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Abstract. Deep learning methods based on YOLOV4 are widely used for defect detec-
tion. Still, problems with large backbone networks and high computation make it difficult
to deploy on mobile-embedded devices with limited computing power. In this paper, we
propose a DC-EMV2YOLOV4 model based on Deep Convolutional Generative Adversar-
ial Network (DCGAN) to improve the sample quality imbalance problem. Meanwhile, it
follows the EMV2-YOLOV4 model structure with an effective channel attention network
for defect detection tasks. To improve the accuracy of the model for hard-to-detect defect
classes under deployment requirements, the experiments use the generative adversarial
network for sample expansion and accuracy improvement. The average accuracy of the
final reconstructed image is the highest in all defect types of GCT10 and NEU, two types
of metal surface defect datasets, with mAP of 0.747 and 0.862, respectively, which is
higher than the detection accuracy of other detection networks. The DC-EMV2YOLOV4,
compared to the EMV2-YOLOV4 model, increased the mAP values by 6.3% and 0.7% on
both datasets, respectively. The number of parameters and inference time can meet the
requirements of lightweight deployment and accuracy of metal surface defect detection.
Keywords: Defect detection, DC-EMV2YOLOV4, Reconstructed image, Lightweight

1. Introduction. Deep learning methods have played a role in industrial image detec-
tion, with good results achieved through convolutional neural network training for feature
extraction and classification [1,2] in recent years. Based on traditional vision inspection
detection’s high cost and low fitness problems, Balcioglu et al. [3] used the Deep Convo-
lutional Neural Network (DCNN) approach for defect detection on gear metal manufac-
turing surfaces to meet the durability and efficiency requirements. However, there is still
space for improving defect detection compared to the generic DCNN model. The reflective
properties of general metal surfaces affect the accuracy of detection algorithms. Zhang
et al. [4] used Mask R-CNN network to construct a surface defect detection system for
mirror parts and performed migration learning with a small number of samples. However,
there are problems of slow detection speed and low real-time performance in two-stage de-
tection. Recently, originating from GAN’s powerful capability in image generation, many

DOI: 10.24507/ijicic.19.02.447

447



448 X. XIE, C. LI, Y. LIU, J. SONG, J. AHN AND Z. ZHANG

GAN-based works are also applied to surface defect sample generation. Deep Convolu-
tion Generative Adversarial Network (DCGAN) [5] is able to expand the negative sample
dataset and improve the accuracy of the defect detection algorithm.
A computer vision method with YOLO series single-stage detection achieved the ex-

traction and classification of defective features. Cheng et al. [6,7] improved the YOLOV3
algorithm for small-size targets and introduced DIOU to accelerate model convergence
to lift small-target defect feature recognition. However, the average detection rate and
accuracy were still not high. Adding a visual attention mechanism to the defect detec-
tion algorithm can significantly lift feature extraction and defect detection accuracy. Hu
et al. [8] proposed that the SENet (Squeeze-and-Excitation Network) mainly improves
the network’s performance by modeling the channel relationships, but it does not fully
use global contextual information. The YOLO model can greatly enhance the detection
accuracy requirements and achieve real-time detection speed to meet industrial needs.
Therefore, many scholars have addressed the problems of insufficient information process-
ing capability at small scales and the tricky balance between detection accuracy and speed
in the improvement based on the YOLO model. In the modified YOLOV4 [9] model pro-
posed by Liu et al. [10], the K-means clustering method is used to redefine the confidence
loss as well as the MobileNetV3 lightweight network to replace the YOLOV4 backbone
feature extraction network. However, the poor detection effect due to sample imbalance
is not addressed, and the accuracy does not meet the online detection requirements. To
achieve the balance between accuracy and speed in aluminum strip defect inspection, Ma
et al. [11] proposed a lightweight detection method based on an attention mechanism. The
backbone network from the YOLOV4 model was replaced with YOLO-DCSAM. Even-
tually the detection speed achieved greatly improved. However, the model parameters
are complex in small-scale defect detection, and the lower frame rate leads to a slower
operation speed problem.
Therefore, the paper proposes the improved DC-EMV2YOLOV4, which has achieved

the latest results in defect morphology detection. DC-EMV2YOLOV4 effectively balances
the detection accuracy and real-time dynamic performance of metal-like products with
surface defects. Our main contributions include the following.
(i) This paper proposes the DC-EMV2YOLOV4, a lightweight defect inspection model

for metal surfaces based on the EMV2-YOLOV4 [12] algorithm. We continue with an
ECA-MobileNetV2 (EMV2) backbone to enhance feature extraction from multi-category
morphology by replacing MobileNetV2 network with an ECA module. Finally, the algo-
rithm can solve the problem of the low accuracy of small-scale defect recognition.
(ii) We design to reconstruct the defective sample dataset using the DCGAN approach

to improve the accuracy of the model. Eventually, the problem of low recognition rate of
the model due to insufficient negative samples is solved.
(iii) Experiments are conducted on the GCT10 and NEU datasets, the latest results

show that DC-EMV2YOLOV4 effectively solves the problem of low recognition accuracy
due to the influence of defect features by background pixels and brightness.
In this paper, we first introduce the background of the study and the proposed in-

novation in the introduction section. Then we introduce the dataset of DCGAN image
synthesis expanded samples and the basic model YOLOV4 in the methodology section,
based on which the improved EMV2-YOLOV4 model is obtained. In the third section, the
experimental environment is set up as well as the comparison of the frontier algorithms
and the comparative ablation experiments are made. Finally, the fourth section is the
paper’s conclusion, and the future improvement directions are discussed.
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2. Methodology.

2.1. Sample dataset expansion. In order to improve the quality and training stability
of GAN-generated samples, the classical DCGAN is used for image dataset expansion.
It is a neural network architecture that combines convolutional neural networks and un-
supervised learning. Combining convolutional networks with powerful feature extraction
and GAN specialized in learning data distribution can significantly improve the quality
of the generated samples. On the one hand, compared with normal GANs, DCGAN us-
es convolutional layers instead of fully connected and up-sampling. On the other hand,
Batch Normalization (BN) is applied to the network architecture, which maps the resul-
tant output of feature layers to a specific space and improves the training speed of the
model. The DCGAN model architecture is shown in Figure 1.

Figure 1. DCGAN model architecture

The G is a Generator responsible for capturing the probability distribution of the
training data and generating an actual image similar to the source image by simulating
the real morphological distribution of the sample space. The other one is a Discriminator
to discriminate whether it is synthetic data. The framework training process alternates
iterations similar to a gaming game, and the cycle repeats itself, eventually reaching
Nash equilibrium, leading to model convergence. Finally, the training data distribution
is successfully simulated to achieve the goal of generating real images. We use the NEU
dataset as an example for data generation objectives. The NEU dataset generation results
are shown in Figure 2.

2.2. YOLOV4 and ECA structure. YOLOV4 is the target detection algorithm that
upgrades the performance of the YOLO series. Based on the original target detection
framework, it has been optimized to enhance feature extraction, enhance network model
nonlinearity, and prevent overfitting, respectively. Many defects have been remedied dur-
ing the continuous iteration of the version. However, YOLOV4 has problems such as high
model complexity and low running speed on hardware devices. Therefore, the improved
YOLOV4 algorithm is proposed. The network architecture is shown in Figure 3.

Channel attention mechanisms have been shown to have great potential in improving
the performance of deep Convolutional Neural Networks (CNNs), with representative
approaches being SENet and Effective Channel Attention (ECA) networks for deep CNNs.

The SE module first employs global average pooling for each channel independently,
and following uses two Fully Connected (FC) layers and a nonlinear sigmoid function to
generate the channel weights as shown in Figure 4(a). The two FC layers are designed to
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Figure 2. NEU dataset generation results

Figure 3. YOLOV4 model structure

capture nonlinear cross-channel interactions, which involve dimensionality reduction to
control the complexity of the model. Although this strategy is widely used in subsequent
channel attention modules, dimensionality reduction can have side effects on channel
attention prediction, and dependencies are inefficient and unnecessary for capturing all
channels. The ECA attention mechanism uses a local cross-channel interaction strategy
without dimensionality reduction by considering each channel and its k nearest neighbors,
which effectively improves the feature extraction capability and efficiency of the detection
model.
As shown in Figure 4(b), after performing the channel-by-channel global average pooling

gap, ECA performs a one-dimensional convolution of convolution size k. As in Equation
(1), k represents local cross-channel interaction coverage. The k value is determined by an
adaptive method, as in Equation (2), and there is a nonlinear relationship between k and
the number of output channels c. Subsequently, the relationships between the convolution
kernel size k and the number of channels c and the hyperparameters γ and b are obtained
in Equation (3). The k represents local cross-channel interaction coverage. We set k as
the convolution kernel size, c as the number of output channels, as well as γ and b as the
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(a) (b)

Figure 4. Comparison of attention mechanism structure: (a) SE attention
mechanism; (b) ECA attention mechanism

model hyperparameters.

w =
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 (1)

c = ϕ(k) = 2(γ∗k−b) (2)

k = ψ(c) =

∣∣∣∣ log2(c)γ
+
b

γ

∣∣∣∣
odd

(3)

SENet uses Equation (4) sigmoid function as the activation function, which can de-
crease the speed of the inference process in the derivation and quantization. Compared
with the sigmoid function, the ReLu function enables the addition of grid-fitting nonlinear
mapping in the neural network. Still, the lack of upper limit value of ReLu tends to cause
gradient explosion. Introducing the empirical function Equation (5) ReLu6 as the tran-
sition function to construct the ECA Equation (6) h-sigmoid function as the activation
function can improve the convergence speed. As shown in Figure 5, the h-sigmoid function
is a segmented linear approximation of the logistic sigmoid activation function, which is
easier to compute than the ordinary sigmoid function and can effectively reduce the gra-
dient disappearance during the model training process, making the learning computation
faster.

sigmoid: σ(x) =
1

1 + e−x
(4)

ReLu6(x) = min(max(x, 0), 6) (5)

h-sigmoid: f(ReLu6(x+ 3)) =


1, (x > 3)

ReLu6(x+ 3)/6 + 0.5, (3 ≥ x ≥ −3)

0, (x < −3)

(6)

MobileNetV2 [13] network is a lightweight deep neural separable network model built
using deep separable convolution and inverse residual structure. Depth-Separable Convo-
lution (DwConv2D) consists of Depth-Wise Convolution (DW) and Point-Wise Convolu-
tion (PW), the number of convolution kernels is the same as the input channel, and the
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Figure 5. The sigmoid and h-sigmoid activation function contrast

Figure 6. Depth-Separable Convolutional (DwConv2D) structures

size is usually 3×3 in Figure 6. Equation (7) is the depth convolution DW, where G is the
output feature map, K is the convolution kernel ofW ×H, X is the input feature map, m
denotes the m channel of the feature map, and i, j denotes the coordinates of the output
feature map on the m channel. w, h are the coordinates of the convolution kernel weight
elements of the first channel. Point-by-point convolution is basically the same as normal
convolution, with the size of the convolution kernel set to 1 × 1. The depth-separable
convolution DwConv2D replaces the standard convolution with fewer parameters and less
computation, and the computation is only 1/9 of the standard convolution.

Gi,j,m =

W,H∑
w,h

Kw,h,m ·Xi+w,j+h,m (7)

The ECA-MobileNetV2 convolutional structure consists of a standard convolutional
module CBR (Conv-BN-ReLu), and multiple EIbneck (ECA Inverted bottleneck) stacked
convolutional blocks, as shown in Figure 7. Figure 7(a) shows the structure of EIbneck,
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(a)

(b)

Figure 7. The structure of the ECA-MobileNetV2: (a) The EIbneck struc-
ture from the ECA-MobileNetV2; (b) the backbone structure from the
ECA-MobileNetV2

which integrates the ECA block attention mechanism and the feature extraction network
of MobileNetV2. The CBR module is primarily run for feature extraction, followed by the
deep separable convolution module DwConv2D convolution of size 3×3 and Conv2D nor-
mal convolution for adjusting the number of channels. The output feature layer fuses the
final ECA block convolution operation. The EIbneck module combines the lightweight
feature of MobileNetV2 and the effective feature extraction capability of ECA. It is a light-
weight feature extraction network model with local cross-channel interaction, which can
effectively enhance useful feature information and suppress useless feature information,
improving the detection accuracy and efficiency of the model.

The backbone structure of ECA-MobileNetV2 is shown in Figure 7(b). First of all, the
backbone sets input size as 416× 416× 3 image, and 208× 208× 16 scale feature image is
obtained by CBR convolution and once EIbneck, and the first preliminary feature layer
Pri-layer1 with the scale of 52 × 52 × 32 is obtained after applying five times EIbnecks.
Furthermore, Pri-layer1 outputs the second preliminary feature layer Pri-layer2 with the
scale of 26 × 26 × 96 after 7 times of EIblock convolutions. Finally, Pri-layer2 outputs
the third preliminary feature layer Pri-layer3 of 13 × 13 × 320 after 4 times of EIblock
convolution. To further improve the detection accuracy from small-scale, low-contrast and
other hard-to-detect defects, the output preliminary feature layers of different scales need
further feature enhancement.

2.3. DC-EMV2YOLOV4 network architecture. The overall structure of the DC-
EMV2YOLOV4 detection model is shown in Figure 8. The whole network structure is
divided into three parts: the backbone feature extraction network ECA-MobileNetV2;
the enhanced feature extraction networks SPP (Spatial Pyramid Pooling) and PANet
(Path Aggregation Network); and the prediction network YOLO predict, which uses
the obtained features for prediction. The DC-EMV2YOLOV4 network model algorithm
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Figure 8. Overall structure diagram

introduces the feature strengthen networks SPP and PANet of YOLOV4. The SPP net-
work can extract multi-scale depth features with different sensory fields and stitch on
the channel dimension of the feature mapping to fusion. To adapt to the various shape
and size of defects in surface defects, the small-scale feature layer Pri-layer3 output by
ECA-MobileNetV2 is first enhanced using the SPP module. Pri-layer3 is pooled at three
scales of 5 × 5, 9 × 9, and 13 × 13, and the processing results are data spliced to ob-
tain feature enhancement. Finally, the output scale is 13× 13. The feature enhancement
network PANet is to enhance the whole feature level by bottom-up path enhancement
using an accurate bottom-localization signal. Therefore, the information path between
bottom and top-level features can be shortened. There are three different scales of the
output feature map outputs through multi-scale features fusion of the target feature and
repeatedly upsampling and downsampling operations.
The first prediction feature (YOLO predict1) is obtained by splicing Pri-layer2 and

Pri-layer3 features which is obtained from the extraction network ECA-MobileNetV2
with the features obtained from SPP. The Pri-layer2 features are fused with the features
from the SPP augmentation network after up-sampling, and the second prediction feature
(YOLO predict2) is obtained by down-sampling with Pri-layer1. The third prediction fea-
ture (YOLO predict3) is obtained fusing Pri-layer2, Pri-layer1 features and SPP network
feature enhancement several times. The convolution operation and decoding operation
are performed on the prediction features respectively, and finally the prediction suggestion
box anchor box corresponding to three different scale defects is obtained.

3. Experiments.

3.1. Experimental settings. The experiments use NVIDIA GTX1660Supper (6G) gra-
phics card, Intel(R) Core (TM) i7-7700 CPU @ 3.60GHz as the experimental hardware
device, and PyTorch learning framework to build the detection model on the Win10
OS platform. This paper conducts the detection experiments which are performed on
two types of metal defect datasets, comparing the traditional multi-scale fusion detec-
tion network FasterRCNN, SSD300, and quantization network MV3yoloV4 incorporating
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attention [14] Light, EfficientDet [15], and the light-weight network GhostyoloV4. Experi-
mentally compare the variation of DC-EMV2YOLOV4 (ours) detection accuracy, number
of parameters, and frame resolution FPS. Experiments found that the paper’s network
model does not need to iterate multiple training, resulting from the model fully converg-
ing with the actual model training model in 100 epochs. In addition, the experiment
using the model MobileNetV2-YOLOV4 based on the VOC dataset training weights as
pretraining parameters transfer learning to the defect detection experimental model. The
size of BatchSize is set to 16, the initial 50 epochs using a learning rate of 1e-3, 50 to 100
epochs using a learning rate of 1e-4 for freeze weight training, and the BatchSize is set to
8.

3.1.1. Datasets pre-processing. The base dataset originated from the Tianjin University
industrial metal surface defect dataset (GCT10 dataset) and the Northeastern University
steel plate surface defect dataset (NEU dataset). The GCT10 dataset uses 512 × 512
size input, with a total of 3500 images, and has 10 categories of surface defects, includ-
ing Punch-hole (Pu), Welding-line (Wl), Crescent-gap (Cg), Water-spots (Ws), Oil-spots
(Os), Silk-spots (Ss), Inclusions (In), Rolled-pit (Rp), Crease (Ce), andWaistfloding (Wf).
Similarly, NEU dataset uses 200×200 size as input, and has 6 categories of surface defects,
300 images each, including Rolled-inscale (Rs), Patches (Pa), Cracks (Cs), Pitted-surface
(Ps), Inclusions (IN), Scratches (Sc).

Defect images are disturbed by the production line site environment, resulting in uneven
image grayscale and low contrast between defects and background. Each defect image
contains at least one defect, the defect edge is also not obvious, the shape is complex and
variable, and some images contain multiple defects of different scales. Since the presence
of defect contrast is not obvious, image will affect the model training accuracy, and the
image is preprocessed with the Retinex [16] algorithm to enhance the contrast of defects in
the original image. The defect image enhancement contrast results are shown in Figure 9.
To accommodate multi-type defect detection at different scales in complex backgrounds,
the enhanced dataset is used to train the EMV2 classification model, which is then fed
into the EMV2-YOLOV4 detection model for training.

(a) (b)

Figure 9. Image enhancement effect contrast diagram: (a) Original image
of the waist crease defect; (b) waist crease notch treated by the Retinex
algorithm
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3.1.2. Experimental evaluation. The accuracy P (Precision) and recall R (Recall), as well
as the mAP (mean Average Precision) of the two datasets, are used as the model judging
criteria. Precision indicates the proportion of classifiers that classify accurately and Recall
indicates the proportion of classifiers that identify correctly as a positive class. The mAP
of the area classes consisting of Precision and Recall is used as the overall performance
index of the network model, where Precision and Recall are calculated as Equations (8)
and (9).

P =
TP

TP + FP
, R =

TP

TP + FN
(8)

mAP =

∑n
i=0AP(i)

n
(9)

where TP is the number of correct predictions, and FP is the number of correctly predicted
samples. FN is the number of incorrectly predicted negative samples, n is the number of
detected defect categories, and AP is the accuracy of each defect category.

3.2. Baseline comparison.

3.2.1. DC-EMV2YOLOV4 prediction results. When measuring accuracy in the applica-
tion of lightweight models, the single image inference time (ms), as well as FPS, is
used for the model indicator in detecting speed. The detections of the algorithm DC-
EMV2YOLOV4 on the NEU and the GCT10 in this paper are shown in Figure 10 and
Figure 11. We point out in the abstract and introduction section that DC-EMV2YOLOV4

(a) (b) (c)

(d) (e) (f)

Figure 10. NEU prediction of various defects: (a) Cracks0.50, (b) In-
clusions0.87, (c) Patches0.98, (d) Pitted-surface0.71, (e) Rolled-inscale0.78,
and (f) Scratches0.95
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j)

Figure 11. GCT10 prediction of various defects: (a) Punch-hole0.81,
(b) Welding-line0.91, (c) Water-spots0.72, (d) Silk-spots0.87, (e) Rolled-
pit0.74, (f) Waistfloding0.82, (g) Inclusions0.63, (h) Oil-spots0.83, (i)
Crescent-gap0.81, and (j) Crease0.48

still uses the EMV2-YOLOV4 model algorithm and that DCGAN expansion of the model
will change the accuracy of the model. However, it does not affect the model’s overall
detection speed and detection time. Therefore, only the accuracy effect is compared and
analyzed in the experimental section.

3.2.2. Comparison with state-of-the-art methods. The experiments compare improved
EMV2-YOLOV4 and other mainstream lightweight network algorithms and the tradi-
tional algorithms in Table 1. In the original experiment, the detection accuracy AP of
the EMV2-YOLOV4 algorithm is the highest for all defects on GCT10 except Wf. In
contrast, Pu, Wl, and Cg category defects are above 97% detection accuracy. Average
detection accuracy mAP is up to 0.684. The value increases by 22.7% and 35.1% respec-
tively, for FasterRCNN [17] and SSD300 [18], rising by 34.6% compared to EfficientDet
with the multiscale lightweight network, and increases by 5.1% for the GhostyoloV4 model
incorporated into the lightweight module GhostNet [19].
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Table 1. Dataset accuracy

Types
AP

FasterRCNN SSD300 EfficientDet GhostyoloV4 EMV2-YOLOV4 DC-EMV2YOLOV4
Pu 0.55 0.59 0.61 0.94 0.99 1.0
Wl 0.52 0.70 0.03 0.95 0.98 0.96
Cg 0.88 0.58 0.93 0.96 0.97 0.95
Ws 0.70 0.34 0.71 0.78 0.84 0.88
Os 0.51 0.28 0.30 0.68 0.81 0.92
Ss 0.43 0.44 0.52 0.70 0.80 0.80
In 0.07 0.03 0.02 0.35 0.44 0.63
Rp 0.40 0.14 0.10 0.22 0.32 0.48
Ce 0.36 0.20 0.13 0.58 0.59 0.50
Wf 0.15 0.03 0.03 0.17 0.10 0.35

GCT10 mAP 0.457 0.333 0.338 0.633 0.684 0.747
Cs 0.50 0.24 0.38 0.46 0.59 0.72
IN 0.86 0.35 0.65 0.88 0.89 0.83
Pa 0.96 0.66 0.87 0.97 0.96 0.98
Ps 0.83 0.61 0.67 0.85 0.88 0.85
Rs 0.73 0.34 0.59 0.80 0.83 0.87
Sc 0.96 0.41 0.40 0.97 0.98 0.92

NEU mAP 0.807 0.435 0.593 0.822 0.855 0.862

(a) (b)

Figure 12. Comparison from accuracy and recall in GCT10 sets: (a) Ac-
curacy comparison; (b) recall comparison

On the dataset NEU, the detection accuracy is the highest for all defects with mAP of
0.86. The visualization of precision and recall in the accuracy metrics in the experiments
is shown in Figure 12 and Figure 13. Combined with the dual metrics analysis EMV2-
YOLOV4 still achieves the best performance on mAP.
DC-EMV2YOLOV4 expands the experimental data, and the accuracy is improved for

most types of defects compared to that on the original dataset. In particular, the effect is
obvious for the Wf and Ce categories of defects with low accuracy on the original dataset.
We analyze that the sample size of these two types of defects in the original data is
small, and it is difficult for the network model to identify the morphology of the features.
The model learning performance can be improved by adding negative samples. As shown
in Table 1, the DC-EMV2YOLOV4 algorithm represents the accuracy of the expanded
dataset.
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(a) (b)

Figure 13. Comparison from accuracy and recall in NEU sets: (a) Accu-
racy comparison; (b) recall comparison

The experiments show that EMV2-YOLOV4 is better than other mainstream light-
weight network algorithms and other algorithms. The EIbneck module of EMV2-YOLOV4
adopts the attention mechanism ECA and uses cross-channel information fusion and adap-
tive convolution methods to assign adaptive weights to important regions of images. Ex-
periments also show that the multi-scale feature fusion and different-scale feature detection
and rescreening algorithms of EMV2-YOLOV4 can adapt to different types and scales of
defects.

Furthermore, we contrast the detecting speed in Table 2. The number of parameters
of EMV2-YOLOV4 is 10.424M, which meets the requirements of lightweight deployment.
Meanwhile, the defect detection inference time in NEU and GCT10 datasets is 18.44 ms/
img and 18.50 ms/img. The frame rate also reaches 54.25 f/s and 54.09 f/s, respectively,
which meet the demand of industrialized real-time detection.

Table 2. Comparison of time and detection speed algorithms on the two datasets

Algorithm
Dataset

NEU GCT10

Type
Infertime
(ms/img)

FPS
Infertime
(ms/img)

FPS
Light-parameter

(M)
FasterRCNN 143.17 6.98 167.41 5.97 −

SSD300 44.95 22.25 46.65 21.44 −
EfficientDet 46.11 21.7 45.19 22.13 −
YOLOV4 83.42 11.99 83.3 12.01 64.04

MV1yoloV4 38.49 26.0 36.77 27.21 12.692
MV2yoloV4 21.84 45.44 21.91 45.73 10.801

MV3yoloV4 (SE) 36.56 27.36 38.16 26.24 11.729
GhostyoloV4 24.76 40.42 25.86 38.71 11.052

EMV2-YOLOV4 [12] 18.44 54.25 18.50 54.09 10.424

Compared with the traditional network models such as FasterRCNN and EfficientDet,
the EMV2-YOLOV4 from this paper can significantly reduce the inference time. Faster-
RCNN as a two-stage network structure in the number of parameters is large, the effect
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on the deployment of model lightweight is not apparent. In contrast, the lowest number
of parameters in the light structure of EfficientDet is only 9.84M, but the accuracy is
poor. Although the backbone network from EfficientDet is lightweight and efficient, the
multi-scale fusion information in each channel of the BiFN feature module will increase
the inference time. EMV2-YOLOV4 algorithm has a lower inference time than other
lightweight network models such as GhostyoloV4 and MV3yoloV4. MV3yoloV4 will have
improved model accuracy after imposing the attention mechanism, but there will be an
increase in the number of parameters, accompanied by an increase in memory consump-
tion. In contrast, the ECA module incorporated in EMV2-YOLOV4 uses one-dimensional
convolution for channel weight sharing, reducing the loss of channel information and still
achieving higher accuracy with fewer model parameters. The incorporation of the at-
tention mechanism can improve the lightweight effect, and the fusion of ECA module is
better than the incorporation of the SE module.
Ultimately, comparison between the number of parameters and the average accura-

cy of defects is shown in Figure 14. Compared with MV2yoloV4, the lowest number of
EfficientDet parameters in the lightweight model is only 9.84M to meet the lightweight re-
quirements. However, the model accuracy is lower than other networks. The MV3yoloV4
with attention mechanism is more accurate, but the number of parameters is 11.8M,
and the model running speed is reduced. Comprehensive analysis of the model accuracy
and the number of parameters shows that the EMV2-YOLOV4 model with the attention
mechanism has the highest accuracy and relatively low number of parameters, which is
suitable as the most optimal choice for the lightweight deployment model.

Figure 14. Comparsion of average accuracy with the number of parameters

3.3. Ablation experiments. The ablation experiment results for the algorithm in this
paper are shown in Table 3. The average detection accuracy mAP of the metal surface
defect dataset is used to compare the ECA of the EIbenck module of this paper, SE
module of MV3yoloV4, migration transfer learning, and different α (width factors). It
can demonstrate the performance improvement contribution to the various improvements
of the YOLOV4 model. The outcome includes the comparison of the contribution of the
ECA module to the MobileNetV2 network, the detection of the migration of the model
weight parameters from the GCT dataset to the NEU dataset using migration training,
and the comparison of the contribution of the validation migration learning method to
EMV2-YOLOV4, MV3yoloV4, and MV2yoloV4.
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Table 3. Ablation experiments results

Network-models

Factors

α SE ECA
Transfer

learning
GCT map/% NEU map/%

YOLOV4 − − − − 47.2 64.5

MV3yoloV4

− − − − 56.74 77.71

0.5 − − − 53.3 73.0

−
√

− − 56.74 75.89

− − −
√

56.74 75.68

MV2yoloV4

− − − − 57.49 74.97

0.5 − − − 56.90 79.3

− − −
√

57.49 77.61

EMV2-YOLOV4 [12] 0.5 −
√ √

68.4 85.5

The lightweighting effect of MV3yoloV4 with the addition of SE is similar to that of
EMV2-YOLOV4, but the improvement in detection accuracy is much lower than that of
EMV2-YOLOV4; the detection accuracy of EMV2-YOLOV4 with the addition of ECA
is improved by 6% compared with MV2yoloV4, and the parameter volume is reduced by
1.3M. The training using the transfer learning EMV2-YOLOV4 with width factor α on
top of YOLOV4 will sacrifice some accuracy and increase the model inference time, but
the final detection accuracy is improved by 21.2%, and the number of parameters is only
1/6 of YOLOV4.

4. Conclusion. To balance the defect detection accuracy and lightweight configuration
conditions and to solve the problem of low accuracy of the YOLO algorithm on small-
size datasets, this paper proposes the DC-EMV2YOLOV4 model. Compared with the
original YOLOV4 model, which has the problem of low model extraction accuracy, the
improved backbone network EIbneck instead of the CSPDarkNet network can improve the
detection accuracy. At the same time, the experimental comparison of two public datasets
shows that the proposed model can perform best in terms of the number of parameters
and the accuracy of each category. The experimental results show that mAP detection
accuracy is still the highest on the GCT10 dataset as well as the NEU dataset after
sample expansion, with 0.747 and 0.862, respectively. Meanwhile, the study shows that
the original EMV2-YOLOV4 algorithm has a low number of parameters (only 10.4M),
which can improve the detection accuracy as well as the adaptability to the defect type
and scale. Finally, the DC-EMV2YOLOV4 detection network was built based on the deep
learning PyTorch framework. We provide the following direction for future improvement:
The task of detecting defects resourced from metal products in industrial environments
has serious noise interference already environmental lighting problems. This factor can
greatly affect the model’s accuracy and actual detection speed proposed in the paper.
Different illumination methods are chosen for other metal surface properties. Therefore,
we suggest using a coaxial light source illumination method under reflective data samples
to weaken the effect of environmental noise. This behavior can ensure that the same
detection accuracy remains optimal under natural light conditions.
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