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Railroad Maintenance

e Constant stress from heavy usage
leads to wear and tear

e Loose or missing bolts can cause
train derailments

e Current inspection methods are
often slow and inefficient

e Require personnel to walk along
tracks in dangerous weather,

posing safety risks SN/ 7




Automated Detection of Track Bolts
Using Object Detection

e Computer vision technique to detect objects in images and
videos

e Trained on large datasets for accurate recognition

e Automatically detects missing track bolts
e Enhances rail safety for both freight and passenger transport
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You Only Look Once (YOLO)
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Proposal generator

i Objectness :
Classification’
Box ]
: regression :

(a) Two-stage Faster R-CNN (b) One-stage RetinaNet

e YOLO is areal-time object detection model using CNNSs.
e Unlike two-stage models, it detects objects in one pass.
e This study focuses on YOLOvV5, v8, v9, and v10. VAL
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You Only Look Once (YOLO)
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YOLO Sizes

e YOLO has various sub-versions
optimized for different hardware.

e Smaller models are faster and
suitable for low-power devices,
but with reduced accuracy.

e Larger models deliver higher
accuracy but require more
processing power.

e Choosing the right version depends on the trade-off

between speed and accuracy.

3]

Model

Speed CPU
ONNX (ms)

Speed A100
TensorRT (ms)

Params

YOLOvV8n

80.4

0.99

8.7

YOLOvV8s

128.4

1.20

28.6

YOLOv8m

234.7

1.83

25.9

YOLOvSI

375.2

2.39

43.7

YOLOvV8x

479.1

3.53

68.2




Model Comparisons — YOLOV5

YOLOV5 introduced major architectural improvements,
Including CSP-Darknet53 as its backbone. [g]

YOLOv5u, an updated version, includes anchor-free detection
features from YOLOVS.

Anchor-free split head improves bounding box prediction.
This study uses the YOLOv5u version for all tests.




Model Comparisons — YOLOVS

e YOLOVS introduces anchor-free and objectness-free split-head
architecture. [9]

e Enables faster, more efficient predictions with minimal accuracy
loss.

e Chosen for this research due to anchor-free detection, like
YOLOVb5u.

e Features an enhanced backbone and neck, improving feature

extraction. .
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Model Comparisons — YOLOvV9

(a) Input Image (b) PlainNet (¢) ResNet (d) CSPNet (e) GELAN

e YOLOW9 introduces two key innovations: PGl and GELAN.

o PGI (Programmable Gradient Information) reduces data loss as layers increase.

o GELAN (Generalized Efficient Layer Aggregation Network) combines multi-level
features using parallel and efficient connections to improve speed and accuracy
without extra complexity.

e Preserves image structure and improves computational efficiency.

e Solves a limitation found in previous YOLO versions. Var




Model Comparisons — YOLOvV10

YOLOV10 uses an updated CSPNet backbone for better
gradient flow and speed. [11]

Introduces NMS-free detection for lower latency.

Includes a lightweight classification head to reduce redundant
computation.

Chosen for its high computational efficiency, though less

effective for small objects.
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Dataset

High-quality, diverse dataset is
essential for accurate model training.

Images differ in bolt location and
orientation to improve robustness

Sourced from Roboflow and Kaggle,
then labeled and augmented

152 for training, 39 for testing, and
73 for validation (Total 264 images)

Dataset contains no True Negatives
(TN).




Evaluation Metrics for Model Performance

e Precision p
The proportion of correct positive Precision =
. : iy TP + FP
predictions out of all predicted positives
e Recall TP
Recall =
T TP Y FN

The proportion of actual positives
correctly identified by the model

e F1 Score F1 =2
The harmonic mean of precision

and recall, balancing both metrics SN/ 7

Precision * Recall

Precision + Recall




YOLOvV5u Model Results

e YOLOV5Iu showed the
best overall performance,
with the highest F1 and
recall.

e Recall was prioritized to
minimize False Negatives
In detecting missing bolts.

e Precision ranked fourth,
but recall was more critical
for this task.

Model Precision Recall F1
YOLOv5nu 0.7848 0.8378 0.8105
YOLOvV5n6u 0.8378 0.8378 0.8378
YOLOv5su 0.8472 0.8243 0.8356
YOLOv5s6u 0.8133 0.8243 0.8188
YOLOvV5mMu 0.7750 0.8378 0.8052
YOLOvV5m6u 0.7738 0.8784 0.8228
YOLOV5Iu 0.8272 0.9054 0.8645
YOLOV5I6u 0.7209 0.8378 0.7750
YOLOv5xu 0.7033 0.8649 0.7758
YOLOv5x6u 0.8472 0.8243 0.8356




YOLOvV5u Model Results

e False Negatives occur when
missing bolts are misclassified
as background.

e This slightly lowers the overall
score.

e The low number of False

Negatives contributes to a
high recall of 0.9054.

Confusion Matrix

67 14
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Missing Bolts
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YOLOV8 Model Results

e YOLOV8x and YOLOvV8m-oiv7 Model Precision | Recall F1
: YOLOV8nN 07901 | 08649 | 0.8258
are top-performing models. YOLOV8n-oiv7 | 0.7763 | 0.7973 | 0.7867
: YOLOVSs 0.8250 | 0.8919 | 0.8571

. -

Y_OLOV8m OIv7 has the YOLOV8s-oiv7 | 08769 | 0.7703 | 0.8201
highest recall at 0.8919, YOLOvBm | 0.7619 | 0.8649 | 0.8101
- YOLOV8m-oiv7 | 0.8462 | 0.8919 | 0.8684
closely following the top score SR 57555085150 8408
of 0.9054. YOLOv8l-oiv7 | 0.8378 | 0.8378 | 0.8378
. . o YOLOV8x 0.9028 | 0.8784 | 0.8904
e Since recall is the priority, YOLOV8x-0iv7 | 07126 | 08378 | 0.7702

YOLOv8m-oiv7 is preferred in
this study.




YOLOV9 Model Results

e YOLOVOt and YOLOV9e both Model Precision Recall F1
achieved the highest recall score | voLovot | 07444 | 09054 | 08171
of 0.9054. YOLOV9s 0.8025 0.8784 0.8387

e YOLOV9e showed slightly better | YOLOvIm | 06989 | 08784 | 0.7784
precision at 0.7701, compared to | YooV | 07857 | 08919 | 0.83>4
0.7444 for YOLOVOL. YOLOv9e | 07701 | 09054 | 0.8323

e It also had the highest F1 score, indicating a stronger balance between
precision and recall.

e \With these metrics, both models are strong candidates for detecting

missing track bolts.




YOLOV9 Model Results

Model MAP@50 + CI MAP@50-95 + CI Recall + CI
YOLOV9t 0.73720+0.0111 | 0.43336+0.00844 | 0.74035+ 0.01053
YOLOV9e 0.57562 + 0.02370 | 0.29706 + 0.01361 | 0.57689 + 0.01972

e A confidence interval (Cl) test shows that YOLOv9t
outperforms YOLOvV9e in mMAP@50, mAP@50-95, and recall.

e The differences are statistically significant, confirming YOLOvOt
as the best-performing model in the YOLOV9 series.




YOLOvV10 Model Results

e YOLOV10l showed the best

Model Precision Recall F1
overall performance among YOLOv1On | 0.8358 0.7568 0.7943
the YOLOvV10 variants. YOLOV10s 0.8462 0.7432 0.7914

YOLOvV1Om 0.7294 0.8378 0.7799

e [t shares the highest recall of vorovios T o070 T o838 | 07652

0.8378 with YOLOv10m and YOLOv1Ol | 09118 | 08378 | 08732

YOLOvV10b but outperforms YOLOv1Ox | 0.8356 | 0.8243 | 0.8299

them in all other metrics.
e Its precision is 0.9118, the highest among all YOLO models

tested.




Best Models

Model Precision Recall F1
YOLOvV5SIu 0.8272 0.9054 0.8645
YOLOv8x 0.9028 0.8784 0.8904
YOLOVOt 0.7444 0.9054 0.8171
YOLOV9e 0.7701 0.9054 0.8323
YOLOv1O0I 0.9118 0.8378 0.8732
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Future Work

e Incorporate video data and diverse weather conditions to
Improve model robustness.

e EXxplore newer YOLO versions and test non-YOLO real-time
detection models.

e Add a “bolt present” class to evaluate the impact on model
performance.




Conclusion

Machine learning can improve railway safety by detecting
missing track bolts efficiently and reliably.

Four YOLO models were tested: YOLOvV5, YOLOvVS8, YOLOV9,
and YOLOvV10.

YOLOV5Iu achieved the highest recall score of 0.9054 and
showed the best overall performance.

YOLOvV8x can be the best model for detecting missing bolts.

Results confirm that Al-based object detection is

effective for railway defect detection.
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