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	 AI advancements in anomaly detection enable inspections that are more efficient and precise 
than human operators, enhancing recycling efficiency and supporting Sustainable Development 
Goals. Tire manufacturers currently rely on manual visual inspection to assess used tires for 
damage and manufacturing dates; however, this process suffers from skilled labor shortages and 
excessive time requirements. In this research, we aim to automate tire damage detection and 
manufacturing date recognition using deep learning on videos from standard cameras, thereby 
improving operational efficiency. Four experiments were conducted to validate the system. In 
Experiment 1, we evaluated four object detection models for damage recognition efficacy. In 
Experiment 2, we proposed a system for automatic reusability determination based on 
confidence thresholds. In Experiment 3, we utilized optical character recognition (OCR) and 
generative pre-trained transformer (GPT) for manufacturing date recognition, achieving 88.2% 
accuracy with GPT after applying image rotation and cropping. In Experiment 4, we tested an 
automated image cropping method, resulting in a 5.06% relative error in bounding box areas 
compared with manual annotation. Future work will be on combining damage and manufacturing 
date recognition systems and incorporating slip sign detection to further improve the 
classification accuracy of reusable tires.

1.	 Introduction

	 The application of AI in the field of anomaly detection has been rapidly advancing, and for 
some targets, it is now possible to perform inspections faster than can be done by human 
operators. In addition, while detection using dedicated sensors has been widely employed, recent 
approaches increasingly rely on not only sensors but also video cameras, leveraging object 
detection algorithms for visual-based detection. In tire-related machinery manufacturing, used 
tires are reusable, and at present, workers visually inspect surface damage and manufacturing 
date codes to classify tires according to whether they can be reused. However, this process faces 
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challenges such as a shortage of personnel with the required inspection skills and the long time 
required for manual inspection. Motivated by this background, research on AI-based anomaly 
detection has been actively conducted in this field as well. Tatsumoto and Araki developed an 
automatic defect detection system for metal press parts using you only look once v5 (YOLOv5), 
reporting a detection accuracy of 99%.(1,2) Arima et al. and Redmon and Farhadi achieved an 
accuracy of 82% in defect detection for industrial products using YOLOv2.(3,4) Furthermore, 
Nakajima et al. and Girshick et. al. demonstrated a detection accuracy of 81% for plastic product 
appearance inspection using region-based convolutional neural network (R-CNN),(5,6) and 
Takagi et al. and Dosovitskiy et. al. reported high accuracy in detecting defects in forged parts 
using Vision Transformer.(7,8) As such, research on appearance inspection and defect detection 
using object detection models has been progressing for a wide range of industrial products. Most 
existing research, however, focuses on products where all nondefective items share an identical 
shape, and the task is to distinguish these from defective items that contain local anomalies. 
There is little research on target products whose shapes vary even among nondefective items, 
which is the topics of our work herein. In the case of reused tires, even nondefective ones exhibit 
diverse characteristics, such as differences in the remaining tread pattern and the degree of 
rubber wear. 
	 Here, we present research focusing on tires and similar objects. Saleh et al. compared nine 
transfer learning models on X-ray images, finding that Xception achieved the highest accuracy. 
However, their research was limited to binary classification and struggles with data imbalance 
and detecting minute defects.(9) Kuric et al. and Simonyan and Zisserman developed a hybrid 
2D/3D system using unsupervised learning and VGG-16 for sidewall inspection, but they faced 
challenges regarding the computational cost of clustering algorithms and restricted their analysis 
to the sidewall.(10,11) Lin achieved 94.7% accuracy in detecting tire cracks using an improved 
ShuffleNet architecture, although the research’s focus on cracks alone and reliance on a small 
dataset limit the model’s generalization.(12) Mignot et al. proposed a two-stage multimodal 
approach to inspect all tire zones for defects and severity, but they encountered significant 
latency issues with 20 s inference times and difficulties in annotating diffused defects.(13)

	 To address these challenges, in this research, we propose a novel method for assessing tire 
reusability by integrating a YOLOv8 object detection model with a generative pre-trained 
transformer (GPT) manufacturing-date recognition technique.(14,15) By combining the two 
models, the proposed system first automatically extracts the manufacturing date printed on the 
tire, determines reusability on the basis of the manufacturing date, and then detects surface 
damage to make a final reusability decision. In this paper, we validate each component 
separately; integration is future work. Although the proposed approach still has limitations in 
real-time processing performance and recognition accuracy compared with prior research, the 
integration of deep learning and large language models suggests the potential to build systems 
that are more efficient and accurate than conventional methods. In particular, at present, a large 
number of tires must be processed each day, and the workflow has not yet been sufficiently 
streamlined. In this study, we focus on identifying clearly non-reusable tires in the stage prior to 
the final detailed visual inspection.
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2.	 Methods

	 This research is divided into four experiments. Experiments 1 and 2 involve classification 
based on damage detection, whereas Experiments 3 and 4 involve classification based on 
manufacturing date.

2.1	 Experiment 1 method

	 Figure 1 illustrates the processing flow of Experiment 1. In this experiment, we evaluated the 
tire damage detection performance of four object detection models. The input data are tire-
damage images, as shown in Fig. 2. The object detection models used are Faster R-CNN, 
YOLOX, YOLOv8, and SSD.(14,16–18) 

Fig. 1.	 Experiment 1 flow.

Fig. 2.	 (Color online) Example of input image.
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	 The imaging environment used in this experiment is described below. As shown in Fig. 2, 
images were captured so that the damaged region on the front side of the tire was visible. The 
tire was rotated as necessary so that the damage remained within the camera’s field of view. The 
acquired images were randomly divided into training and test datasets at a ratio of 8:2. For the 
training data, three of the authors annotated the regions they judged to be damaged by assigning 
labels, and these annotations were used to train each object detection model. In this research, 
damage was defined as visually identifiable surface anomalies in RGB images, including cracks, 
chips, and wear that may affect tire reusability. Here, “wear” mainly refers to abnormal wear 
patterns (e.g., uneven or stepped wear), while uniform normal wear was not regarded as damage. 
Artifacts such as dirt, shadows, specular reflections, manufacturing marks, and motion blur 
were excluded. The trained models were then evaluated on the test data to assess how accurately 
they could detect tire damage.
	 As evaluation metrics, we used recall, precision, and F1-score. Recall represents the 
proportion of truly damaged regions that were correctly detected as damaged. Precision 
represents the proportion of regions predicted as damaged that were actually damaged. The F1-
score is the harmonic mean of recall and precision and serves as an indicator that jointly 
evaluates both metrics. Given the critical importance of damage in our setting, we place 
particular emphasis on recall.

2.2	 Experiment 2 method

	 The system flow for this experiment is illustrated in Fig. 3. Input videos were captured from 
the front of a rotating tire, and inference was performed using the object detection model trained 
in Experiment 1. On the basis of inference results, we determined thresholds to classify tires as 
reusable or non-reusable. Owing to the limited dataset size, we employed the leave-one-out 
cross-validation (LOOCV) method. 
	 Imaging Conditions: As shown in Fig. 4, the camera was positioned to capture more than half 
of the tire’s front surface. Videos were recorded while rotating the tire at 6 rpm. Data 
corresponding to one full revolution was extracted for analysis; at a frame rate of 30 fps, this 
corresponds to 300 frames per tire.

Fig. 3.	 Experiment 2 flow.



Sensors and Materials, Vol. 38, No. 3 (2026)	 1351

	 Threshold Determination: We established thresholds for the reusability decision using the 
model trained in Experiment 1. We analyzed inference results for both reusable and non-reusable 
tires by aggregating the number of detected defects at varying confidence scores. The confidence 
score yielding an average of one detection per tire was defined as the “boundary” for each class. 
We defined two specific thresholds (see Fig. 5).
	 Threshold (a): This is the midpoint between the boundaries of the reusable and non-reusable 
classes.
	 Threshold (b): To strictly minimize the risk of passing non-reusable tires, we set Threshold 
equal to the boundary value of the reusable class.
	 Evaluation: In the LOOCV procedure, one sample was used for evaluation while the 
remaining samples constituted the training set (used here to determine the thresholds). This 
process was repeated until every sample had been evaluated. A tire was classified as non-
reusable if at least one defect was detected during the evaluation. The final performance was 
calculated by averaging the results across all iterations.

2.3	 Experiment 3 method

	 In this experiment, we evaluate how accurately the manufacturing date of a tire can be 
recognized using an optical character recognition (OCR) tool. In addition, we conduct a 
recognition experiment using the API of GPT, a large language model. To investigate the effects 
of rotation and background, we then rotate the images so that the characters appear upright, crop 
the regions containing the manufacturing date, and perform the same experiments on these 
cropped images. The input images are tire images that include the manufacturing date, as shown 
in Fig. 6. The OCR tool used in this experiment is Tesseract, and the GPT model used is 
GPT-4o.(19,20)

	 The manufacturing date of a tire is engraved as shown in Fig. 6. It may be recessed, as in Fig. 
6(a), or embossed, as in Fig. 6(b). The last four digits represent the manufacturing date, where 
the last two digits indicate the year of manufacture and the first two digits indicate the week 
number within that year. Therefore, the tire in Fig. 6(a) was manufactured in the 3rd week of 
2017, and the tire in Fig. 6(b) was manufactured in the 29th week of 2021.

Fig. 4.	 (Color online) Example of image.
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	 The imaging environment used in this experiment is described below. Two types of tire were 
used as targets: those from passenger cars and those from large vehicles. For passenger cars, 
images were captured so that the manufacturing date was visible, as shown in Fig. 7(a). For large 
vehicles, the sidewall of the tire was photographed so that the manufacturing date on the side 
surface was visible, as shown in Fig. 7(b).
	 In addition, the usage of OCR and GPT in this experiment is described below. Using OCR, 
which is a character recognition technology, we input tire images that include the manufacturing 
date and obtain the characters contained in the images as output. The processing flow when 
using GPT is shown in Fig. 8. First, an image containing the manufacturing date is converted 
into base64 format, which can be fed into GPT. Then, a prompt is designed to obtain better 
recognition results, and the base64-encoded image together with the prompt is given as input.
	 Moreover, since the acquired images capture the entire tire, we investigate the influence of 
rotation and background by rotating and cropping the images so that only the region containing 
the manufacturing date remains. For the evaluation, we regard a case as correct when the 
manufacturing date output by the OCR tool or GPT exactly matches the true manufacturing 
date, and we compute the accuracy as the ratio of correct cases.

Fig. 5.	 (Color online) Example of average damage recognition count graph.

Fig. 6.	 Examples of tire manufacturing date. (a) Manufacturing date stamped on the tire. (b) Manufacturing date 
embossed on the tire.

(a) (b)
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2.4	 Experiment 4 method

	 The processing flow of Experiment 4 is shown in Fig. 9. The purpose of this experiment is to 
automate the cropping process that was performed manually in Experiment 3. The input is a 
rotating tire video in which the manufacturing date of the tire appears. An object detection 
model is applied to this video to recognize the characteristic shape of the region where the 
manufacturing date is engraved, as shown in Fig. 10, and to extract the corresponding bounding-
box region. The number of pixels in the extracted region is then compared with that of the 
annotated region created manually, and this comparison is used for evaluation. In this 
experiment, YOLOv8 is adopted as the object detection model.
	 The image acquisition in this experiment was conducted in the same manner as in Experiment 
3. All images used in Experiment 3 were annotated and used as training data to train the object 
detection model. The evaluation videos were then split into individual frames, which were used 
as test data for evaluation.
	 For pixel-count computation, the bounding-box regions output by the object detection model 
were extracted as images, and the number of pixels in these images was calculated. Likewise, for 
the ground-truth data obtained by manual annotation, the number of pixels in the annotated 

Fig. 7.	 (Color online) Examples of images showing the manufacturing date. (a) Manufacturing date of passenger 
car tires. (b) Manufacturing date of large-vehicle tires.

Fig. 8.	 Flow of GPT-based manufacturing date recognition.

(a) (b)
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regions was calculated. The evaluation was performed by computing the relative error between 
the number of pixels in the model-output regions and that in the manually annotated regions and 
using this relative error as the evaluation metric.

3.	 Experimental Data and Result

	 This research is broadly divided into two parts, as shown in Fig. 11. The first part consists of 
Experiments 1 and 2, which focus on the development of a classification system for tire damage 
detection. In Experiment 1, we evaluated the ability of four object detection models to recognize 
tire damage. In the following Experiment 2, we investigated a method for determining whether a 
tire is reusable using the object detection model trained in Experiment 1.
	 The second part, consisting of Experiments 3 and 4, addresses the development of a 
classification system for manufacturing date recognition. In Experiment 3, we perform 
experiments on the recognition of manufacturing dates using OCR tools and GPT, as well as 
examining the effects of image rotation and cropping on recognition accuracy. In Experiment 4, 
we built an automatic method for performing the cropping process that was validated in 
Experiment 3 and evaluated its effectiveness.

3.1	 Experiment 1 (Damage detection using object detection models)

	 The damage images used for training the object detection model were captured using an iPad 
Air (4th generation). A total of 81 images of the damaged areas were captured, and data 
augmentation was applied by flipping the images vertically, horizontally, and both vertically and 
horizontally. As a result, 267 training images and 67 test images were obtained. The imaging 

Fig. 9.	 Flow of Experiment 4.

Fig. 10.	 Distinctive shape of the manufacturing date stamp.
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method for this research involved adjusting the field of view to ensure that the tire damage was 
within the frame. No specific settings for distance or orientation were applied in order to 
improve the generalization ability of the model.
	 For evaluation in this research, we calculate recall, precision, and F1-score by comparing the 
bounding boxes output by the object detection models with the manually annotated ground-truth 
bounding boxes. Additionally, the inference time for each model is measured. Examples of 
bounding box outputs for Faster R-CNN, SSD, YOLOX, and YOLOv8 are shown in Fig. 12. The 
recall, precision, and F1-score for each model are summarized in a table.
	 Failure cases included misclassifying tire grooves as damage or missing small damages. This 
could be due to the presence of many differently shaped and sized damages in the evaluation 
data that were not represented in the training data. Therefore, to improve accuracy, increasing 
the variety of damage in the training data and applying image augmentation techniques, such as 
scaling down images, to create data for smaller damages not included in the training set could be 
considered.
	 The recall, precision, and F1-score for each object detection model are shown in Table 1. 
From Table 1, it can be seen that Faster R-CNN achieved relatively high precision, recall, and F1-
score. However, its inference time was the longest among the models used in this experiment, 
taking approximately 2 s. SSD, YOLOX, and YOLOv8 were able to perform inference in just a 
few milliseconds, but none of these models showed high accuracy across all metrics. Among the 
models capable of real-time inference, YOLOv8 produced the best results, so YOLOv8 will be 
used for subsequent experiments.
	 In our experimental setting, the inference speed of Faster R-CNN is sufficient for practical 
use. However, from the perspective of future deployment, a certain level of accuracy is required, 

Fig. 11.	 Overview of this research.
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while faster processing would directly contribute to higher productivity. Therefore, we plan to 
continue investigating performance improvements and select the most appropriate model by 
balancing accuracy and computational efficiency. In comparing YOLOX and YOLOv8, 
minimizing missed detections of damage is critical in our application; therefore, recall is the 
most important evaluation metric in this study. For this reason, we consider YOLOv8 to be more 
suitable for our purpose. In Experiment 2, the model trained in Experiment 1 will be used to 
propose a method for defect detection using an object detection model that does not achieve high 
accuracy for damage detection.

Fig. 12.	 (Color online) Examples of detection results by each object detection model. (a) Faster R-CNN, (b) SSD, (c) 
YOLOv8, (d) YOLOX.

(a) (b)

(c) (d)

Table 1
Accuracy of each object detection model.

Recall (%) Precision (%) F1-score (%)
Faster R-CNN 68.7 80.7 74.2
YOLOv8 48.1 52.6 50.3
YOLOX 37.3 71.4 49.0
SSD 21.9 27.7 24.5
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3.2	 Experiment 2 (Determining reusability through automatic threshold setting)

	 In this experiment, we perform a classification of reusable tires using an object detection 
model that did not achieve high accuracy in damage detection. The threshold setting and 
evaluation videos were obtained by rotating the tire at a speed of 6 rpm, with the video camera 
fixed to capture the front of the tire within the field of view. A video of one full tire rotation 
(approximately 300 frames) was recorded. A total of 10 reusable tires and 10 non-reusable tires 
were recorded. The object detection model used was YOLOv8, which was confirmed to allow 
for fast inference in Experiment 1.
	 The inference results for the 10 reusable and 10 non-reusable tires are shown in Fig. 13. The 
horizontal axis represents the confidence level of data predicted as damage, whereas the vertical 
axis represents the average number of detections per tire at each confidence level. As shown in 
Fig. 13, by identifying the confidence level at which the average number of detections per tire is 
1, we can determine the boundaries for reusable and non-reusable tires and calculate system 
thresholds a and b. The classification results of the evaluation videos using the Leave One Out 
method are shown in Tables 2 and 3. With threshold a, the overall accuracy was 65.0%, the 
accuracy for reusable tires was 80.0%, and the accuracy for non-reusable tires was 50.0%. With 
threshold b, the overall accuracy increased to 75.0%, the accuracy for reusable tires was 70.0%, 
and the accuracy for non-reusable tires was 80.0%.

Fig. 13.	 Average number of damage detections.

Table 2
Classification results using threshold a.

Accuracy (%)
Non-reusable tire 50.0
Reusable tire 80.0
Average 65.0

Table 3
Classification results using threshold b.

Accuracy (%)
Non-reusable tire 80.0
Reusable tire 70.0
Average 75.0
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	 The cause of these results can be attributed to missed damage detection and high confidence 
bounding boxes being output for areas of reusable tires that did not have visible damage. This 
issue depends on the accuracy of the object detection model, and we believe it can be resolved by 
using a better model.
	 Additionally, to maximize safety, it is crucial to correctly identify non-reusable tires with 
100% accuracy. However, it was not possible to automatically set a threshold for this within the 
current method, and this will be a subject for future improvement.

3.3	 Experiment 3 (Assessment based on manufacturing date recognition)

	 In this experiment, we use OCR tools and the large language model GPT to evaluate the 
recognition of manufacturing dates. The images containing the manufacturing dates were 
captured using an iPad Air (4th generation). A total of 71 images from passenger cars and 17 
images from large vehicles were acquired.
	 The OCR tool used was Tesseract, and the GPT model was GPT-4o. In addition, the prompt 
for the GPT API was designed to extract the manufacturing date from the image and output it in 
a format that facilitates subsequent processing. In the experiment using a passenger car, we set 
the user rule: “When was this tire manufactured? Please write in ANS=”” with numbers and 
avoid using month names in your response.” For the experiment with large vehicles, the system 
rule was set as “You are an Optical Character Recognition (OCR) machine. You will extract all 
the characters from the image file provided by the user, and you will only provide the extracted 
text in your response. As an OCR machine, you can only respond with the extracted text. The 
response should be output in JSON format.” and the user rule was set as “What year was this tire 
manufactured?” In our experimental setting, the prompts differ between passenger cars and 
large vehicles; therefore, we do not perform a direct comparison between the two. The evaluation 
method involves comparing the extracted manufacturing date with the actual manufacturing 
date. If they match exactly, the result is considered correct.
	 Furthermore, as shown in Fig. 14, to examine the impact of rotation and background on the 
accuracy, the images were rotated so that the manufacturing date appeared upright, and the area 

Fig. 14.	 Example of images before and after image processing. (a) Example of unprocessed image. (b) Example of 
processed image after rotation and cropping.

(a) (b)
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outside the manufacturing date was cropped. Similar experiments were conducted on these 
processed images.
	 The recognition results using Tesseract are shown in Table 4. The OCR tool failed to 
recognize the manufacturing date at all. This is because the OCR tool used in this experiment is 
primarily designed for images with black text on white paper, and it is not intended for use with 
images where text is engraved or embossed on black materials, as in the conditions of this 
experiment. Therefore, it is believed that if the image can be binarized by utilizing the subtle 
pixel value differences between the material and the text and processed so that the text appears 
in black on a white background, recognition would be possible.
	 The results of GPT and the recognition results after image processing are shown in Table 5. 
The accuracy before image processing was 23.5%, whereas the accuracy after rotation and 
cropping was 88.2%. This demonstrates that image processing through rotation and cropping 
significantly improves the recognition accuracy of manufacturing dates.
	 The low accuracy before processing can be attributed to the fact that GPT, a large language 
model, has been trained on text available on the internet, which is typically in a human-readable 
orientation and size, with clearly displayed characters. Consequently, it has not been trained on 
other types of character, such as those with rotated orientations or with extensive background 
information. Therefore, we believe that adding additional training for GPT on such characters 
can improve its recognition ability.

3.4	 Experiment 4 (Automated image processing for cropping)

	 This experiment focuses on automating the cropping of the manufacturing date section from 
tire videos that contain the manufacturing date. Using an object detection model, we detect the 
characteristic shape of the region where the manufacturing date is engraved and perform 
cropping by extracting the bounding box of that region as a single image. The evaluation is 
performed by calculating the relative error between the pixel count of the bounding box image 
output by the object detection model and the pixel count of the manually annotated region.
	 The tire was rotated at a speed of 6 rpm, and videos were captured from an angle that 
displayed the sidewall of the tire, ensuring that the manufacturing date was visible. A total of 10 
videos, each about 20 frames long, were obtained using a 30 fps video camera. The object 
detection model used in this experiment was YOLOv8, which was confirmed to enable fast 
inference in Experiment 1.

Table 4
Manufacturing date recognition results using OCR tools.
Target Accuracy rate after image processing (%)
Large vehicles 0.00

Table 5
Manufacturing date recognition results using GPT.
Target Accuracy rate before image processing (%) Accuracy rate after image processing (%)
Passenger cars 25.4 70.4
Large vehicles 23.5 88.2
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	 Examples of the extracted images using the object detection model and the manually 
annotated manufacturing date sections are shown in Figs. 15 and 16. As seen in these figures, 
the object detection model was able to output the same regions as those manually annotated. 
Additionally, out of the 10 tire videos, cropping was successful for 8 videos, as shown in Table 6. 
The reason for the failure to trim certain videos was likely due to the unclear appearance of the 
manufacturing date, as shown in Fig. 17. In such cases, since the tire is likely to be highly worn 
and non-reusable, we classify it as non-reusable.
	 For the 125 frames that the object detection model was able to recognize, the total pixel count 
of the images extracted by the model and the manually annotated manufacturing date sections 
are shown in Table 7. From Table 7, the total pixel count of the images extracted by the object 
detection model was 7315577 pixels, whereas the total pixel count of the manually annotated 
manufacturing date section for the same frames was 6963376 pixels. Therefore, the relative error 
was 5.06%, indicating that a high level of accuracy was achieved.

Fig. 15.	 (Color online) Example of manual annotation. Fig. 16.	 (Color online) Object-detection-model-
based extracted images.

Fig. 17.	 (Color online) Example of image where the distinctive mark was unclear.

Table 6
Percentage of manufacturing date fields successfully extracted.

Ratio (%)
10 Tire Videos 80.0
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3.5	 Considerations on the four experiments
	
	 In this research, we conducted four experiments to develop a system capable of assessing tire 
reusability. In Experiment 1, we searched for an object detection model suitable for our setting, 
and in Experiment 2, we determined an appropriate decision threshold to classify tires using the 
selected model. As shown in Experiment 2, threshold tuning improved classification 
performance and suggested high accuracy in determining reusability. The results of these two 
experiments showed that the current model achieves an accuracy of approximately 80%; 
however, further improvements are expected by exploring alternative models. In addition, 
Experiments 3 and 4 suggest that tire reusability can be inferred from the manufacturing date 
imprinted on the tire. 
	 These experiments resulted in a system that achieved an accuracy of approximately 80% in 
assessing tire reusability. This suggests the system’s potential feasibility for deployment in real-
world operating environments. In future work, we plan to integrate these two components into a 
two-stage framework: the system will first screen tires on the basis of manufacturing date and 
then perform damage detection only for tires deemed reusable. We will therefore implement the 
integrated model and conduct a comprehensive evaluation in subsequent work. This approach is 
expected to improve overall performance compared with a damage-only reusability assessment.

4.	 Conclusions

	 In this research, we focused on the defect classification of products using object detection 
models. Specifically, the research addressed the classification of defective products when 
anomalies with low detection accuracy are present in object detection models. In Experiment 1, 
we evaluated the ability of four object detection models—Faster R-CNN, SSD, YOLOX, and 
YOLOv8—to recognize tire damage. The highest accuracy was achieved by Faster R-CNN, 
with a recall of 68.7% and a precision of 80.7%. However, the inference time was long, which 
made the results unsuitable for the current purpose. For models capable of real-time recognition, 
both recall and precision were not sufficiently high, indicating that improvements are needed for 
classifying reusable tires.
	 In Experiment 2, we proposed a method to automatically set the threshold for recognizing 
damage using YOLOv8, which showed relatively good accuracy and was capable of real-time 
recognition. The accuracy for non-reusable tires was 80.0%, whereas that for reusable tires was 
70.0%. Further improvement in accuracy is needed, which may require the enhancement of the 
damage recognition performance in Experiment 1 and developing better threshold-setting 
methods.
	 In Experiment 3, we used the GPT API to recognize manufacturing dates on images that had 
been processed, achieving a high accuracy of 88.2%. We confirmed that image processing 

Table 7
Results of comparing manual verification and automated methods.
Total pixels annotated manually Total pixels in extracted images using object detection models Relative error (%)
6963376 7315577 5.06
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techniques such as rotation and cropping significantly improve recognition accuracy. To further 
enhance the accuracy, exploring better prompts and fine-tuning the large language model, which 
was not feasible in this research owing to cost constraints, would be effective.
	 In Experiment 4, we proposed and experimented with an automated image processing 
method for cropping, which was confirmed to be effective in Experiment 3. The cropping 
success rate was 80.0%, and the relative error in the pixel count of the cropped images was 
5.06%, indicating an accuracy comparable to manual processing.
	 We plan to integrate the two models into a two-stage framework and build a unified 
classification system to further improve performance, while also investigating how to 
demonstrate its practical utility under real-world operating conditions.
	 In the future, research will focus on slip signs, which, like damage and manufacturing dates, 
are also critical for determining tire reusability. While slip signs are an important factor in this 
decision-making process, the single-view image recognition AI used in this research was unable 
to capture the degree of tire wear. For recognizing slip signs, we believe noncontact distance 
sensors, such as ultrasonic or infrared sensors, may be effective.
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