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Abstract

Instance shadow detection is a brand new problem, aim-

ing to find shadow instances paired with object instances.

To approach it, we first prepare a new dataset called SOBA,

named after Shadow-OBject Association, with 3,623 pairs

of shadow and object instances in 1,000 photos, each

with individually-labeled masks. Second, we design LISA,

named after Light-guided Instance Shadow-object Associa-

tion, an end-to-end framework to automatically predict the

shadow and object instances, together with the shadow-

object associations and light direction. Then, we pair up

the predicted shadow and object instances and match them

with the predicted shadow-object associations to generate

the final results. In our evaluations, we formulate a new

metric named the shadow-object average precision to mea-

sure the performance of our results. Further, we conducted

various experiments and demonstrate our method’s appli-

cability to light direction estimation and photo editing.

1. Introduction

“When you light a candle, you also cast a shadow,”—Ursula

K. Le Guin written in A Wizard of Earthsea.

When some objects block the light, shadows are formed.

And when we see a shadow, we also know that there must

be some objects that create or cast the shadow. Shadows are

light-deficient regions in a scene, due to light occlusion, but

they carry the shape of the light-occluding objects, as they

are projections of these objects onto the physical world. In

this work, we are interested in a new problem, i.e., finding

shadows together with their associated objects.

Concerning shadows, prior works in computer vision

and image understanding focus mainly on shadow detec-

tion [15, 18, 19, 21, 22, 26, 46, 50, 54] and shadow re-

moval [8, 16, 17, 25, 37, 47]. Our goal in this work is

to leverage the remarkable computation capability of deep

neural networks to address the new problem of associating
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Figure 1. Given a photo with shadows (a), the problem of instance

shadow detection is to detect the individual shadow instances (c)

and the individual object instances (d), as well as to associate the

shadows with the objects (e) that cast them. (b) shows the predic-

tion results produced by our method on (a).

shadows and objects—instance shadow detection. That is,

we want to detect the shadow instances in images, together

with the associated object that casts each shadow.

Being able to find shadow-object associations has the po-

tentials to benefit various applications. For example, for

privacy protection, when we remove humans and cars from

photos, we can remove objects and associated shadows al-

together. In a recent work on removing objects from images

for privacy protection [42], the shadows are simply left be-

hind. Also, when we edit photos, say by scaling or translat-

ing objects, we can naturally manipulate objects with their

associated shadows simultaneously. Further, shadow-object

associations give hints to the light direction in the scene,

supporting applications such as relighting.

To approach the problem of instance shadow detection,

first, we prepare a new dataset called SOBA, named after

Shadow OBject Association. SOBA contains 3,623 pairs

of shadow-object associations over 1,000 photos, each with

three masks (see Figures 1 (c)-(e)): (i) shadow instance

mask, where we label each shadow instance with a unique

color; (ii) shadow-object association mask, where we label
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Figure 2. Example images with mask and box labels in our SOBA dataset. Please zoom in for better visualization.

each shadow-object pair with a corresponding unique color;

and (iii) object instance mask, which is (ii) minus (i). In

general, there are two types of shadows: (i) cast shadows,

formed on background objects, usually ground, as the pro-

jections of the light-occluding objects, and (ii) self shadows,

formed on the side of the light-occluding objects opposite to

the direct light (see Figure 1(a)). In this work, we consider

mainly cast shadows, which are object projections, since

self shadows are already on the associated objects. See also

Figure 2 for example images in our SOBA dataset.

Next, we design an end-to-end framework called LISA,

named after Light-guided Instance Shadow-object Associ-

ation, to find the individual shadow and object instances,

the shadow-object associations, and the light direction in

each shadow-object association. From these predictions, we

then use a simple yet effective method to pair the predicted

shadow and object instances and to match them with the

predicted shadow-object associations.

Third, to quantitatively measure and evaluate the per-

formance of the instance shadow detection results, we for-

mulate a new evaluation metric called SOAP, named after

Shadow-Object Average Precision. In the end, we further

perform a series of experiments to show the effectiveness of

our method and demonstrate its applicability to light direc-

tion estimation and photo editing.

2. Related Work

Shadow detection. Early works [39, 33, 41] made use

of physical illumination and color models, and analyzed the

spectral and geometrical properties of shadows. Later, ma-

chine learning methods were explored to detect shadows by

modeling shadows based on handcrafted features, e.g., tex-

ture [53, 43, 12, 45], color [24, 43, 12, 45], T-junction [24],

and edge [24, 53, 20], then by using various classifiers, e.g.,

decision tree [24, 53] and SVM [12, 20, 43, 45], to differen-

tiate shadows and non-shadows. However, physical models

and handcrafted features have limited feature representation

capability, thus they are not robust in general situations.

Later, convolutional neural networks (CNN) were intro-

duced to detect shadows. Khan et al. [21] and Shen et

al. [40] used CNN to learn high-level features and optimiza-

tion methods to detect shadows. Vicente et al. [46] trained

a fully-connected network to predict a shadow probability

map, then locally refine the shadows via a patch-CNN.

More recently, end-to-end networks were designed to de-

tect shadows. Nguyen et al. [32] built a conditional gener-

ative adversarial network with a sensitive parameter to sta-

bilize the network training. Hu et al. [16, 19] and Zhu et

al. [54] explored the spatial context via the direction-aware

spatial context module and recurrent attention residual mod-

ule, respectively. Wang et al. [47] and Ding et al. [8] jointly

detected and removed shadows by using multiple networks

or a multi-branch network. To improve the detection per-

formance, Le et al. [26] proposed to generate more training

samples, while Zheng et al. [50] combined the strengths of

multiple methods to explicitly revise the results. This work

explores a new problem on detecting shadows, namely in-

stance shadow detection. Unlike general shadow detection,

which finds only a single mask for all shadows in an image,

we design a deep architecture to find not just the individual

shadows but also the associated objects altogether.

Instance segmentation. Besides, this work relates to the

emerging problem of instance segmentation, where the goal

is to label pixels of individual foreground objects in the in-
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