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Abstract— In machine vision-based surface inspection tasks,
defects are typically considered as local anomalies in homogeneous background. However, industrial workpieces commonly
contain complex structures, including hallow regions, welding
joints, or rivet holes. Such obvious structural interference will
inevitably cause a cluttered background and mislead the classification results. Moreover, the sizes of various surface defects
might change significantly. Last but not least, it is extremely
time-consuming and not scalable to capture large-scale defect
data sets to train deep CNN models. To address the challenges
mentioned earlier, we first proposed to incorporate multiple
convolutional layers with different kernel sizes to increase the
receptive field and to generate multiscale features. As a result,
the proposed model can better handle the cluttered background
and defects of various sizes. Also, we purposely compress the
size of parameters in the newly added convolutional layers for
better learning of defect-related features using a limited number
of training samples. Evaluated in a newly constructed surface
defect data set (images contain complex structures and defects
of various sizes), our proposed model achieves more accurate
recognition results compared with the state-of-the-art surface
defect classifiers. Moreover, it is a lightweight model and can
deliver real-time processing speed (>100 frames/s) on a computer
equipped with a single NVIDIA TITAN X Graphics Processing
Unit (12-GB memory).
Index Terms— Cluttered background, convolutional neural
network (CNN), defect classification, feature extraction, multireceptive field (MRF), surface inspection.

I. I NTRODUCTION

S

URFACE defects of raw materials (e.g., steel, plastics,
and stones) cause a reduction of corrosion resistance,
plasticity, and fatigue limit [1] and thus decrease the quality of
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the final product. Surface defect inspection plays an important
role in many industrial production tasks, providing an essential
functionality to reduce resource waste and eliminate risk to
human safety [2], [3]. However, it is highly subjective, laborintensive, and time-consuming to train/deploy human inspectors to perform visual quality inspection on a daily basis [4].
Therefore, it is critically important to develop accurate and
fully automatic machine vision-based inspection solutions for
assisting or replacing the decisions made by human experts.
In the past decades, many machine vision-based surface
inspection methods have been proposed for noncontact, nondestructive, and fully automatic defect detection/classification
of various surface textures. Statistical approaches extract distinctive features of texture images based on autocorrelation
function [5], co-occurrence matrix [6], and multiple fractal
features [7]. Spectral approaches build the high-level representation of defects using feature extraction techniques, including
Fourier transform [8], Gabor filters [9], and wavelet transform [10]. Then, various feature classifiers, such as thresholding scheme [11], support vector machine (SVM) [12], Markov
random fields (MRFs) [13], and neural networks (NNs) [14],
are utilized to differentiate defect and normal image patches.
However, the performance of the abovementioned techniques
heavily depends on how well the handcrafted features can
depict the visual characteristics of surface defects. It is a
challenging task to design the optimal feature representations
and achieve accurate recognition results in the presence of
“interclass” similarity and “intraclass” diversity of surface
defects [15].
Recently, convolutional neural networks (CNNs) models
have significantly boosted the performance of various computer vision tasks, including object detection [16], [17], image
segmentation [18], and face recognition [19]. Given a number
of training samples, CNNs automatically construct hierarchical
features by assembling low-level features to generate highlevel representations. Krizhevsky et al. [20] proposed the first
deep CNN model (AlexNet), which is a graphics processing
unit (GPU) implemented, to achieve high-accuracy classification results in the ImageNet LSVRC 2010 contest. The
Visual Geometry Group (VGG) at Oxford University further
presented a very deep CNN model (VGG NNs) that is commonly utilized as a backbone architecture to facilitate other
computer vision tasks [17]. He et al. [16] proposed a novel
residual architecture to improve the training of very deep CNN
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models and achieve higher accuracy by increasing network
depths. A noticeable drawback of the abovementioned deep
CNN models is that they contain a large number of parameters
and cannot deliver real-time speed. Iandola et al. [21] proposed a lightweight CNN model (SqueezeNet) that achieves
the equivalent accuracy of AlexNet while using significantly
fewer parameters (i.e., model size of SqueezeNet is less
than 0.5 MB). Other lightweight CNN models, including
MobileNet [22] and ShuffleNet [23], also attempted to make
a good balance between performance and efficiency.
The recent successful application of CNN models on various computer vision tasks (e.g., target detection and object
recognition) has inspired new developments to build accurate
and fully automatic industrial inspection systems. Li et al. [24]
built up an end-to-end (ETE) surface defects recognition system that generates saliency maps as the classification results of
seven types of steel strip defects. Ren et al. [25] obtained pixelwise prediction by convolving the trained multinomial logistic
regression classifier over input image. However, they directly
apply the pretrained Decaf model [26] for defect-specific
feature extraction. Fu et al. [27] proposed a compact yet effective CNN model, which emphasizes the fine-tuning of lowlevel features and incorporates multireceptive fields (MRF),
to achieve fast and accurate steel surface defect classification.
Note that the surface defects are typically considered as local
anomalies in homogeneous background [25], [27], which is
not satisfied in many practical industrial inspection tasks.
It is not a trivial task to develop deep learning-based surface
defects recognition approaches working reliably in real-world
inspection situations. Many industrial workpieces contain
obvious structural interference (SI) such as fastener holes, bolt
holes, welding joints, and grooves, incurring cluttered background to mislead the classification results. Discriminating
surface defects in a cluttered background is a challenging task.
Moreover, the size of various surface defects might change
significantly in the captured images, and thus, the proposed
CNN classification models are required to handle the defects
of various sizes. Finally, it is extremely time-consuming and
not scalable to capture large-scale defect data sets to train
deep CNN models. In this article, we propose a surface defect
detection and classification framework. It consists of three
major processing steps, including region of interest (ROI)
extraction, defects classification, and defect localization. First,
an ROI area is defined in a real-captured image of the
target workpiece via background segmentation and template
matching techniques. Then, the extracted ROI is uniformly
divided into a number of image patches, and each patch is
feed to a CNN-based model for surface defect classification.
Finally, spatially adjacent image patches with the same class
labels are merged to generate a location map to indicate the
positions of various surface defects. Note that the proposed
framework can be easily adopted to build accurate and fully
automatic industrial inspection applications. The core of our
proposed framework is a compact yet effective SqueezeNetbased model to accurately classify surface defects of various
sizes in the cluttered background. We incorporate multiple
convolutional layers with different kernel sizes to increase
the receptive field (RF) and generate multiscale features.
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Fig. 1.

Hardware setup of the image acquisition system.

Therefore, our proposed model can effectively handle cluttered background and defects of various sizes. Moreover,
we experimentally demonstrate that it is feasible to compress
the size of parameters in the newly added convolutional layers
and achieve improved recognition accuracy using a limited
number of training samples. Our experimental results are consistent with many previous research works, such as [28]–[30].
To evaluate the performance of the proposed defect classifier,
we further construct a new surface defect data set called
USB-SD. More specifically, we capture the images of Universal Serial Bus (USB) connectors that are made of reflective
stainless steel and contain complex structures (e.g., hallow
areas, welding joints, and rivet holes) and defects of various
sizes (e.g., Dent, Spot, Bright Line, and Scratch). The contributions of this article are summarized as follows.
1) We construct a new surface defect data set (USB-SD)
that contains the images captured in more practical
inspection situations. Different from many previous data
sets (e.g., hot-rolled steel [15], [31], wood [32], or fabric [33]), the target workpieces (USB connectors) contain complex structures, including hallow areas, welding
joints, and rivet holes. Moreover, the size of different
surface defects changes significantly in the USB-SD data
set, ranging from ∼50 pixels (e.g., Dent or Spot defects)
to >5000 pixels (e.g., Bright Line and Scratch defects).
2) We propose a SqueezeNet-based CNN model that
achieves more accurate recognition results compared
with the state-of-the-art defect classifiers [15], [24], [25],
[27], [34]. It incorporates multiple convolutional layers
with different kernel sizes to extract multiscale features
and achieve larger RFs. As a result, the proposed model
can better handle cluttered background and defects of
various sizes. Moreover, we experimentally demonstrate
that compressing the size of the extracted multiscale
features leads to better training of defect-related features
using a limited number of samples.
The rest of this article is organized as follows. Section II
presents the details of our visual inspection system and the
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Fig. 2.

(a) Data capturing and labeling process and (b) some sample images of the USB-SD data set.

constructed USB-SD data set. Section III presents the details
of the proposed surface defect detection/classification framework. Section IV provides the implementation details of the
proposed CNN models. A systematic performance analysis of
the proposed SN-MRF-CC model and its comparison with the
state-of-the-art alternatives is provided in Section V and VI.
Finally, Section VII concludes this article.
II. I MAGE ACQUISITION S YSTEM C ONFIGURATION
AND USB-SD DATA S ET
The hardware configuration of the image acquisition system
is shown in Fig. 1. A 2448 × 2048 monochrome industrial
camera and a 260-mm working distance telecentric lens are
utilized for image capturing. In many industrial inspection
tasks, the telecentric lens provides a better alternative to
fixed focal length lenses due to their low distortion and
invariant magnification. The illumination device provides light

stimulation to make the insignificant surface defects visually
more obvious. We experimentally evaluated the lighting effects
of red and blue color light sources with 30◦ and 60◦ incident
angles. It is noted that defects on the highly reflective metallic
surface can be better visualized by deploying a blue light
source with shorter wavelength and setting a larger incident
angle. As a result, a blue annular light-emitting diode (LED)
lighting deceive with a 60◦ incident angle is used in our
system. The USB connectors are placed in a fixture platform
so that the charge-coupled device camera can adequately cover
the entire workpieces.
As shown in Fig. 2(a), the full-size image is uniformly
cropped into a number of 200 × 200 image patches, and then,
all image patches are manually labeled by a human inspector.
The USB-SD data set contains 8100 grayscale images of the
normal metallic surface and six typical defects (i.e., Bright
Line, Deformation, Dent, Scratch, Spot, and Stain). The
training data set contains 6000 images in total, in which
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TABLE I
N UMBER OF M ANUALLY L ABELED I MAGE PATCHES PER C LASS .
I N T OTAL , T HERE A RE S EVEN T YPES OF S AMPLES I NCLUDING
N ORMAL (N R ), B RIGHT L INE (BL), D E F ORMATION (DF),
D ENT (D E ), S CRATCH (S C ), S POT (S P ), AND S TAIN (S T )
IN THE USB-SD D ATA S ET. W E A LSO C OUNT THE
N UMBER OF I MAGE S AMPLES W ITH /W ITHOUT
O BVIOUS SI IN E ACH C LASS

2400 images are captured of the defect-free surfaces and
3600 samples are obtained covering six different defect types
(Bright Line, Deformation, Dent, Scratch, Spot, and Stain).
Since surface defects typically occur in low probability, it is
impractical to capture the normal and defect images of equal
numbers in practical industrial inspection applications. For
the testing data set (2100 images in total), we collect a new
batch of USB connectors and capture 300 samples for the
normal surface and six types of defects. Note that image
patches in the training and testing data set are captured using
different batches of workpieces. Table I shows the number
of manually labeled image patches per class (Normal, Bright
Line, Deformation, Dent, Scratch, Spot, and Stain) in the
USB-SD data set. The number of image samples with/without
obvious SI in each class is also calculated. Some sample
images of six types of defects and normal surface are shown
in Fig. 2(b).
In Fig. 3(a), we show the comparative samples in our
USB-SD and some other surface defect data sets [15],
[32], [33]. It is noted that the surface defects are typically considered as local anomalies in the homogeneous background in
many previous data sets (e.g., hot-rolled steel [15], wood [32],
or fabric [33]). In comparison, our target workpieces (USB
connectors) contain many complex structures, including hallow areas, welding joints, and rivet holes. Significant SI
will cause cluttered background in a large portion of the
input images, as shown in Fig. 3(b). Moreover, the size of
different surface defects changes significantly in the USB-SD
data set. As shown in Fig. 3(c), the size of Dent or Spot
defects is typically less than 50 pixels in a 200 × 200 image
patch. In comparison, Bright Line and Scratch defects might
cover a large portion of the image. We make use of images in
the USB-SD data set to evaluate the performance of different
models on classifying surface defects of various sizes in the
cluttered background.
III. P ROPOSED M ETHOD
The overall processing flow of the proposed surface defect
detection/classification framework is shown in Fig. 4. Given a
full-size input image, we first apply background segmentation

Fig. 3. Cluttered background and defects of various sizes in the USB-SD
data set. (a) Comparison of several surface defect data sets [15], [32], [33].
(b) Sample images without/with obvious SI. (c) Size of different surface
defects changes significantly in the USB-SD data set.

and template matching techniques to define an ROI area that
covers the target workpiece. The extracted ROI is uniformly
cropped into a number of image patches, and each patch is feed
to a CNN-based model to classify surface defects of various
sizes in the cluttered background. Note the proposed CNN
model is built on the pretrained SqueezeNet and further finetuned using the labeled images in the USB-SD data set in the
training stage. The trained CNN model computes a number
of confidence scores to predict the class label (i.e., Normal,
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Overall processing flow of the proposed surface defect detection/classification framework.

Bright Line, Deformation, Dent, Scratch, Spot, and Stain)
for each input image patch. Finally, image patches that are
spatially adjacent and have the same class label are merged to
generate a location map of various surface defects.
A. ROI Extraction
In practical industrial inspection situations, the location and
orientation of workpieces are typically not precisely fixed.
We design a simple yet effective image processing method to
define an ROI area in which the target workpiece is covered.
First, we apply the OSTU segmentation technique [35] to highlight the image regions corresponding to the target object. The
nonparametric OSTU algorithm calculates a single intensity
threshold by minimizing interclass intensity variance to divide
the input image into the foreground and background pixels.
Then, we compute the location and orientation of the target
workpiece in the captured image through template matching
of a predefined reference frame. For the USB connectors,
we select the region of two hallow windows as the reference
frame. Based on the computed orientation, we digitally rotate
the input image so that the target workpiece appears vertical
in the rectified image. Based on the physical size/shape of
workpieces, we use a rectangle bounding box to define an ROI
area covering the target workpiece and remove the redundant
background. The extracted ROI is uniformly divided into a
number of image patches, and each patch is feed to the CNN
model for defect classification.

of other very deep CNN models, such as VGG [17]
or ResNet [16]. It can achieve high-accuracy recognition results using significantly fewer parameters. Moreover,
the SqueezeNet model is easy to fine-tune, less prone to small
data set overfitting, and suitable for embedded system implementation. In this article, we adopt the pretrained SqueezeNet
model as the backbone architecture for accurate surface defect
classification. As shown in Fig. 5, the SqueezeNet contains
nine fire modules in which a squeeze convolution layer (using
1 × 1 filters) and two expand layers (using 1 × 1 and
3 × 3 filters) are deployed. The squeezeNet model is pretrained on ImageNet for the image classification of 1000 categories. Since the USB-SD data set only contains seven
categories of sample images (i.e., Normal, Bright Line, Deformation, Dent, Scratch, Spot, and Stain), we modify the number of output channels in the Conv-10 layer to 7 accordingly. A global average pooling (GAP) layer is used to
replace the fully connected layer, which is commonly adopted
in many CNN-based classification architectures, including
AlexNet [20] and VGG [17], to compute the average over the
13 ×13 slices to generate 1 ×1 ×7 tensors. The configurations
of individual layers/modules in the baseline SqueezeNet model
for surface defect classification on the USB-SD data set are
shown in Table II.
The parameters of SqueezeNet-based model are updated by
minimizing a multiclass loss function, which is defined as
L=−

B. Surface Defect Classification
The SqueezeNet is a lightweight architecture proposed by
Iandola et al. [21] to alleviate the computational inefficiency

7


tk log Pr(y = k)

(1)

k=1

where tk = 1 when the ground-truth label of an input image
is k; else, tk = 0. Pr(y = k) ∈ [0, 1] is the confidence score,
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Architecture of pretrained SqueezeNet model.
TABLE II

D ETAILED C ONFIGURATIONS OF I NDIVIDUAL L AYERS /M ODULES IN THE
S QUEEZE N ET-BASED M ODEL W HICH I S M ODIFIED FOR S URFACE
D EFECT C LASSIFICATION IN THE USB-SD D ATA S ET. T HE F ILTER
PARAMETERS A RE I NDICATED AS C × W × L , W HERE C I S
THE C HANNEL N UMBER , W I S THE K ERNEL W IDTH , AND
L I S THE K ERNEL L ENGTH . N OTE THE USB-SD D ATA
S ET O NLY C ONTAINS S EVEN C ATEGORIES OF
S AMPLE I MAGES , AND T HUS , W E S ET THE
N UMBER OF O UTPUT C HANNELS
IN THE C ONV-10 L AYER
TO 7 A CCORDINGLY

which is calculated by utilizing the softmax function as
eGk
Pr(y = k) = 7
j =1

eG j

(2)

where G k denotes the kth output of GAP layer. Note that the
confidence score Pr(y = k) predicts the existence of a defect
of kth category in an image (e.g., the USB-SD data set contains
seven categories of surface samples).
In many industrial inspection tasks, the target workpieces
obtain obvious SI, such as fastener holes, bolt holes, grooves,
or welding joints. Significant SI will cause a cluttered background in a large portion of the input images and mislead
the classification results. Moreover, the size of different types
of defects changes significantly in the USB-SD data set. For
instance, the size of Dent or Spot defects is typically less
than 50 pixels, whereas Bright Line and Scratch defects might
cover a large portion of the image (>5000 pixels). To better
handle the cluttered background and defects of various sizes,
we propose to add an MRF module after the last feature
extraction module (Fire 9) to achieve larger RFs. As shown in

Fig. 6, we incorporate multiple convolutional layers (MRF-a,
MRF-b, and MRF-c) with different kernel sizes (1 × 1, 3 × 3,
and 5 × 5) to achieve larger RFs. In CNN models, the RF
defines the region in the input space that a particular neuron
of the current convolutional layer is referring to. The RF Ri
of the i th convolutional layer is calculated as
Ri = Ri−1 + (ki − 1) ×

i


si

(3)

i=1

where R1 = k1 and ki and si are the kernel size and stride of
the i th convolutional layer, respectively. The RFs of MRF-b
and MRF-c layers are increased from 127 (MRF-c) to 159 and
191 by using 3 × 3 and 5 × 5 kernels, respectively.
All input features within an RF contribute to the formulation
of the output feature. Therefore, setting a larger RF can
improve the capability of CNN models to extract semantic
features that are more robust to clutter background. Moreover, we propose to integrate the outputs of multiple layers
with different RFs (e.g., MRF-a, MRF-b, and MRF-c layers)
through concatenation fusion to generate multiscale features
and improve the classification accuracy for surface defects of
various sizes. The short connection is added between multiplestacked layers to backpropagate gradient signals directly from
the higher level layers to lower level ones, alleviating the gradient vanishing/exploring problem [16]. Since MRF-a, MRF-b,
and MRF-c layers are randomly initialized, we purposely
decrease the number of parameters in the newly added layers
(setting the channel number of MRF-a, MRF-b, and MRF-c
layers to a smaller number) to achieve better training of defectrelated features using a limited number of samples.
To sum up, we made two important modifications to the
pretrained SqueezeNet model to improve recognition accuracy
including incorporating multiple convolutional layers with
different kernel sizes to extract multiscale features and achieve
larger RFs and compressing the parameter of the newly added
convolutional layers to achieve more efficient training and
to alleviate small data overfitting. The effectiveness of the
proposed modifications is systematically evaluated on the
USB-SD data set in Section V.
IV. I MPLEMENTATION D ETAILS
The publicly available Caffe platform is used for the proposed CNN model implementation [36]. We use 2400 normal
and 3600 defect images (600 samples for each defect category)
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TABLE III
R ECOGNITION A CCURACY (%) OF S QUEEZE N ET-BASED M ODELS I NCORPORATING D IFFERENT MRF M ODULES (SN-MRF-1, SN-MRF-1+3,
AND SN-MRF-1+3+5). T HE M AXIMUM RF (M AX RF) OF T HREE D IFFERENT M ODELS A RE 127, 159, AND 191, R ESPECTIVELY

TABLE IV
C OMPARATIVE R ESULTS OF SN-MRF M ODELS I NCORPORATING C ONVOLUTIONAL L AYERS W ITH D IFFERENT C HANNEL N UMBERS (Cn )

is defined as the percentage of correctly classified image
patches in each class [15], [24], [25], [27].
V. P ERFORMANCE A NALYSIS

Fig. 6. Incorporating multiple convolutional layers (e.g., MRF-a, MRF-b,
and MRF-c layers) with different kernel sizes to achieve larger RFs.

for model training. The pretrained SqueezeNet model [21] is
utilized to initialize the weights of certain convolutional layers
in our CNN model, such as Conv1 and nine fire modules
(Fires 1–9). The parameters of modified or newly added
convolutional layers, including Conv10, MRF-a, MRF-b, and
MRF-c, are randomly initialized with a Gaussian distribution.
The batch size is set to 32. The maximum training iteration
is set to 2000. The learning rate (LR) is initially set to
0.001 and is reduced according to a polynomial formula.
The training process is performed using the stochastic gradient descent (SGD) training policy [37] with a momentum
of 0.9 and a weight decay of 0.0002. The proposed model
is trained on a NVIDIA TITAN X GPU (12-GB memory)
within 30 min. In the testing phase, we use 2100 images
(300 samples for each class) for performance evaluation. The
defect class with the highest confidence score is predicted as
our classification result. The performance of defect classifiers
is evaluated by computing the recognition accuracy (%), which

To better handle cluttered background and defects of various
sizes presented in the USB-SD data set, we propose to
incorporate a number of convolutional layers with different
RFs to the baseline SqueezeNet model. Here, we consider
a number of alternatives to add convolutional layers, including SN-MRF-1 (adding a single convolutional layer with a
1 × 1 kernel), SN-MRF-1+3 (adding convolutional layers
with 1 × 1 and 3 × 3 kernels), and SN-MRF-1+3+5 (adding
convolutional layers with 1 × 1, 3 × 3, and 5 × 5 kernels).
Note here that the channel number of these newly added
convolutional layers is set to 256, which is consistent with
the default channel setting in the SqueezeNet model. The
comparative results are shown in Table III. It is observed that
higher recognition accuracy is achieved by setting a larger RF
and integrating multiscale features (SN-MRF-1+3+5 92.5%
versus SN-MRF-1+3 91.9% versus SN-MRF-1 91.4%). Such
improvement is particularly obvious for the classification of
defects of larger sizes (e.g., Deformation: 86.0% versus 84.3%
and Stain 96.7% versus 95.3%).
A large number of labeled samples are typically required to
train a CNN model for accurate defect classification. However,
such practice often requires large-scale image capturing and
annotations, which is costly and unscalable, since inspection
requirements change from task to task. In this article, we propose to reduce the number of parameters in the newly added
layers so that they can be efficiently trained using a few
hundreds of sample images. In experiments, the channel number (Cn ) of convolutional layers in the MRF module is set to a
number of values, and their comparative results (accuracy %)
are shown in Table IV. We experimentally demonstrate that
it is feasible to achieve both higher classification accuracy
and faster running time by reducing the size of parameters in
the newly added convolutional layers (setting lower channel
numbers). The recognition accuracy increases from 92.5%
to 95.3% when the channel number of MRF-a, MRF-b,
and MRF-c layers decreases from 96 to 6. A reasonable
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TABLE V
C LASSIFICATION A CCURACY (%) OF VARIOUS S TATE - OF - THE -A RT D EFECT C LASSIFIERS AND D EEP L EARNING -BASED M ODELS IN THE
USB-SD D EFECT D ATA S ET. T HE T OP T HREE R ESULTS A RE H IGHLIGHTED IN R ED , B LUE , AND G REEN , R ESPECTIVELY

explanation for this phenomenon is that randomly initialized
convolutional layers with fewer parameters are more efficient
to train, alleviating small training data overfitting. Moreover,
the model integrating six-channel MRF-a, MRF-b, and MRF-c
layers is significantly smaller than the one using 96-channel
convolutional layers in the MRF module (Cn = 6− 3.1 MB
versus Cn − 96 = 9.9 MB).
Based on the abovementioned performance analysis experiments, we design an SN-MRF-CC model by integrating
an MRF module (adding convolutional layers with 1 × 1,
3 × 3, and 5 × 5 kernels) to the pretrained SqueezeNet
model and performing feature channel compression (setting
the channel number of newly added MRF-a, MRF-b, and
MRF-c layers to 6).
VI. C OMPARISONS W ITH S TATE OF THE A RTS
We compare the proposed SN-MRF-CC model with a
number of state-of-the-art surface defect recognition methods
[15], [24], [25], [27], [34], [38]. We consider three traditional feature extraction techniques, including gray-level cooccurrence matrix (GLCM) [38], adaptive extended local
ternary pattern (AELTP) [34], and adjacent evaluation completed local binary patterns (AECLBP) [15]. The handcrafted
features are feed to SVM, nearest neighbor clustering (NNC),
and multiple linear regression (ML) for defect classification. Source codes or pretrained models of these feature
extractors and classifiers are publicly available. There are a
number of deep learning-based surface defect classification
methods. In our experiments, we consider the ETE CNN
model proposed by Li et al. [24], the Decaf model-based
approach (DECAF+MLR) proposed by Ren et al. [25], and
the SqueezeNet-based model proposed by Fu et al. [27]. These
CNN models are reimplemented according to the original
articles and trained/tested based on the USB-SD data set
without any data augmentation techniques.
The comparative results are shown in Table V. It is noted
that the deep learning-based methods generally perform better
than the classification models built on handcrafted features,
achieving higher recognition accuracy for various surface
defects. The experimental results verify the finding that the
learned features can provide better representations of target
objects (e.g., surface defects) than handcrafted ones [17], [20].

Fig. 7.
Confusion matrix, precision, and recall of our SN-MRF-CC
model evaluated on the USB-SD data set that contains seven categories of
surface images, including Normal (Nr), BrightLine (BL), DeFormation (DF),
Dent (De), Scratch (Sc), Spot (Sp), and Stain (St) images.

Another interesting finding is that the built-from-scratch ETE
model does not perform well on the USB-SD data set. The
underlying reason is that parameters of ETE are randomly
initialized and cannot be adequately fine-tuned using a small
defect-specific image data set [25]. In comparison, Ren et al.
proposed to directly apply the pretrained Decaf model [26]
without parameter fine-tuning to extract the features that are
suboptimal for surface defect classification task. To minimize
data labeling effort and maximize classification accuracy,
it is reasonable to build a classifier based on a pretrained
CNN model and then use a small amount of defect-specific
training samples to fine-tune its parameters. Compared with
another state-of-the-art defect classifier SDC-SN [27], the proposed SN-MRF-CC model further improves its classification
accuracy by incorporating multiple convolutional layers with
different kernel sizes to increase the RF and generate multiscale features. Many research articles are utilizing multiple

8040

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 69, NO. 10, OCTOBER 2020

Fig. 8.

Some misclassified images. Green and red indicate the correct (manually labeled) and incorrect classification results, respectively.

Fig. 9.

Some comparative detection/classification results for entire workpieces (USB connectors).

TABLE VI
RUNNING T IME (C LASSIFICATION OF 200 × 200 I MAGES ), M ODEL S IZE ,
AND R ECOGNITION A CCURACY OF VARIOUS D EEP L EARNING -B ASED
A PPROACHES [24], [25], [27] ON THE USB-SD D ATA S ET

convolutional layers with different kernel sizes to extract
multiscale features to improve the performances in other computer vision tasks [39]–[41]. Such improvement is particularly
evident for the defects of larger sizes (e.g., SN-MRF-CC
98.0% versus SDC-SN 90.7% for the large-size Stain defects).
In Table VI, we show the running time, model size, and recognition accuracy of various deep learning-based approaches.
Overall, the ETE model [24] contains the fewest parameters,
while its classification accuracy is significantly lower than
other alternatives. Our proposed SN-MRF-CC model achieves
the highest classification accuracy using fewer or comparable
number of parameters. On a computer equipped with a single
NVIDIA TITAN X GPU (12-GB memory), the SN-MRF-CC
model can process over 100 200 × 200 image patches per second. It is also worth mentioning that the proposed framework
takes less than a second to acquire, transmit, preprocess, and
classify a full-size input image of a USB connector. In comparison, it takes 5–10 s for a human inspector to perform

a similar quality inspection task. The proposed framework
can be easily adopted to build accurate and fully automatic
industrial inspection applications.
To systematically investigate the classification results of
different defect categories, we calculate the confusion matrix,
precision, and recall of our SN-MRF-CC model on the
USB-SD data set in Fig. 7. In this confusion matrix, the first
column indicates the ground-truth defect categories and the
numbers in each row record the prediction results of our
model. Note that all correct predictions should be recorded in
the diagonal cells of the confusion matrix. Overall, our method
can achieve high-accuracy recognition results for different
defect types. Some examples of misclassified images are given
in Fig. 8. As shown in the first and second columns in Fig. 8,
a number of defect samples are misclassified as normal ones
when their visual characteristics are insignificant. It is also
observed that some defects existing on the boundary areas
are not correctly identified, as shown in the third and fourth
columns in Fig. 8. In this article, our SN-MRF-CC model only
outputs single-class predictions; and therefore, image patches
contain the defects of multiple categories cannot be correctly
classified, as illustrated in the fifth and sixth columns in Fig. 8.
In the future, we plan to construct/utilize a larger defect data
set and a more comprehensive model to distinguish between
defect and normal image samples.
After performing defect classification of individual image
patches, we merge the results that are spatially adjacent and
have the same class label to generate a location map to predict
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the existence of various defects on the surface of a workpiece.
Fig. 9 shows some comparative detection/classification results
for different USB connectors. It is noted that a single workpiece might contain multiple types of surface defects located
in different image positions. Compared with other state-ofthe-art deep learning-based methods [24], [27], our proposed
SN-MRF-CC can correctly classify various types of defects,
as shown in the first and second columns in Fig. 9. Moreover,
it can generate precise bounding boxes to highlight the location
of defects, as shown in the third and fourth columns. Finally,
our SN-MRF-CC model contains convolutional layers with
different kernel sizes to increase the RF and to generate
multiscale features. Thus, it can successfully handle the defects
of various sizes, as shown in the fifth and sixth columns
in Fig. 9.
VII. C ONCLUSION
In this article, we propose a framework for automatic and
machine vision-based surface defect detection/classification.
The core of our proposed method is a compact yet effective SqueezeNet-based model, which can accurately classify
surface defects of various sizes in the cluttered background.
We made two important modifications to the pretrained
SqueezeNet model. First, we propose to incorporate multiple
convolutional layers with different kernel sizes to extract multiscale features and achieve larger RFs. Second, we reduce the
parameter of the newly added convolutional layers to achieve
more efficient training and to alleviate small data overfitting.
The effectiveness of the proposed modifications is systematically evaluated on a newly construed USB-SD data set.
Sample images in the USB-SD data set contain the cluttered
background caused by SI, and the size of different surface
defects changes significantly. Our proposed SqueezeNet-based
model achieves more accurate recognition results compared
with the state-of-the-art surface defect classifiers. Moreover,
it is a lightweight CNN model and can process 100 frames/s
on a computer equipped with a single NVIDIA TITAN X GPU
(12-GB memory).
To develop practical industrial inspection systems, we plan
to build a more stable fixture platform to alleviate the vibration
effects caused by other machineries in a factory. Moreover,
it is critical to generate stable illumination stimulation for
accurate classification/detection of various surface defects.
It is possible to utilize a black-box device to decrease the
impact of irrelevant light sources in a typical manufacturing
environment. We plan to investigate new machine learning
techniques (e.g., incremental learning [42], [43]) to adapt the
CNN-based model for new classification tasks using a small
number of new training samples. It is also worth investigating how to improve the existing semantic segmentation
techniques [18], [44], [45] for fast and accurate pixelwise
surface defect detection/classification in industrial inspection
tasks.
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