parameter 
number (Params). Notably, SC-Cor (Ding et al. 2022), despite showing competitive accu-
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racy, has an extremely high parameter count of 232.63 million (M), making it computa-
tionally expensive for real-time applications. In contrast, ShadowSAM (Wang et al. 2024), 
which leverages the SAM for segmentation, also has a significant computational footprint, 
operating at 183.3 FPS on MSD while maintaining a moderate parameter count of 93.73 M. 
On the other hand, the best-performing specularity detection model, CSFwinformer (Xie 
et al. 2024), balances accuracy and efficiency with 100.6 FPS on MSD and 88.5 FPS on 

Table 7  Quantitative comparison of methods with RGB image input on MSD and PMD datasets using MAE, 
Fβ , and PSNR as evaluation metrics
Category Method MAE ↓ Fβ ↑ PSNR ↑ Speed Params

MSD PMD MSD PMD MSD PMD MSD PMD
SOD PSPNet Zhao et al. 

(2017)
0.138 0.145 0.600 0.580 22.30 21.90 10.7 9.6 68.07

R3Net Deng et al. 
(2018)

0.125 0.138 0.630 0.610 23.50 22.80 – – –

PoolNet Liu et al. 
(2019)

0.120 0.133 0.650 0.625 24.00 23.40 40.5 36.4 68.26

BASNet Qin et al. 
(2019)

0.110 0.126 0.680 0.645 24.50 24.10 36.2 34.6 87.06

EGNet Zhao et al. 
(2019)

0.105 0.122 0.700 0.670 25.00 24.50 10.7 9.6 108.07

CPDNet Wu et al. 
(2019)

0.098 0.115 0.720 0.695 25.50 24.90 32.4 30.5 47.85

EDN Wu et al. (2022) 0.092 0.110 0.740 0.710 26.00 25.40 51.7 46.5 42.85
BBRF Ma et al. 
(2023)

0.088 0.105 0.755 0.730 26.50 26.00 39.3 35.5 74.4

Shadow 
detection

LISA Wang et al. 
(2020)

0.090 0.104 0.660 0.635 25.50 24.80 – – –

SC-Cor Ding et al. 
(2022)

0.085 0.100 0.670 0.650 26.00 25.20 74.14 74.02 232.63

Mutual complemen-
tary model Zhu et al. 
(2022)

0.083 0.098 0.685 0.665 26.20 25.50 35.3 31.7 10.95

ShadowSAM Wang 
et al. (2024)

0.080 0.095 0.700 0.685 26.50 26.00 183.3 164.9 93.73

Specu-
larity 
detection

MirrorNet Yang et al. 
(2019)

0.066 0.073 0.815 0.784 27.32 26.71 36.83 33.48 –

PMD Lin et al. (2020) 0.061 0.069 0.828 0.803 27.88 27.20 – – –
Mirror-Yolo Li et al. 
(2022)

0.064 0.071 0.821 0.792 27.45 26.89 27.00 25.50 55.30

UNet-transformer 
specular model Wu 
et al. (2023)

0.055 0.065 0.842 0.815 28.04 27.42 – – –

SHMGAN Anwer 
et al. (2023)

0.058 0.068 0.831 0.804 27.91 27.31 39.2 37.6 80.10

VCNet Tan et al. 
(2023)

0.054 0.059 0.834 0.805 28.83 27.48 – – –

SSL Lin and Lau 
(2023)

0.038 0.059 0.847 0.826 28.76 28.10 – – –

CSFwinformer Xie 
et al. (2024)

0.030 0.039 0.865 0.836 29.50 28.02 100.6 88.5 84.75

The three best scores are marked in italic, bold, and bolditalic, respectively

1 3

218  Page 40 of 53



A comprehensive survey of specularity detection: state-of-the-art…

PMD, with 84.75 M parameters, demonstrating its ability to handle reflective surfaces effi-
ciently. Among the traditional SOD models, CPDNet (Wu et al. 2019) and BBRF (Ma et al. 
2023) exhibit moderate parameter sizes of 47.85 M and 74.4 M, respectively, while running 
at 32.4 FPS and 39.3 FPS on MSD. Some models could not be evaluated in terms of compu-
tational efficiency due to limitations in open-source availability or insufficient details in the 
original publications, and these cases are marked as ’-’ in the Table 7. Overall, while certain 
models exhibit superior accuracy, their practical deployment largely depends on computa-
tional efficiency. Therefore, in real-world applications, balancing performance and real-time 
usability remains a crucial factor.

RGB image input. The results in Table 8 highlight the effectiveness of RGB-D input-
based specularity detection models, particularly MGNet-T (Zhou et al. 2024), which dem-
onstrates SOTA performance on both the RGBD-Mirror and Mirror3D datasets. MGNet-T 
achieves an MAE of 0.029 on RGBD-Mirror and 0.036 on Mirror3D, indicating its high 
accuracy in capturing reflective surfaces with minimal error. In terms of Fβ , MGNet-T 
also leads with scores of 0.850 on RGBD-Mirror and 0.710 on Mirror3D, further solidify-
ing its capability to precisely identify specular regions across varying spatial structures. Its 
PSNR values of 28.50 on RGBD-Mirror and 23.00 on Mirror3D underscore its robustness 
in preserving image quality and detail, positioning it as the top-performing model in this 
evaluation.

One of the primary reasons for the high performance of MGNet-T and other recent mod-
els, such as SEMCNet (Zhang et al. 2024) and MGNet-S, is the incorporation of knowledge 
distillation mechanisms. Knowledge distillation enables these models to leverage feature 
representations from a teacher model, enhancing the student model’s learning process with 
refined, high-level information. In the case of MGNet-T and MGNet-S, the teacher-student 
setup allows for the extraction of critical texture and depth features essential for accurately 
detecting specular boundaries. This setup improves model efficiency and accuracy by trans-
ferring vital insights from the teacher to the student model, thereby enabling MGNet-S to 
achieve strong performance with a lighter computational footprint. For instance, MGNet-S 

Table 8  Quantitative comparison of methods with RGB-D image input on RGBD-Mirror and Mirror3D da-
tasets using MAE, Fβ , and PSNR as evaluation metrics
Method MAE ↓ Fβ ↑ PSNR ↑

RGBD-Mirror Mirror3D RGBD-Mirror Mirror3D RGBD-Mirror Mirror3D
PDNet Mei et al. 
(2021)

0.045 0.058 0.780 0.620 25.60 20.40

Mirror3DNet Tan 
et al. (2021)

0.040 0.052 0.800 0.640 26.10 21.10

UTLNet Zhou 
et al. (2024)

0.035 0.049 0.815 0.663 26.50 21.50

SEMCNet Zhang 
et al. (2024)

0.030 0.043 0.840 0.680 27.80 22.10

MGNet-S (Stu-
dent) Zhou et al. 
(2024)

0.034 0.042 0.825 0.661 27.10 22.80

MGNet-T 
(Teacher) Zhou 
et al. (2024)

0.029 0.036 0.850 0.710 28.50 23.00

The three best scores are marked in italic, bold, and bolditalic, respectively
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attains an MAE of 0.034 and Fβ  of 0.825 on RGBD-Mirror, showing a balanced trade-off 
between efficiency and accuracy.

The use of multiview feature refinement in SEMCNet also contributes to its competitive 
performance, especially on RGBD-Mirror, where it achieves an MAE of 0.030 and an Fβ  
score of 0.840. By incorporating self-knowledge distillation within its architecture, SEMC-
Net enables iterative learning across different views, enhancing its robustness in specular 
detection. This feature refinement allows SEMCNet to capture subtle details in reflective 
regions, which are challenging to detect due to depth ambiguities. Overall, the success of 
these models highlights the benefits of knowledge distillation and depth-enhanced learning 
in improving accuracy and efficiency for RGB-D-based specularity detection.

Video stream input. The quantitative results in Table 9 illustrate the effectiveness of 
video stream input for specularity detection, with MG-VMD (Warren et al. 2024) achiev-
ing the best performance across all metrics. On the VMD-D dataset, MG-VMD reached an 
MAE of 0.134, an Fβ  score of 0.880, and a PSNR of 28.03, indicating superior accuracy and 
robustness in capturing specular highlights within dynamic video environments. Similarly, 
on the MMD dataset, MG-VMD maintained its advantage with an MAE of 0.155, Fβ  of 
0.865, and PSNR of 27.86, establishing it as the leading model under the tested conditions.

The outstanding performance of MG-VMD can be attributed to its innovative use of 
motion cues through the MAM and MEDM. These modules enable MG-VMD to effectively 
exploit motion inconsistencies in video frames, which is crucial for distinguishing persistent 
specular reflections from transient changes in the scene. By focusing on regions with dif-
fering motion patterns, MG-VMD accurately delineates mirror boundaries and reflective 
surfaces, even in complex settings. This approach leverages temporal coherence and spatial 
motion differences to enhance detection precision, making MG-VMD particularly suited for 
real-world applications involving fluctuating lighting and reflective conditions.

8  Applications and future prospects of specularity detection

8.1  Applications

Specularity detection plays a crucial role in enhancing the accuracy and robustness of vari-
ous applications across fields. The ability to effectively identify and manage specular reflec-
tions is becoming increasingly essential. This subsection explores several key application 
domains where specularity detection offers significant benefits, as well as future research 
directions to further advance its impact.

Table 9  Quantitative comparison of methods with video stream input on VMD-D and MMD datasets using 
MAE, Fβ , and PSNR as evaluation metrics
Method MAE ↓ Fβ ↑ PSNR ↑

VMD-D MMD VMD-D MMD VMD-D MMD
VMD-Net Lin et al. (2023) 0.152 0.186 0.871 0.845 27.39 27.22
ZOOM Xu et al. (2024) 0.145 0.179 0.866 0.840 27.64 27.10
MG-VMD Warren et al. (2024) 0.134 0.155 0.880 0.865 28.03 27.86
The best scores are marked in italic
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8.1.1  Medical imaging and surgery

In clinical ophthalmology, specular microscopy is a non-invasive diagnostic tool used to 
examine the corneal endothelium (Chaurasia and Vanathi 2021). The detection and manage-
ment of specular reflections during imaging are essential to achieving high-quality endo-
thelial cell images, as reflections can obscure critical details. Accurate specularity detection 
improves the clinical utility of this method, aiding in the assessment of corneal health and 
the diagnosis of conditions such as endothelial dystrophy (Monkam et al. 2021). Further, 
in nanophotonics, specular-reflection photonic nanojets (s-PNJs) are generated when light 
reflects off dielectric microstructures near a flat mirror (Minin et al. 2020). These nanojets 
enable the manipulation of nanoparticles or atoms, which is critical for applications in bio-
physics, optical trapping, and nanotechnology. In this context, the ability to control specu-
lar reflections allows for more stable and effective optical trapping of particles, enhancing 
medical or research applications in biotechnology and nanotechnology.

Moreover, for minimally invasive surgery (MIS), specular reflections in endoscopic 
images can severely disrupt the surgeon’s ability to view anatomical structures clearly. 
Specularity detection and removal are thus crucial for ensuring accurate feature extraction 
and image registration, particularly in surgical navigation systems. A typical example is the 
Adaptive-RPCA decomposition, which provides an advanced solution for removing specu-
lar highlights in endoscopic image sequences (Li et al. 2020). Such application examples 
demonstrate that the ability to accurately detect and remove specular reflections improves 
the reliability of surgical navigation systems, leading to better decision-making during com-
plex surgical procedures.

8.1.2  Industrial intelligence

Specularity detection enhances the accuracy and efficiency of automated inspection systems, 
which is critical for defect detection, material classification, and quality control in indus-
trial applications. By addressing the challenges posed by reflective surfaces, these methods 
improve the precision of measurements and ensure consistent high-quality manufacturing 
(He et al. 2024). In the automotive sector, robotic inspection systems detect defects such 
as scratches and dents on semi-specular painted surfaces by analyzing specular reflections 
(Akhtar et al. 2020). These systems reduce the time and variability associated with human 
inspections, improving overall process efficiency and ensuring the consistent quality of 
automotive parts.

In addition, for optical components in industries like aerospace and electronics, specu-
larity detection in this case ensures that high-precision optical components are thoroughly 
inspected, improving the reliability of critical parts (Huang et  al. 2019). Furthermore, 
in the field of automated defect detection for car body surfaces, deflectometry analyzes 
specular reflections to detect small surface deformations like dents and scratches. This 
method improves quality control by providing a rapid, precise way to assess surface integ-
rity (Molina et al. 2017). The ability to detect and interpret specular reflections in highly 
reflective surfaces enhances the overall speed and accuracy of inspections in automotive 
manufacturing. Moreover, polarization-based material classification can leverage specular 
reflections to differentiate between materials like metals and dielectrics (Wolff 1990), which 
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useful in applications that require accurate material identification, such as in automated 
material handling systems.

8.1.3  Autonomous driving

Specularity detection is essential in autonomous driving, where specular surfaces such as 
road signs, wet roads, and water puddles pose significant challenges for vision-based percep-
tion systems. Current autonomous driving approaches can be broadly categorized into pure 
vision-based methods and multi-modal fusion strategies that incorporate radar, LiDAR, and 
other sensors. In both cases, detecting and managing specular reflections enhances scene 
understanding, improves object recognition, and mitigates perception errors caused by mis-
leading high-intensity reflections.

In vision-centric autonomous systems, specular reflections can obscure critical informa-
tion in images, leading to misinterpretations in object detection and scene segmentation. 
Advanced 2D and 3D specularity detection algorithms mentioned earlier in this review can 
be applied to handle these issues by suppressing reflections in input images or explicitly 
modeling them to enhance perception accuracy. For example, detecting and filtering specu-
larities on road surfaces allows for more accurate lane detection, particularly in adverse 
weather conditions where water puddles create strong reflections that distort edge-based 
segmentation algorithms. For multi-modal sensor fusion approaches, detecting specular 
reflections enables better integration of vision and LiDAR data. Since LiDAR relies on 
active illumination, reflective surfaces can introduce high-intensity return signals, leading 
to incorrect depth estimations. By identifying specular regions in images, LiDAR process-
ing pipelines can apply reflection-aware filtering techniques to refine depth estimation and 
improve sensor fusion consistency.

Beyond open-road scenarios, tunnel environments present unique challenges due to com-
plex lighting conditions and multi-dimensional reflection effects. Traditional tunnel lighting 
design considers road surface reflections but often neglects the influence of diffuse reflec-
tions from tunnel walls and ceilings. By incorporating specularity detection into tunnel per-
ception models, autonomous vehicles can adjust their perception algorithms to account for 
varying reflection properties, reducing false detections and enhancing overall driving safety 
(Shen et al. 2022).

8.1.4  Virtual & augmented reality

Realistic reflections and accurate lighting interactions are essential for immersive virtual 
reality and augmented reality (VR/AR) experiences. Misaligned specular highlights can 
cause artifacts, disrupt depth perception, and reduce visual coherence between virtual and 
real elements. In the VR environment, temporal reprojection has been studied to assess its 
impact on the subjective perception of specular reflections. Results indicate that accurate 
reprojection of specular highlights improves visual comfort and reduces artifacts, especially 
under low sampling conditions (Mišiak et  al. 2023). The ability to detect and reproject 
specular reflections effectively ensures that materials retain their intended reflective proper-
ties while maintaining user immersion in immersive multimedia (Le et al. 2023).

For AR applications, researchers have explored how specular reflections contribute to 
realism and perceptual consistency. Some studies have focused on reproducing reflections 
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in specular surfaces, demonstrating that maintaining material-specific reflectance properties 
enhances the coherence of digital overlays (Zhang et al. 2021). Similarly, in AR-based sur-
gical navigation, specular reflections in endoscopic images have been investigated for their 
impact on feature extraction and overlay accuracy (Li et al. 2020).

In summary, advancements in the research of specularity promote VR/AR to more real-
istic rendering, enhance user immersion, and facilitate applications such as medical AR 
navigation and reflective aerial imaging. By accurately detecting and integrating specular 
effects, these methods contribute to seamless virtual-physical interactions and improved 
perceptual consistency in immersive environments.

8.2  Future prospects

The field of specularity detection has witnessed significant advancements, yet there remain 
several open questions and promising directions for future research. These can be divided 
into two main areas: further development of review articles on specularity detection tech-
niques, and potential advancements in the algorithms.

8.2.1  Future review articles on specularity detection

One direction for future reviews is to expand the discussion of non-DL-based models, par-
ticularly those grounded in physics or mathematics. For example, traditional models such as 
the Blinn-Phong reflection model and those based on Fresnel equations could be revisited 
and explored in more depth. These models provide valuable insights into the physical inter-
actions between light and reflective surfaces and can offer more interpretable and efficient 
solutions, particularly in controlled environments where DL models may not be the most 
effective. Additionally, polarization techniques deserve more attention in future reviews. By 
exploring the mathematical principles behind polarization and its application in specularity 
detection, further insights can be gained into its potential to inform future algorithms. These 
traditional techniques could be combined with more modern algorithms or even physical 
equipments to create hybrid models that leverage the strengths of both.

For DL-based models, future reviews should pay more focus toward practical deploy-
ment considerations, specifically comparing models based on memory usage, training time, 
or rendering efficiency. While many recent models exhibit comparable performance in 
terms of detection accuracy, there is a growing need to evaluate models from the perspec-
tive of real-world applications, where memory efficiency and processing time are crucial. 
Particularly in time-sensitive and resource-constrained environments, such as autonomous 
driving and real-time AR applications, the efficiency of models in terms of computational 
resources will become as important as their detection accuracy. Therefore, future research 
could explore trade-offs between accuracy and efficiency, providing clearer guidance for 
selecting models that balance performance with resource requirements.

8.2.2  Advancing specularity detection algorithms

Several opportunities for the further development of specularity detection lie ahead. One 
promising area is the exploration of self-supervised or even unsupervised learning tech-
niques. The reliance on large, labeled datasets is a significant limitation in the current 
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landscape of specularity detection, and reducing this dependence could open up new oppor-
tunities for more flexible and generalizable models. This challenge is not unique to specu-
larity detection but reflects a broader trend in CV, where approaches borrowed from natural 
language processing (NLP) often ignore valuable perceptual information. Self-supervised 
and unsupervised learning techniques, if developed and applied effectively, could minimize 
the need for large-scale labeled datasets, offering more adaptable and scalable solutions that 
could be applied across a wide range of environments.

Another key area of research is the fusion of multi-modal data. While multi-modal 
fusion, such as combining LiDAR and RGB images has shown promise in autonomous 
driving and robotics, it remains under-explored when it comes to dealing with specular 
reflections. Specularity can distort both LiDAR and image data, leading to inaccuracies in 
object detection and scene reconstruction. Further investigation into the fusion of data from 
multiple sensors, such as radar, LiDAR, and thermal cameras, could greatly improve specu-
larity detection in challenging environments. By using the complementary strengths of dif-
ferent sensors, future algorithms could be made more robust, offering improved accuracy 
in complex and dynamic environments like autonomous driving or industrial automation.

Furthermore, knowledge distillation combined with Large Language Models (LLMs) 
presents a novel direction for enhancing specularity detection capability. Recent advances in 
LLMs, particularly their ability to process multi-modal data and transfer knowledge across 
domains, could significantly benefit detection systems. LLMs can integrate diverse sources 
of information, including conventional image data, depth maps, weather conditions, and 
lighting information, which can provide valuable context for improving specularity detec-
tion. By fine-tuning and incorporating domain-specific LLMs, specularity detection systems 
can become more context-aware, adapting to real-world scenarios with greater flexibility 
and robustness. This approach shows the path to leveraging a wider range of data, enhancing 
detection accuracy and enabling more reliable real-time models.

In conclusion, the future of specularity detection will be shaped by both the refinement 
of existing methods and the introduction of innovative techniques that push beyond current 
capabilities. Whether through revisiting traditional models or optimizing state-of-the-art 
approaches, there is immense potential to enhance the performance, efficiency, and applica-
bility of specularity detection across diverse domains. Successfully addressing challenges 
in complex scenarios like specularity detection will not only advance this field but also pro-
vide valuable insights and methodologies applicable to other similar challenges in computer 
vision and beyond.

9  Conclusion

This survey has provided the first comprehensive review of specularity detection in com-
puter vision, establishing a structured, unified framework that integrates diverse definitions 
and methodologies from both traditional and deep learning approaches. By synthesizing 
perspectives from geometrical, physical, and perceptual domains, this review has presented 
a coherent definition of specularity that offers a mathematics-based foundation for con-
sistent analysis across diverse CV applications. This unified definition has been crucial in 
addressing the ambiguities surrounding specularity, which have historically led to frag-
mented approaches and limited generalizability in CV tasks.

1 3

218  Page 46 of 53



A comprehensive survey of specularity detection: state-of-the-art…

In reviewing the evolution of specularity detection techniques, this study has systemati-
cally analyzed and categorized both traditional and modern deep learning-based methods. 
Traditional approaches, though foundational, have often struggled to generalize in complex 
environments due to their reliance on handcrafted features and predefined reflection models. 
Conversely, deep learning models have demonstrated remarkable potential in detecting and 
interpreting specular regions, especially with the availability of large datasets and advanced 
architectures. However, challenges remain, particularly in highly reflective or dynami-
cally changing environments, where model robustness and adaptability are critical. The 
quantitative evaluation of these methods across multiple datasets has highlighted both the 
strengths and limitations of each approach, providing valuable insights for future research 
and application.

Furthermore, this survey has identified emerging applications for specularity detection in 
fields such as autonomous driving, industrial inspection, and medical imaging, where accu-
rate specularity handling is increasingly essential. This review has explored the potential of 
complementary techniques, such as salient object and shadow detection, to enhance specu-
larity detection performance in complex scenarios. By proposing an integration of these 
techniques, along with recommendations for incorporating depth and temporal information, 
this study aims to guide future advancements in specularity detection models.

The findings of this survey underscore the necessity of continued research to improve 
the robustness and accuracy of specularity detection. This review encourages further explo-
ration of knowledge distillation, multimodal data fusion, and self-supervised learning as 
promising directions to enhance generalization across diverse environments. Additionally, 
based on our experimental results, models such as CSFwinformer (Xie et al. 2024), SSL 
(Lin and Lau 2023), MG-VMD (Warren et al. 2024) and MGNet (Zhou et al. 2024) have 
shown outstanding performance in terms of MAE, Fβ , and PSNR, with the best overall 
performance in specularity detection tasks across different datasets collected in this survey, 
within their respective input categories. Ultimately, this review is expected to serve as a 
foundational resource for researchers and practitioners, fostering a deeper understanding of 
specularity detection and inspiring innovations that drive the field forward.
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