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Abstract: This thesis introduces a nondestructive inspection and weight grading device for chicken
wings to replace the traditional manual grading operation. A two-sided quality nondestructive
inspection model of chicken wings based on the YOLO v7-tiny target detection algorithm is designed
and deployed in a Jetson Xavier NX embedded platform. An STM32 microcontroller is used as the
main control platform, and a wing turning device adapting to the conveyor belt speed, dynamic
weighing, and a high-efficiency intelligent grading unit are developed, and the prototype is optimized
and verified in experiments. Experiments show that the device can grade four chicken wings per
second, with a comprehensive accuracy rate of 98.4%, which is better than the traditional grading
methods in terms of efficiency and accuracy.

Keywords: chicken wing; weight grading; quality inspection; improved YOLO v7-tiny; STM32

1. Introduction

Chicken wings play an essential role in China’s meat consumer products. However,
problems such as deterioration, breakage, and feather residue inevitably occur during the
pre-processing, transportation, and storage of chicken wings, and it is usually necessary to
grade chicken wings according to their weight or size in post-processing to meet different
consumer demands [1]. China’s related industries still rely heavily on manual quality
inspection and grading work, with low accuracy, slow efficiency, and a lack of large-scale
assembly line production devices [2]. In developed countries, there are a few companies
like the Icelandic Marel company and the Netherlands Meyn company that have proposed
automated meat inspection solutions, but its high cost, complex operation is not applicable
to China’s common small and medium-sized processing plants, so there is currently a large
market gap in this field in China [3,4].

To address the above problems, this group has developed two generations of chicken
wing nondestructive testing and grading devices since 2016 [5]. The first-generation
prototype is based on MATLAB 2022b software and realizes the chicken wing recognition
and detection algorithm and operates the robotic arm to complete the grading operation
with a 51 microcontroller as the control platform, and its 3D structure is shown in Figure 1a.
However, the first-generation platform fails to realize accurate conveyor speed control,
and the servo response delay is significant, resulting in poor accuracy when the device
is running at high speed [6]. The group developed a second-generation prototype based
on the first-generation prototype. The second-generation prototype is based on the HSV
(Hue, Saturation, Value) color space model that counts the color cumulative histograms
of the chicken wing images to achieve nondestructive detection of stasis-blooded chicken
wings, and upgraded the control platform to STM32, whose 3D structure is shown in
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Figure 1b [7]. However, the problem is that the structure of the machine vision detection
part is more complicated, while the efficiency of the robotic arm is difficult to improve due
to the influence of the operation mode. The third-generation prototype introduced in this
paper is based on the previous two generations of products, and the grading algorithm,
control system, actuator unit, etc., have been upgraded and improved.
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Figure 1. (a) The first-generation prototype diagram; (b) The second-generation prototype diagram.

2. Design of the General Structure

Figure 2 shows the structure of the third-generation chicken wing nondestructive test-
ing and weight grading device. The whole machine is designed as an “L-type” arrangement,
which has the advantages of higher space utilization and easier mobility than the one-linear
arrangement. The overall structure of the device contains a conveyor module, detection
unit, turning mechanism, weighing equipment, execution unit, and storage device, which
realizes nondestructive testing and grading process as follows: first, the chicken wings in
the conveyor belt are transported to the visual inspection area of conveyor belt 1, where the
front side of the chicken wings is photographed, and the appearance quality is inspected
by the CMOS 2⃝. Subsequently, the chicken wings are dropped into the V-shaped groove of
the turning device
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, which flips the chicken wings over and then enters into conveyor
belt 2. Secondly, after the chicken wings are flipped, the CMOS 3⃝ completes the detection
of the reverse side. If the result is unqualified, the robotic arm pushes the chicken wings
into the residual product storage box 4⃝. If it is qualified, it enters the weight sensor 5⃝
(conveyor belt 3) for weighting and then enters into conveyor 4 for grading. When the
chicken wings move to the photoelectric sensor 6⃝ of the corresponding level, the stepping
motor drives the sliding table 7⃝ and the pusher bar 9⃝ to push the chicken wings into the
corresponding storage box 8⃝. The Jetson Xavier NX [8] development board responsible for
running the deep learning detection model and the central control platform, the Stm32F407
MCU, are in the control cabinet
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3. Testing Model of Chicken Wings
3.1. Acquisition and Processing of Datasets

The main objective of the study is to detect and eliminate the chicken wings with
bruises, damages, feather residue, etc., caused by diseases or pre-processing. The chicken
wings collected in this study were white-feathered broiler chickens produced in Changqing,
Jinan, Shandong, China, with a 45-day slaughter time. All wings were purchased at the
farmer’s market on the day of the shoot and were de-feathered and cleaned. Hikvision
CMOS model MV-CA060-10GC [9] captured the images with a resolution of 3072 × 2048.
There are two CMOS mounted on the conveyor belt that take charge of the front and back
images. In this study, 2082 original chicken wing images were collected, and the total
number of datasets was expanded to 8328 after flipping, scaling, changing brightness, and
adding Gaussian noise to the images by using OpenCV. The sample dataset is shown in
Figure 4, and an example of the dataset enhancement effect is shown in Figure 5. The
calibration of the dataset was carried out using “labelimg” software, and the labels were
categorized as ‘normal’, and ‘sick’ to represent qualified and unqualified chicken wings,
respectively. The muscle grading standards used in this paper are the Chinese National
Standard “Livestock and Poultry Meat Quality Grading-Chicken Meat” (GB/T 19676-
2022) [10].
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3.2. YOLO v7-Tiny Network

Considering that the model needs to be deployed on embedded platforms, the
lightweight YOLO v7-tiny model is used as the base algorithm for improvement. YOLO
v7-tiny is a simplified version based on YOLO v7, and its overall network structure is
basically the same as that of YOLO v7, with the main difference being that the ELAN
structure in the backbone network is reduced by one connecting branch compared to that of
YOLO v7 and consists of a multiple Max Pooling layer instead of the feature pyramid [11].
It does not use re-referential convolution and the LeakyReLU activation function in the
head of the network. It significantly reduces the model size and computational complexity
while maintaining high detection performance. The YOLO v7-tiny network structure is
shown in Figure 6 [12].
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3.3. Improvements of YOLO v7-Tiny Network
3.3.1. Adding Attention Mechanisms

To further improve the model’s ability to capture chicken wing features, this study
introduces the CoordAtt (Coordinate Attention, CA) attention mechanism in the YOLO
v7-tiny backbone network; the output and the location are shown in Figure 7 [13]. CoordAtt
improves the attention module’s perception of spatial location information by introducing
coordinate information in the spatial dimension, and the advantage is particularly obvious
when processing visual tasks with high-resolution feature maps; its encoding process is
shown in Figure 8.
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To further improve the model’s ability to capture chicken wing features, this study 
introduces the CoordAtt (Coordinate Attention, CA) attention mechanism in the YOLO 
v7-tiny backbone network; the output and the location are shown in Figure 7 [13]. Coor-
dAtt improves the attention module’s perception of spatial location information by intro-
ducing coordinate information in the spatial dimension, and the advantage is particularly 
obvious when processing visual tasks with high-resolution feature maps; its encoding 
process is shown in Figure 8. 
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CA Attention for a feature xc(i,j) of height i and width j on the channel c of input X;
the output after the coordinate attention module can be expressed as Formula (1).

yc(i, j) = xc(i, j)× gh
c (i)× gw

c (j) (1)

In the formula, yc(i,j) is the output after embedding the coordinate attention module;
gc

h(i) is the attention weights in the horizontal direction on channel c; gc
w(j) is the attention

weights in the vertical direction on channel c. To compare the optimization effects of differ-
ent attention mechanisms on the model, two other commonly used attention mechanisms,
CBAM and SENet, are introduced here for comparison. The positions they add are the
same as the CA attention mechanism. Their structures are shown in Figures 9 and 10. The
results are shown in Table 1.
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Table 1. Comparison of attention mechanism evaluation indicators.

Model Precision Recall mAP

YOLO v7-tiny 98.6% 98.9% 98.5%
YOLO v7-tiny-CA 98.9% 99.1% 98.8%
YOLO v7-tiny-SE 98.2% 98.8% 98.2%

YOLO v7-tiny-CBAM 98.9% 99.0% 98.5%

From the data in the table above, it can be seen that the CA attention mechanism has
the most significant improvement in the evaluation index of the model.

3.3.2. Replacement of the Default Loss Function

The YOLO v7 series follows the CIoU Loss function of YOLO v5, which is derived by
improving on DIoU. However, although CIoU introduces a penalty term in IoU Loss to
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alleviate the problem of vanishing gradient, it uses the relative proportion of width and
height. Once the detection box is linearly proportional to the Ground Truth (GT) box, the
penalty term no longer works, and if their directions do not match, it will also lead to lower
efficiency. The schematic diagram is shown in Figure 11.
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In the figure, b, b(gt) are the center points of the Ground Truth box of the detection box,
ρ is the distance between these two points, and C is the diagonal distance of the smallest
closure region that can contain both the detection box and the GT box. To address the
above problem, the Focal-EIoU loss function is introduced, which consists of EIoU Loss
and FocalL1 Loss, where EIoU Loss directly uses the value of the edge lengths as a penalty
term, while LocalL1 Loss can be suppressed by giving smaller gradients to low-quality
samples. By integrating the two, the final Focal-EIoU Loss is obtained [14], which can be
expressed as Equations (2) and (3).

LFocal E−IoU = IoUγLEIoU (2)

LEIoU = LIoU + Ldis + Lasp

= 1 − IOU + ρ2(b,bgt)
c2

+ ρ2(ω,ωgt)

c2
ω

+ ρ2(h,hgt)

c2
h

(3)

In these formulas, γ is a hyperparameter used to control the curve, taken as 0.5; IoU is
the overlap between the true and predicted frames; LIoU is the IoU loss; Ldis is the distance
loss; and Lasp is the edge length loss; b, bgt are the center points of the GT box of the
prediction box; ω, ωgt is the width of the detection box and the GT box; h, hgt is the height
of the detection box and the GT box; ρ is the distance of center points of the GT box of the
detection box; cω and ch are the width and height of the smallest enclosing box covering
those two boxes.

We compared the CIoU, GIoU, DIoU supported by YOLO v7 by default with Focal-
EIoU (the CA attention mechanism has been added based on the experimental results in
Section 3.3.1), and the results are shown in Table 2.

Table 2. Comparison of loss function evaluation indicators.

Model Precision Recall mAP

YOLO v7-tiny-CIoU 98.9% 99.1% 98.8%
YOLO v7-tiny-GIoU 97.3% 98.1% 97.2%
YOLO v7-tiny-DIoU 98.2% 98.8% 98.2%

YOLO v7-tiny-Focal-EIoU 99.4% 99.4% 99.2%
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3.4. Improvements of YOLO v7-Tiny Networkvem

The CA attention mechanism and the Focal-EIoU loss function are added to the YOLO
v7-tiny model, and the improved model is named YOLO v7-tiny-CF. Using the improved
model and the original YOLO v7-tiny for 300 trainings, respectively, the training results are
shown in Figure 12. The comparison graph of the detection results is shown in Figure 13.
The experimental environment is the Windows 11 Professional OS, the CPU is Intel i5-
13500HX, and the GPU is the NVIDIA RTX 4060 Laptop. The system runs on 16 GB of
RAM. The version of the GPU acceleration library is CUDA 11.3, the runtime environment
is Pytroch 1.12.0, and the language used is Python. The experiment was conducted in
December 2023 in Taian City, Shandong Province, China. The study mainly used accuracy
(Precision, P), recall (Recall, R), and mAP (@0.5) to evaluate the model training results [15].
The number of training times for all models was 300, and the dataset was divided into
training set, testing set, and validation set in the ratio of 8:1:1. The batch_size was set to
four during training, and the initial learning rate was set to 0.01, 0.001 after 100 times, and
0.0001 after 200 times.
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Figure 13. Comparison of the detection performance between the improved model and the origi-
nal model.

From the training result curves, it is evident that both the original model and the
improved model achieve very high accuracy, recall rate, and mAP after 300 training epochs.
However, the YOLO v7-tiny-CF model outperforms the YOLO v7-tiny model in terms of
the fluctuation range of the curve during the initial rise as well as the stable values after
200 rounds. The val objectness of the improved model also decreases more steadily than
that of the original model, with a lower value. Similarly, the P–R (e) and F1 curves (f) of
the improved model outperform the original model. As can be seen from Figure 13a,b,
the original model experienced false positives and false negatives, whereas the improved
model used to detect the same images in Figure 13c,d does not have those problems. Based
on the above analysis, it can be inferred that the improvement route for the YOLO v7-tiny
algorithm is fundamentally correct. There is a comparison of the evaluation indexes of the
improved model, the original model, and other target detection algorithms, such as YOLO
v5s, YOLO v7, and Faster-RCNN, which is shown in Table 3.



Electronics 2024, 13, 1049 9 of 17

Table 3. Comparison of evaluation indexes of each model.

Models P R mAP F1 Score Parameters
Count

GPU-MEM
(Gb) GFLOP Size (Mb) Speed

(FPS/s)

Faster-RCNN 92.5% 91.4% 91.9% 91.9 4.16 × 107 5.21 248.4 125.1 30
YOLO v7 99.6% 99.5% 99.2% 99.5 3.71 × 107 4.69 109.5 71.3 36
YOLO v5s 95.3% 96.8% 96.6% 96.0 7.05 × 106 2.49 16.3 14.3 42

YOLO v7-tiny 98.6% 98.9% 98.5% 98.7 5.47 × 106 1.38 11.9 12.3 59
YOLO v7-tiny-CF 99.4% 99.4% 99.2% 99.4 5.48 × 106 1.38 11.9 11.2 59

As seen in the above table, the improved YOLO v7-tiny model achieves essentially the
same detection performance with only about 15% of the model size, 17% of the number
of parameters, and 29% of the GPU-MEM usage of the full version of YOLO v7, and the
detection speed is nearly 64% higher. In addition, the improved model improves the
accuracy, recall, and mAP by 0.8%, 0.5%, and 0.7% compared to the original YOLO v7-tiny
model with almost the same computational resources, while YOLO v7-tiny-CF has a better
and more significant advantage over YOLO v5 and Faster-RCNN models in terms of both
resource consumption and performance.

In training and testing, the theoretical arithmetic of the NVIDIA RTX 4060 Laptop
GPU we used is about 15 TFLOPS, while the theoretical arithmetic of the Jetson Xavier NX
platform is about 6 TFLOPS, a difference of about 40%. Additionally, we used a CMOS
maximum frame rate of 17 fps [16,17]. If we do a rough calculation based on the theoretical
performance, only the YOLO v7-tiny/YOLO v7-tiny-CF (23.6 FPS) and YOLO v5s (16.8 FPS)
models in Table 1 can utilize the performance of the CMOS and meet the requirements of
general pipeline detection (more than 15FPS) after porting them to the Jetson Xavier NX
platform 18. Therefore, based on the double consideration of performance and load, we
finally chose the best “cost-effective” YOLO v7-tiny-CF model for porting.

To port the models generated from the YOLO training to the Jetson Xavier NX platform,
the “.pt” model files need to be converted to “ONNX” format and then to “Tensor RT”
format in order to prepare for the next step of experiments [18].

4. Design of Key Components
4.1. Design of the Conveyor Belt and Tipping Mechanism

The whole system has four independent conveyor belts, which are responsible for
detecting the front and back sides, weighing and grading chicken wings, which are arranged
in L-shape and connected by aviation plugs. Each conveyor has the same basic structure
and is driven by stepper motors through a transmission chain to drive the rollers. Figure 14
shows the conveyor belt responsible for the front side inspection and the flip device at the
end. The chicken wings that have completed the front side detection need to be flipped
through this device to carry out the reverse side, and the flipper is also driven by the
stepper motor. The flipper is fixed to the U-shape bracket by the spindle using aluminum
alloy bearing mounts, where the bearings are responsible for carrying the weight of the
flipper and the chicken wings, and the housing is used to fix the bearings in place; the
design adopts a bearing assembly that integrates the bearings and the housing in one unit.

Combining the actual length, diameter, and thickness of the chicken wings, the width,
depth, and opening angle of the V-groove of the flipper were determined to be 4.5 cm,
10 cm, and 75◦. In addition, in order to match the rate of the flipper with the rate of
the previous stage of the fixed-pitch conveyor unit, the angular speed of the flipper was
calculated according to the following formula:{

Td = 2π
ω

Tc =
Sc
Vc

(4)
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In this formula, Td is the period of the circular motion of the flipper (s); ω is the
angular velocity of the circular motion of the flipper (rad/s); Tc is the fixed-pitch conveyor
unit movement time (s); Sc is the distance traveled by a fixed-distance transport unit in
Tc (m); Vc fixed-pitch conveyor unit movement speed (m/s). The distance between two
neighboring conveyor units is set at 10 cm, and the angular speed of the flipper is set at
two rad/s, assuming a conveyor speed of 0.6 m/s. Therefore, the V-grooves are designed to
be 6 in number, which can satisfy the requirement of flipping 3–6 chicken wings per second.
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Figure 14. Design of flip device and Conveyor. 1⃝ encoder; 2⃝ coupling; 3⃝ U-bracket; 4⃝ flip device;
5⃝ stepper motor; 6⃝ foundation; 7⃝ drive chain; 8⃝ axis of rotation; and 9⃝ conveyor. The red line is

the outline of the V-shaped groove.

4.2. Design of Weighing Unit

After removing the unqualified chicken wings, the chicken wings can be graded ac-
cording to their weight, so the weighing unit is arranged between the quality inspection and
grading unit, and a separate conveyor belt is set up to complete the weighing operation. In
this study, four PW6D single-point load cells manufactured by HBM (Darmstadt, Germany)
with a sensitivity of 2.0 ± 0.2 mV/V and an ADS1256 high-precision data acquisition card
were used. The load cell converts the load signal into a voltage signal, and after amplifica-
tion, filtering, and other operations, the AD converter module is used to input the output
signal to the corresponding pins of the STM32 MCU to complete the acquisition of weight
information. In the filtering operation, each time the chicken wing data is collected, the
limiting process is first performed, and then the obtained data is subjected to sliding mean
filtering. The design of the weighing unit and the weight sensor is shown in Figure 15.
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4.3. Design of Grading Unit

The final actuator of the weight grading unit has a very important role in the whole
system; its task is to grade the chicken wings according to their weight after quality
inspection, turning, weighing, and other operations. According to the industry standard,
chicken wings are generally divided into L, M, and S grades (corresponding to the weight
of ≥41 g, 31–40 g, <30 g), so the design of the conveyor belt on both sides of the installation
has three storage boxes [19]. Each group of storage boxes is set up in front of the two
photoelectric sensors; when the sensor detects the corresponding grade of chicken wings,
the MCU will send signals to the stepper motor and manipulate the pusher; the chicken
wings will then be pushed into the corresponding storage box. When the chicken wings in
the storage box reach the preset weight, the bottom flap of the storage box can be opened
by the motorized actuator for the next operation. The design of the weight grading unit
and the storage box is shown in Figure 16. The design of the weight grading unit is shown
in Figure 16.
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4.4. Design of the Control System

The main control platform of the system is the STM32F407VET6 microcontroller, and
its minimum system includes the main chip, power supply module, clock loop, reset loop,
etc. The STM32F407VET6 chip uses a 32-bit Cortex-M4 core, and it has a floating-point
operation unit, 100 pins, and 192 KB of SRAM; the microcontroller minimum system is
shown in Figure 17 [20].

The main control platform is responsible for receiving and processing the signals sent
by each information acquisition module and sending commands to the actuator according
to the preset program or manual operation; the structure of the control system is shown in
Figure 18.

Since the detection link, turning mechanism, weighing link and sorting link of the
device are driven by different stepping motors, the acquisition and matching of the speed
of each unit is the key to the control system [21]. The system uses an Omron E6B2-CWZ6C
incremental rotary encoder for speed acquisition, and the STM32 microcontroller through
the TLP2745 high-speed optocoupler to collect the encoder output pulses to calculate the
real-time speed of each mechanism. At the same time, the STM32 microcontroller can
calculate the difference between the theoretical speed and the actual speed as the input of
the PID controller according to the mathematical model and the PWM wave as the output
of the PID controller to control the stepper motor. The stepper motor drive circuit is shown
in Figure 19.
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4.5. Design of UI

In this study, the MCGS TPX7062Ti touch screen is used as the main human–computer
interaction device, and its communication with the STM32 microcontroller is realized
through RS485—TTL signals, and the data follows the Modbus RTU protocol. The MCGS
touch screen can realize the functions of the system’s start/stop, quantity display, fault
indication, status monitoring, etc. Its working interface is shown in Figure 20.
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5. Experimental Results and Analysis

After the preliminary design, analysis, and test, according to the actual demand
and technical route, the group manufactured the third-generation prototype of the third-
generation deep learning-based chicken wing quality inspection and weight grading equip-
ment, prototype as shown in Figure 21.
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5.1. Chicken Wing Quality Inspection Experiment

After deploying YOLO v7-tiny-CF mentioned in Section 3, the testbed was built as
shown in Figure 22. In this experiment, for the convenience of data acquisition, the same
CMOS was used to capture images of both the front and back sides of the chicken wings
for detection. There are 998 white feathered chicken wings selected as the research object,
which contained 162 unqualified products due to bruises, mutilations, feather residues, etc.,
which were mixed and tested in groups of 200 wings each (the last group was 198), and the
experimental results are shown in Table 4.
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Table 4. Test results of chicken wing quality.

Group. Qualified Unqualified TP TN FP FN Precision Recall FI Score

No.1 154 46 152 42 4 2 97.4% 98.7% 98.0
No.2 173 27 169 26 1 6 99.4% 96.6% 98.0
No.3 166 34 164 33 3 2 98.2% 98.9% 98.5
No.4 178 22 174 22 0 4 100% 97.8% 98.9
No.5 165 33 160 27 3 5 98.1% 97.0% 97.5

Note: Among all 998 chicken wings, there were 4 cases of two different detection frames appearing at the same
time (similar to what appeared in Figure 13a, which occurred in Groups No.2 and No.3), and 3 cases of missed
detections (which occurred in Group No.5).

In this table, TP represents qualified wings tested as qualified wings; TN represents
unqualified wings tested as unqualified wings. FP represents unqualified wings tested as
qualified wings; FN represents qualified wings tested as unqualified wings. The average
accuracy of the above five groups of experiments is 97.0%, and the results show that the
nondestructive quality inspection model based on YOLOv7 tiny-CF well solves the problem
of nondestructive inspection of chicken wings, which can meet the actual production needs.

5.2. Chicken Wing Grading Experiment

After rejecting the unqualified chicken wings, the remaining 836 qualified chicken
wings were used for weight-grading experiments. Among them, there were 196 wings of
L-grade (≥41 g), 453 wings of M-grade (31–40 g), and 187 wings of S-grade (<30 g). In the
experiment, only chicken wings of the same weight class were tested at the same time, and
the test was repeated three times to take the average of the accuracy, and the speed was set
at four pcs/s. The design of the experimental process is shown in Figure 23, and the results
are shown in Table 5 [22].
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Table 5. Grading experiment results.

Group
Correctly Graded Quantity

Accuracy
1st 2nd 3rd

L 193 193 194 98.6%
M 451 449 448 99.0%
S 182 186 185 98.6%

As can be seen from the data in the table, the overall accuracy of the device for grading
different grades of chicken wings is above 98%. During the experiment, the most crucial
reason for the failure of grading was that the speed of the pusher did not accurately match
the speed of the conveyor belt, which accounted for 59% of the total failure cases, while
another 33% was due to the weighing error being out of the range. The remaining 8% was
due to the pusher being jammed when traveling on the guide rail, the photoelectric sensors
not receiving the signal, and so on. From the results, the overall success rate of chicken
wing grading is high. The efficiency is significantly higher than that of manual weighing
(2000 to 2200 pcs/h), which indicates that the technical route and design ideas are basically
correct and feasible. However, there is still a certain amount of room for optimization of
control algorithms, response speed, and other aspects [23].
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6. Conclusions

1. This study developed a third-generation prototype of chicken wing quality detection
and weight grading device based on the first two generations of product of the group.
Combined with the previous experiments and market demand, the structural layout,
detection algorithms, flipper device, weighing unit, grading unit, and so on have
been re-designed.

2. The improved quality inspection model based on YOLO v7-tiny was deployed in
Jetson Xavier NX, which achieved an accuracy of no less than 96% in the experiments
and successfully rejected most of the substandard products. In the experiment of
grading chicken wings based on their weight, the comprehensive accuracy rate of the
device was above 98% and achieved an operational efficiency much higher than that
of manual sorting.

3. It can be shown by the experimental results that the development of the device is
generally successful, but there is still some room for improvement in the algorithm,
control, and mechanical reliability. The experience can lay the foundation for the
updating and iteration of the equipment or algorithm.
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