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cause they rely too heavily on properties of the objects
involved. At the same time, we cannot simply ignore
objects or other contextual cues, as we are not always able to
distinguish one material from another purely based on local
visual appearance. A white ceramic sink and a white plastic
cup, for example, appear very similar locally. Methods that
cannot take advantage of scene context at all (such as that of
Schwartz and Nishino [9]) will fail to accurately recognize
materials when that context is the only distinguishing factor.
In our work, we find that contextual cues like object
and place categories provide very strong cues as to which
materials are present in an image. Given the strength of
these cues, we would expect that a material recognition
method could take advantage of them to recognize materials
from relatively few training examples. Existing methods
like those of Bell et al. [2] or Cimpoi et al. [4], however,
can only see a portion of these contextual cues inside the
large patches and regions on which they are trained.
We show that we can indeed learn to segment materials from relatively few training examples so long as we
properly separate material appearance and scene context.
By providing these two components as separate streams
of information, we are able to make the strong material
recognition cues present in the context explicit. As a result,
our material segmentation framework does not need to see
every possible combination of material and context.

Ours
Other

Painted

Figure 1. Material segmentation methods derived from object
recognition can rely too-heavily on contextual cues to classify
materials. When these cues are ambiguous, this leads to errors
that can be resolved using the local appearance information. Since
existing methods do not cleanly separate local appearance and
context, they cannot resolve such ambiguities.

1. Introduction
Material segmentation (recognizing material categories
at every pixel) provides valuable information for scene understanding and autonomous interaction. If a robot is tasked
to, “Pick up the plastic cup on the table,” an object detection
framework can provide the location of the table and the cups
on it, but we must also provide precise material category
labels to identify the desired object. If we are to fullydescribe an image we need to know not just what objects
are present but also what the objects are made of.
A straightforward approach to material segmentation is
to simply train a semantic segmentation model with material categories. This ignores the fact that materials are
not just another form of categories that can be substituted
for objects. Objects are defined primarily by their shape,
not by their material. As a result, recognizing an object
requires that one marginalize out any variation in material,
since, for example, plastic cups and glass cups must both
be recognized as cups. Unlike objects, materials have no
inherent shape: one can describe something as “horseshaped”, for example, but not “metal-shaped”. Following
the terms of Adelson [1], materials are a kind of “stuff”,
fundamentally different than objects (“things”).
As seen in Figure 1, when object-focused semantic segmentation methods are applied to materials, they fail be-

2. Related Work
Material recognition has been typically performed at the
whole-image or image patch level [2, 4, 10, 12]. Such methods have only implicit access to the contextual cues required
to recognize materials, and thus must learn to infer these
cues (essentially re-learning object recognition) before recognizing materials. This then implies the requirement of an
extremely large training dataset to span the product space of
materials and objects.
Dense prediction has been extensively studied in the context of object semantic segmentation. Object recognition
datasets, such as ImageNet [8] or MS COCO [7], often
contain many (80-1,000) categories. Despite this, semantic
segmentation methods such as DeepLab [3] focus on only
a few coarse-grained categories. An important exception
is the recent ADE20k dataset, scene parsing challenge, and
associated models [13]. They define a set of 150 categories
1
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Figure 2. Material segmentation CNN architecture. Our network takes an input image, object category probability map, and a place
category probability vector as inputs. Horizontal lines represent additive skip connections, with appropriate zero-padding on the channel
axis. During training, the network only sees 48 × 48px image patches to ensure we are separating local material appearance from context.
At test time, we may input an image of arbitrary size.

3. Materials and Context
We propose a material segmentation CNN (Figure 2)
that produces full-resolution dense material maps using
only small local image patches and explicit external scene
context in the form of object and place category probabilities. We obtain these probabilities from existing object
and place recognition networks. By training on small local
image patches, we ensure that we are separating the material
appearance from global scene context, and by introducing
the global context from external sources, we ensure that
the context contains the strong material recognition cues we
know to be present.
Figure 3 shows the per-pixel average accuracy of our
method compared to that of Bell et al. [2] with varying
amounts of training data. We are able to accurately recognize materials given limited amounts of labeled training
data, and achieve state-of-the-art accuracy.
Figure 4 shows the effect of training patch size on accuracy. Larger patches implicitly contain more contextual
cues to which the network may overfit.

4. Conclusion
We demonstrate a novel method for separation and integration of local material appearance and global context for
accurate material segmentation. Our experimental results
show that we are able to take advantage of the strong
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for semantic segmentation. We find the ADE20k models to
be ideal sources for the per-pixel object category probabilities used by our method.
The use of context as a means to reduce ambiguity,
whether in materials or other cases, appears promising.
Hu et al. [5] showed that a simple addition of object category predictions as features could potentially improve material recognition. Iizuka et al. [6] use scene place category
predictions to improve the accuracy of greyscale image
colorization. Shrivastava and Gupta [11] investigate the use
of semantic segmentation to augment Faster R-CNN.
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Figure 3. Accuracy vs. training set size on the MINC database
(1.0 ≈ 2.5 million patches). We can clearly see that by separating
local material appearance from context, we are able to recognize
materials more accurately from fewer examples.

Figure 4. Accuracy vs. training patch size on a small subset of the
MINC database. As the patch size increases, the model is free to
overfit to the limited amount of available contextual cues.

cues present within scene context to accurately segment
materials using significantly less training data than existing
methods.
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