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Abstract— To automate the process of breaking up a building
into small pieces, it is necessary to discriminate rebars from
concrete lumps to remove rebars. This paper proposes a method
for discriminating rebar from concrete lumps using Gabor
filters. Our discrimination system uses a filter bank consisting
of multiple Gabor filters. Using the created filter bank, feature
extraction is performed from each segmented region, and the
image is classified into rebar and concrete chunks using a
support vector machine. The system was run on images of
actual rebar and concrete lumps and achieved a discrimination
accuracy of 89.4%.

I. INTRODUCTION

In recent years, the shortage of human resources and
longer working hours at construction sites have become
serious problems due to the decrease in the number of
construction companies and construction workers and the
aging of construction workers. In addition, the introduction
of automation and robot technology has not progressed suffi-
ciently in the construction industry due to high initial invest-
ment, the complexity of introducing automated processes,
the segregation of tasks, and the lack of construction-specific
tools, indicating that labor productivity is lower than in other
industries [1]. Therefore, in recent years, the development
of automation and robot technology in the construction
industry has been desired to improve productivity, solve
human resource shortages, and reduce costs.

This study focused on the removal of reinforcing steel
bars that occur during the breaking up of concrete lumps
at building demolition sites. Automation of rebar removal
requires recognition of the rebar as a string-like object.
Sato et al. and Fan et al. used Canny’s filter [2] to detect
parallel edges and enable recognition of string-like objects
[3], [4]. Recognition using parallelism of edges is considered
to be effective for recognizing rebar. However, the surface
of lumps is highly uneven, and many unnecessary edges are
detected. In addition, parallel lines may be detected from
the lumps because the lumps are an artifact. Therefore, it is
difficult to detect rebar from edge detection. In addition, there
are studies that use three-dimensional data acquired from
3D cameras, etc., instead of two-dimensional camera images
to recognize string-like objects. Tomoya et al. proposed an
algorithm to recognize a string and its shape by using a point
chain model for a 3D point cloud of the string acquired
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Fig. 1. Hardware overview.

from a 3D camera [5]. Kajioka et al. proposed a method
to discriminate strings from an environment in which strings
and other objects are mixed together using 3D point cloud
data [6]. In these studies, a 3D point cloud was acquired by
a 3D camera and analyzed to recognize string-like objects.
However, there is a problem that highly accurate 3D data
cannot be obtained when the distance from the 3D camera
is far or the object to be recognized is relatively small.

Therefore, the purpose of this study is to develop a system
that can recognize rebar and debris separately from a mixed
environment of rebar and debris, and automatically remove
the rebar. A filter bank consisting of multiple Gabor filters
was used for the recognition of rebar and concrete lumps.
Using the created filter bank, the Simple Linear Iterative
Clustering (SLIC) algorithm was used to extract features
from the segmented small regions, and a support vector
machine was used for image classification. The recognition
accuracy of the rebar and concrete lumps was evaluated using
images of the actual rebar and lumps and the created model
of the rebar and lumps. The effectiveness of the proposed
system was confirmed by performing rebar removal using
the rebar model and concrete model with an autopiloted
construction machine. Figure 1 shows an overview of the
hardware for this study. The detail of the hardware is
described in [7].

II. DISCRIMINANT METHOD

This study developed a recognition system for rebar
and concrete lumps, which consists of region segmentation,
feature generation, image classification, and rebar location
estimation. The images of rebar and concrete lumps were
actual images collected from an internet image search and
model images made of styrofoam. Fig. 2 shows the real
images created for the example, and Fig. 3 shows the model
images.
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(a) Rebar images (b) Concrete lump images
Fig. 2. Sample images of real rebar and rubble.

(a) Rebar model (b) Concrete lump model
Fig. 3. Rebar model and rubble model.

This method discriminates between rebar and concrete
lumps by the following process. (1) Acquire RGB images
of the rubble. (2) The image is divided into superpixels
by SLIC. (3) Apply a Gabor filter to the superpixels, and
(4) extract the features of the superpixels using BoVW. (5)
Classify the superpixels by SVM based on the features and
label the superpixels. The objective of this research is to
automatically remove rebar from concrete lumps. The rebar
pixel closest to the center of gravity of the pixels determined
to be a rebar was used as the target tip position of the
construction robot.

A. Region segmentation by SLIC

The superpixel algorithm [8] is often used in region
segmentation for preprocessing of object recognition. This
study uses the SLIC algorithm [8], [10], [11], [12] for region
segmentation. The collected images were used to experi-
mentally determine the values that successfully separate the
rebar and the concrete lumps in a relatively large region.
The results show that the initialization size of the region is
35 pixels and the ratio coefficient between color and position
is 0.06. The images before and after adaptation of the SLIC
algorithm are shown in Fig. 4(a) and Fig. 4(b), respectively.
In this study, superpixels were treated as a single input
image, and object recognition was performed by classifying
each superpixel. Since the shape of a superpixel is complex,
when each superpixel is extracted by rectangle, the extracted
superpixel and its surrounding area are included as shown in
Fig. 5(a). Therefore, each superpixel area was extracted as
an image masked with black color except for the extracted
superpixels as shown in Fig. 5(b).

B. Feature extraction using Gabor Filter

This section describes methods for extracting image fea-
tures and quantizing feature vectors. This study used a Gabor
filter [13] to extract image features. The Gabor function
consists of a Gaussian function and sine and cosine functions
and can extract specific spatial frequencies for each direction
in a local region around each point in the image. The Gabor

(a) Input image. (b) Output image.
Fig. 4. Region segmentation.

(a) Superpixel with surrounding
area.

(b) Processed superpixel with sur-
rounding area.

Fig. 5. Process superpixels into a rectangular image.

function g (x, y, σ, λ, γ, θ). is defined as follows;

g = exp

(
−x′2 + γ2y′2

2σ2

)
cos

(
2πx′2

λ

)
, (1)

x′ = x cos θ + y sin θ,

y′ = −x sin θ + y cos θ,

where, θ is the angle of the filter, σ is the standard deviation,
λ is the wavelength, and γ is the spatial aspect ratio. Each
parameter should be given an optimal value depending on the
input image. Previous studies using Gabor filters generally
employ 8-, 12-, and 16-angle directions. 12- and 16-angle
directions can extract a large number of features but have the
disadvantage of increasing redundancy. In this study, a Gabor
filter was created with 8 directions, because 8 directions can
extract enough features for oblique components.

Since the Gabor filter extracts specific frequencies of an
image as features, the setting of the parameters λ and σ
is very important. According to the literature [14], it is
concluded that the optimal combination of λ and σ is the
one according to following equations:

σ = 0.5λ, and (2)
σ = 0.7λ. (3)

In addition, λ was set to

λ =
√
2, 2

√
2, 3

√
2 (4)

with reference to the candidate points in the literature [14].
σ was set values satisfying equations 2 and 3 were used.
The parameter γ was set to γ = 0.5 based on the candidate
points in the literature [15].

Image features were extracted by computing the con-
volution of superpixel images using a Gabor filter. Pixel
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Fig. 6. Processing image with filter bank and BoVW

Pout (x, y) in the output image is defined as follows:

Pout =

N∑
i=0

N∑
j=0

Pin (x+ i, y + j)× f (i, j) , (5)

where, Pin (x, y) is the input image pixel, and f(i, j) is the
N ×N size kernel value. Note that in this study, the kernel
size was set to 21×21 because it is the smallest range in
which the wave portion of the Gabor filter can fit. Parameters
θ, γ, and N were fixed, and λ and σ are varied to create
a Gabor filter. 8-direction Gabor filters can be created by
uniquely selecting λ and σ. This is called a filter bank.
The filter bank consists of a collection of filters, which are
used to divide an image into several spatial frequency bands.
Therefore, this study created eight filter banks, including
six filter banks that could be created when λ was uniquely
selected, and two filter banks that could be created when all
three types of λ were combined.

In convolutional computation, a rectangular image filled
with black color except for the region of interest is used
as the input image. Therefore, if convolution is simply
performed on all pixel regions, useful features cannot be
obtained. To solve this problem, image completion of the
input image was performed. In research on image comple-
tion processing, completion is often performed using two
types of approaches: smooth completion of pixel values [16]
and texture composition-based methods [17], [18]. In the
approach that smoothly completes pixel values, completion
is performed by smoothly propagating pixel values from the
boundary of the missing region inward. In the approach of
texture composition, a non-deficient region is copied and
pasted to the missing area. In this study, the method that
smoothly completes pixel values is inappropriate because
the missing areas are located at the edges of the input
image. Therefore, an approach based on texture synthesis
was used for image completion. In the texture composition-
based approach, it is necessary to select the source region
for copying, taking into account the natural appearance of
the missing region. However, the superpixels handled by this
system are segmented into regions with the same properties,
eliminating the need to select a source region. Therefore,
image completion was performed by extracting the largest
rectangular region from the region of interest in the input
image and attaching it to the missing region.

In classification such as object recognition, it is difficult to
use the extracted features without special processing. In this

TABLE I
CANDIDATE VALUES AND TYPES OF HYPERPARAMETERS OF SVM

Kernel RBF

C 1, 2, 3, 4, 5, 6, 7, 8, 9, 10

γ 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0

study, an algorithm called Bag of visual words (BoVW) [19]
was used to quantize feature vectors. This BoVW algorithm
considers an image as a document and local features in the
image as words and identifies categories by using histograms
of local features as features of the image. The flow up to the
creation of feature vectors is shown below (Fig. 6).

1) Obtain filter responses from all input images with
image completion using a filter bank consisting of N
Gabor filters.

2) Concatenate the N filter responses obtained in step 1,
including the RGB values if RGB values are added to
the features.

3) The elements (i, j) of each filter response are extracted
in a concatenated state, and this is used as the feature
vector at pixel (i, j). The feature vectors are extracted
only from the range of the input image that is not
missing before image completion.

4) The k-means method [20] is applied to the extracted
feature vectors to divide the N-dimensional feature
vector space into k clusters.

5) Records how many clusters the feature vectors ex-
tracted from each image belong to in the N-
dimensional space.

6) A histogram is created based on the recorded results,
and this is used as the new feature vector.

In this study, support vector machine (SVM, [9]) is em-
ployed to classify two classes: rebar and concrete lump. The
kernel function is an RBF kernel, and the cost parameter C
and the hyperparameter γ of the RBF kernel are automati-
cally optimized by grid search. The hyperparameters C and γ
were determined experimentally. Table I shows the candidate
values of C and γ.

III. EXPERIMENT

A. Experimental setup

This section describes an experiment to evaluate the ac-
curacy of the proposed classification algorithm. There are
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various types of reinforcing bars and debris present at build-
ing demolition sites in terms of shape and color. Moreover,
because the demolition work is performed outdoors, the
working environment is not constant due to the effects of
sunlight and other factors. Therefore, the rebar and gable
recognition system must be robust to the effects of shape,
color, and sunlight.

This accuracy evaluation used real images and model
images of rebars and concrete lumps. The model images
were collected with the rebar and concrete lump models
randomly placed within 0.5 m to 1.5 m from the RGB-D
camera. The SLIC algorithm was applied to all these images.
The generated superpixel images were labeled as correct for
all images: 8709 real rebar images, 8709 real concrete lump
images, 2376 rebar model images, and 2625 concrete lump
model images. 75% of the superpixel images database were
used as training data and 25% of that were used as test data
to evaluate the accuracy of the discrimination system. Figure
7 shows the superpixel images of real rebars and concrete
lumps, and Fig. 8 shows the superpixel images of them. To
evaluate the effect on the accuracy of the system from the
sunlight, the experiment used the shade image where the
model was in the shade and the sun image where the model
was in the sun. To evaluate the robustness of the model
under a sunlight environment, 1000 sun images were used
as training images, and 250 sun images were used as test
images (sun model). Also, 1000 shade images were used as
training images and 250 sun images were used as test images
(shade model). The examples of superpixel images used in
the accuracy evaluation are shown in Fig. 9 for the model
images in the sun and in Fig. 10 for the model images in the
shade.

Several filter banks consisting of Gabor filters with dif-
ferent parameters were prepared, and the discrimination
accuracy was evaluated for each of them. The parameter
choices for the Gabor filters are as follows:

• wavelength: λ =
√
2, 2

√
2, 3

√
2,

• standard deviation: σ = 0.5λ, σ = 0.7λ,
• angle: θ = π

8 ,
2π
8 , 3π

8 , 4π
8 , 5π

8 , 6π
8 , 7π

8 ,
• spatial aspect ratio: γ = 0.5,
• kernel size: N = 21.

The parameters θ, γ, and N were fixed and applied to all
Gabor filters created. Six filter banks were created when λ
was uniquely selected, and two filter banks were created
when all three λ parameters were combined. The experiment
also evaluated the accuracy of adding the RGB value of each
pixel to the features.

The discrimination accuracy A is defined as follows:

A =
T

n
, (6)

where n is the number of all test images and T is the number
of images for which the predicted class matches the true
class.

B. Experimental result
Table II shows the accuracy of the discriminator when

discriminating between images of actual rebar and concrete

(a) Images of real rebars.

(b) Images of real concrete lumps.

Fig. 7. Superpixel image examples of real rebars and concrete lumps.

TABLE II
DISCRIMINATION ACCURACY FOR IMAGES OF REAL OBJECTS

λ σ = 0.5λ σ = 0.7λ
√
2 0.870 0.846

2
√
2 0.888 0.850

3
√
2 0.873 0.828

√
2, 2

√
2, 3

√
2 0.894 0.874

lumps for the Gabor filter parameter configurations described
above. According to Table II, the relationship with σ = 0.5λ
is more accurate than the relationship with σ = 0.7λ. Since
the σ parameter expresses the standard deviation of the
Gaussian function, the smaller σ is, the more elongated the
Gaussian function is. A Gabor filter with σ = 0.5λ is more
undulating than a filter with σ = 0.7λ, and therefore more
strongly extracts specific frequencies in the image. Therefore,
the discriminator is considered to be more accurate when σ =
0.5λ. Since λ extracts frequencies contained in the image, the
accuracy varies depending on the image being handled. For
the images used in this study, the discriminator was highly
accurate when λ = 2

√
2. The accuracy was also higher when

three scales were combined, such as λ =
√
2, 2

√
2, 3

√
2.

For the accuracy validation, rebar images at various scales
were collected. Therefore, it is considered that a filter bank
combining multiple λs, from which features can be extracted
at multiple scales, would have resulted in higher accuracy.

Table III shows the accuracy of the discriminator when the
images of the models of rebar and concrete lumps (indoor
environment) are used for discrimination. The validation in
Table III was conducted using model images for training and
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(a) Images of rebar models.

(b) Images of concrete models.

Fig. 8. Superpixel image examples of models of rebars and concrete lumps.

TABLE III
DISCRIMINATION ACCURACY FOR IMAGES OF MODEL OBJECTS

λ σ = 0.5λ σ = 0.7λ
√
2 0.998 0.996

2
√
2 0.994 0.989

3
√
2 0.993 0.986

√
2, 2

√
2, 3

√
2 0.996 0.992

testing. Therefore, the classification was very accurate. The
relationship between σ and λ was the same as for the real
rebar and concrete images, with σ = 0.5λ being the best. In
the model image, the highest accuracy was obtained when
λ =

√
2. The method that combines three scales has a lower

accuracy than the filter bank with one scale. This is because
the model images were collected from 0.5 m to 2.0 m from
the camera, and there were fewer images with different
scales than the real object images. In addition, the method
of combining multiple scales increases the dimensionality of
the feature vectors, which squeezes the memory and reduces
the computation speed. Therefore, if the scale of the captured
object is relatively constant from the camera’s point of view,
there is no need to combine multiple scales.

Table IV shows the accuracy of the discriminator when
the images of the models in the sun are used for learning
and evaluation (sun model). According to Table IV, the best
results were obtained when σ = 0.5λ and λ =

√
2, similar

to the results obtained with the images of the model in the
indoor environment, whose results are presented in Table 2.
The results for multiple λ combinations were slightly inferior
to those for the above best result. This is because the sun

(a) Images of rebar models.

(b) Images of concrete models.

Fig. 9. Superpixel images of rebar and concrete lump models in sun.

TABLE IV
DISCRIMINATION ACCURACY FOR IMAGES OF SUN MODEL

λ σ = 0.5λ σ = 0.7λ
√
2 0.996 0.994

2
√
2 0.976 0.982

3
√
2 0.974 0.956

√
2, 2

√
2, 3

√
2 0.984 0.984

model was taken in the same distance between camera and
model as when the model was taken indoors.

Table V shows the accuracy of the discriminator when
the images of the models in the shade are used for learning
and the images in the sun are used for the evaluation
(shade model). According to Table V, the best results were
obtained when λ =

√
2, but the results for σ = 0.5λ and

σ = 0.7λ were equally accurate. The results for multiple λ
combinations were slightly inferior to those for the result of
λ =

√
2. This is because the shade model was taken in the

same distance between camera and model as when the model
was taken indoors. In addition, the shade model was slightly
inferior to the sun model (Table IV) because the training
and test data for this shade model used data from different
shooting environments. However, the drop in discrimination
accuracy was 2.0% for λ =

√
2, 1.0% for λ = 2

√
2, 1.6%

for λ = 3
√
2, and 1.4% for multiple λ (when σ = 0.5λ).

This means that our method is robust against sunlight.
Finally, it was confirmed that the automatic piloted con-

struction equipment could recognize rebars by the proposed
system and remove them (Fig. 11). The distance to the
recognized rebar was measured using a depth camera. As a
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(a) Images of rebar models.

(b) Images of concrete models.

Fig. 10. Superpixel images of rebar and concrete lump models in shade.

TABLE V
DISCRIMINATION ACCURACY FOR IMAGES OF SHADE MODEL

λ σ = 0.5λ σ = 0.7λ
√
2 0.978 0.978

2
√
2 0.966 0.962

3
√
2 0.958 0.942

√
2, 2

√
2, 3

√
2 0.970 0.968

result of the experiment, the construction machine was able
to magnetically adhere to the rebar in all 30 trials.

IV. CONCLUSIONS

This paper described a method for discriminating between
concrete lumps and rebars to automate the work of breaking
small pieces of concrete by construction equipment. The
discriminator divides the input image into superpixels using
SLIC, extracts features from them using a Gabor filter,
and discriminates rebar and concrete lumps using SVM.
Experimental results showed that the discrimination accuracy
was 89.4% for the real object images. In an experiment using
a construction machine to automatically remove the rebar
models, a 100% removal rate was achieved.
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