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Abstract. Underground mining operations face significant safety challenges that
make emergency response capabilities crucial. While robots have shown promise
in assisting with search and rescue operations, their effectiveness depends on reli-
able miner detection capabilities. Deep learning algorithms offer potential solu-
tions for automated miner detection, but require comprehensive training datasets,
which are currently lacking for underground mining environments. This paper
presents a novel thermal imaging dataset specifically designed to enable the devel-
opment and validation of miner detection systems for potential emergency appli-
cations. We systematically captured thermal imagery of various mining activities
and scenarios to create a robust foundation for detection algorithms. To establish
baseline performance metrics, we evaluated several state-of-the-art object detec-
tion algorithms including YOLOvS8, YOLOvV10, YOLO11, and RT-DETR on our
dataset. While not exhaustive of all possible emergency situations, this dataset
serves as a crucial first step toward developing reliable thermal-based miner detec-
tion systems that could eventually be deployed in real emergency scenarios. This
work demonstrates the feasibility of using thermal imaging for miner detection
and establishes a foundation for future research in this critical safety application.

Keywords: Deep Learning - Thermal Image - Dataset - Object Detection -
Underground Mine - Underground Emergency

1 Introduction

Human detection is a crucial and complex task in applications such as surveillance mon-
itoring and emergency response. This detection increases the ability to protect life and
property, strengthening security in many different scenarios [1]. The procedure cov-
ers linked tasks including sensor choice, dataset collecting, annotation, machine learn-
ing method, and evaluation metric selection [2]. The effectiveness of human detection
algorithms is greatly affected by the availability of high-quality, large-scale datasets [3].

Detecting humans in underground mines is even more challenging because of envi-
ronmental factors such as low lighting [4]. Current datasets for human detection under-
ground are either limited in volume or lacking in diversity concerning miner postures and
activities because of the challenges associated with data collection underground [5-7].
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The scarcity hinders the development of effective miner detection models and transfer
learning applications, which are crucial for enhancing emergency response and reducing
human casualties in underground mines.

Thermal imaging is more suitable for underground environments than conventional
RGB imaging because thermal images offer reduced noise, consistent image quality
irrespective of lighting conditions, and clear separation between individuals and their
surroundings due to heat signatures [8]. Moreover, thermal imaging protects volunteer
privacy by making it difficult to discern personally identifying traits [9]. Thermal imaging
is a preferred choice for subterranean uses since past research shows it to be effective
for human detection [10].

There is, however, a significant lack of publicly accessible thermal image datasets
for the detection of underground miners. The limited availability of such datasets com-
plicates the training and assessment of deep learning models for miner identification,
which is essential for improving safety and emergency response in underground mines.
The absence of an adequate dataset poses significant obstacles in the development of
effective detection models and the execution of transfer learning [3, 11].

Therefore, this study has two goals. First, we introduce a new miner detection
dataset, Thermal Underground Human Detection (Thermal UHD) dataset, comprising
thermal images obtained from an underground mining setting. This dataset encom-
passes various mining operations, including active work, rest, and emergency situa-
tions (e.g., fluctuations in fire, smoke, and heat). Second, by training object detection
models such as YOLOvS, YOLOv10, YOLOv11, and RT-DETR, we demonstrate the
dataset’s suitability for transfer learning. Our objective is to establish a foundation for
future breakthroughs in this domain and enhance understanding of underground miner
detection.

This paper is divided into six (6) sections. Section one (1) introduces the paper,
section two (2) presents an overview of related thermal datasets, section three (3) presents
the hardware employed and data collection setup used to generate the dataset, section
four (4) presents the object detection benchmarks using transfer learning, section five
(5) presents the transfer learning using our dataset, and section six (6) presents the
conclusions to this paper and recommendations for future research.

2 Related Thermal Datasets

Several thermal image datasets have been developed for various applications, ranging
from pedestrian detection in urban environments to wildlife monitoring [1, 3, 8, 12—
17]. Developing a thermal image dataset requires a correct understanding of the domain
for which the dataset is to be developed. Factors such as visibility, weather conditions,
logistics, and volunteers should be considered when generating a dataset [15].

The existing thermal datasets are centered around terrestrial applications such as
surveillance, tracking, and detection. However, these datasets are not tailored to the
unique conditions of underground mines, such as low visibility. The Thermal UHD
dataset fills this gap by providing thermal images specifically captured in a subter-
ranean mining context, thereby offering a more relevant benchmark for developing miner
detection algorithms.



354 C. Addy et al.
3 Hardware and Data Collection Setup

3.1 Hardware

The data collection for the Thermal UHD dataset was conducted using Spot CAM+IR
with a ROS enabled laptop designed to operate effectively in harsh underground condi-
tions. The camera was equipped with high-resolution thermal sensors capable of detect-
ing miners varying temperature. Data was collected in an active mining site, capturing
various scenarios such as miners at different distances, angles, and in varying postures.

The experimental data collection setup also accounted for environmental factors like
ambient temperature and humidity, ensuring the dataset’s applicability to real-world min-
ing conditions. The hardware specifications of equipment employed for this experiment
are captured in Table 1.

Table 1. Hardware specifications.

Equipment Specification

Spot CAM+IR a. Pan-tilt-zoom (PTZ) camera with 30 x zoom
b. Temperature ranges from —40 °C to +550 °C
c. Display 720 x 575 pixels

Laptop Dell latitude 13 Gen Intel ® Core™ i7

Ubuntu 20.04
ROS Neotic

3.2 Data Collection Setup

Due to the nature of the experiments which involve human subjects, the authors sought
and obtained approval from the University of Missouri Institutional Review Board. All
experiments were conducted at the Missouri University of Science & Technology Exper-
imental Mine, located at 12350 Private Drive 7002, Rolla, Missouri. The Experimental
Mine has two underground and two surface mines with a building complex on a total land
size of about 20 acres. Figure 1 shows sample of images collected during the experiment.
Figure 2 shows the hardware setup used for the thermal image dataset collection.
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b. Smoke

c. Resting

Fig. 1. Sample images generated from the experiments corresponding to the three phases during
our data collection.

3.3 Data Diversity and Labels

Emergencies in an underground mine could be in various forms. To ensure that most
of them can be captured, we employed three phases of data collection to achieve a
diversified dataset, which included normal and emergency scenes. Phase 1 as depicted
in Fig. 1-a required miners to be working while a varying heat source is introduced into
the working environment. Also, as part of phase 1, some images were captured using
fog machines to represent smoke in the underground mine. Phase 2 as shown in Fig. 1-b
involved miners in working conditions under normal temperature while holding various
tools. Phase 3 as shown in Fig. 1-c required miners to be in resting condition. Overall,
the dataset covers five main posture/object classes, which are lying, bending, sitting,
squatting, and standing for the various scenarios considered.
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1 .

Thermal Camera

Onboard PC

Fig. 2. Hardware setup used for the collection of thermal images. Boston Dynamic dog robot
with SPOT CAM+IR camera.

3.4 Data Preprocessing and Annotations

Preprocessing is a critical step to ensure the quality and usability of the thermal images.
The thermal images captured with Spot CAM+IR were in video stream form, which
were then extracted as image frames using a custom Python script. The script utilizes
OpenCV framework to extract the frames from the videos. The raw thermal images from
the Spot CAM+IR were resized to 640 x 640 pixels. The images are then annotated using
makesense.ai. Figure 3 shows sample annotated images bounding box ground truth labels
used.

‘;e"dﬁeﬁam

-

Bending'r

Fig. 3. Sample training images with annotated bounding box ground truth labels.
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4 Object Detection Benchmarks Using Transfer Learning

To validate the dataset’s suitability for object detection training, we employed trans-
fer learning with multiple state-of-the-art neural network architectures. We selected
YOLOVS8 [16], YOLOvVI1O0 [17], and YOLOI1 [18] from the YOLO (You Only Look
Once) family for their enhanced feature extraction capabilities and efficient training
speed. Additionally, we incorporated RT-DETR (Real-Time Detection Transformer)
[19], which leverages transformer architecture to achieve real-time detection while main-
taining high accuracy. All experiments utilized data exclusively from the Spot CAM+IR
Sensor.

The dataset employed for this transfer learning included five (5) posture or object
classes, namely, bending, lying, sitting, squatting, and standing. Figure 4 presents the
distribution of object classes of this dataset as identified by their bounding box labels.

Standing

Bending

S tti
Lying quatting

Sitting

Fig. 4. Object class instances distribution in the dataset employed for the study.

Table 2. Parameters employed for transfer learning on our thermal dataset for object detection.

Model Yolov8 Yolov10 Yolol1 RT-DETR
Parameter

Epochs 300 300 300 300
Learning rate 0.01 0.01 0.01 0.01
Weight decay 0.0005 0.0005 0.0005 0.0005
Optimizer Auto Auto SGD Auto
Batch size 16 16 16 16
Momentum 0.937 0.937 0.937 0.937
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For all benchmark experiments presented in the following section, a total of 7,049
thermal images were used in training and validating those models. The dataset was split
into training and validation with a ratio of approximately 0.65:0.35, that is 4,584 images
for training and 2,465 for validation. Table 2 shows the training parameters such as
learning rate, weight decay, optimizer, and momentum. Figure 5 shows the validation
mAP50 learning curves for the best performing models of this study.

mAPS0

—®— YOLOvV8-n

0.4 4
YOLOv10-s
0.3 —— YOLOI11-1
’ —4&— RITDETR-L
(o] 2I5 5l0 7l5 1(IJO 12|5 ltl'}O 1%5 200

Epoch Number

Fig. 5. MAPS50 dynamics for the entire number of epochs considered for the transfer learning
of the best-performing variants. This shows that these models have been sufficiently optimized
without overfitting during the transfer learning on our dataset.

5 Results and Discussion

We demonstrate the suitability of our dataset on established object detection algorithms
like YOLOVS, YOLOV10, YOLOL11, and RT-DETR for object detection.

5.1 Results

We evaluated the benchmark performance of human detection across previously listed
object detection models with and without transfer learning using our proposed dataset.
Table 3 shows the comparison of mAP50 and F1 scores.
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Table 3. Results on model performance with and without transfer learning.
Model Without transfer learning With transfer learning on our dataset
mAP50 (%) F1 score (%) mAP50 (%) F1 score (%)
YOLOvV8-x 61.30 64.60 78.80 85.40
YOLOvV10-x 59.40 63.40 75.80 85.07
YOLO11-x 57.10 61.10 79.00 85.13
RTDETR-X 60.70 66.00 84.80 82.61

The results after the validation showed that the models performed better after transfer
learning with our dataset on YOLOvVS8-x, YOLOv10x, YOLO11-x, and RTDETR-X.
Opverall, transfer learning with our dataset improves the models for human detection in
an underground mining environment during an emergency.

Although the original dataset has five (5) object classes to represent the various miner
postures, for simplicity we initially evaluated the results based on person detection (i.e.
all class detection results) as opposed to posture detection. Table 4 shows the mAP,
recall, precision, and F1 scores from the study for the detection of all the object classes
after the transfer learning.

Table 4. Results of transfer learning.

Model Params mAP50 (%) Precision (%) Recall (%) F1 score (%)
YOLOvV8-n 3.0M 79.90 76.20 73.20 74.70
YOLOV8-s 11.1M 79.80 77.50 71.80 74.54
YOLOvV8-m 25.8M 78.60 78.90 68.90 73.28
YOLOVS-1 43.6M 79.00 77.50 71.60 74.43
YOLOV8-x 68.1M 78.90 76.60 71.50 73.96
YOLOvV10-n 2.7M 78.40 78.50 69.30 72.39
YOLOvV10-s 8.0M 78.80 77.80 70.90 74.19
YOLOvV10-m 16.5M 78.20 75.70 71.90 73.75
YOLOV10-1 25.7M 78.70 75.90 72.00 73.90
YOLOvV10-x 31.6M 77.80 77.30 71.60 74.34
YOLOI11-n 2.59M 80.10 80.50 71.80 75.90
YOLO11-s 9.4M 80.00 78.10 72.10 74.98
YOLO11-m 20.1M 79.40 76.80 71.90 74.27
YOLO11-1 25.3M 80.20 77.70 72.00 74.74
YOLOI11-x 56.9M 79.30 77.20 71.50 74.24
RTDETR-L 32.0M 74.80 78.50 70.30 74.17
RTDETR-X 65.0M 75.00 78.20 69.90 73.82
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Clearly, YOLO11-1 shows superiority amongst all the other models considered in this
study, also two other variants of YOLO11 follow YOLO11-1 closes, namely YOLO11-n,
and YOLO11-s. Although YOLOv8-n is seen to closely follow the first three variants
of YOLOL11, it could not outperform them. YOLOvV10-s, although the highest among
the YOLOV10 variants, is seen to be behind the least mAP50 of YOLOvS. RT-DETRs
are seen to be the worst-performing models in terms of mAPS50 for this transfer learning
study.

From Table 4, the results show that YOLO1 1-n outperforms all other models in terms
of precision, which might not be the trend for YOLO as the largest variant with more
trainable parameters is likely to have higher precision [20].

The results show that YOLOvS8-n has the highest recall, followed by YOLO11-s,
YOLO11-], and YOLOvV10-1, with YOLOvV8-m being the least of all. Generally, there
is supposed to be an increase in the recall performance as we move from smaller-sized
variants of the models to larger-sized variants but none of these models exhibited this
trend in the results presented in Table 4.

The results show that YOLO11-n has the highest F1 score, although it did not record
the highest mAP50 score. This high F1 score of YOLO11-n could be attributed to the
high precision score which harmonizes the effect of a low recall value.

To further show the ability of the dataset to support posture detection, we analyzed
the data for the ability to accurately detect the five posture classes. Figure 6 presents the
normalized confusion matrix for this algorithm.

Confusion Matrix Normalized

Bending
°
&

027

Predicted
Sitting Lying

Squatting

Standing

025 0.32 017 015

background

Bending Lying Sitting Squatting Standing background
True

Fig. 6. Normalized confusion matrix for one of the YOLOI11 variants.

From Fig. 6, the confusion matrix for one of the YOLO11 variants shows bending
was wrongly detected as standing, and background falsely detected as standing during
our experiment. There were some other false detections for the other posture classes,
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but they were below 0.15. The detection of bending class was worse as compared to the
other classes present in the dataset used for this experiment.

The results still show some misclassifications in detecting certain posture classes
after using our dataset for transfer learning. Figure 7 shows some misclassifications
observed after using our dataset for prediction after transfer learning.

5.2 Discussion

The results in Table 3 show that transfer learning with our dataset helps improve the
model’s performance in detecting various posture classes. This could help detect miners
in various posture classes during underground mine emergencies to facilitate rescue
missions.

The results for the models presented in Table 4 show a diverse array of performance
as the accuracy for the object class did not follow any trend. Results for the accuracy,
when considering just the ability to detect humans (miners), show that thermal images
have different requirements when it comes to object detection. For example, traditionally,
the accuracy of the YOLO variants increases as we move from the smallest to the largest
variant for most RGB images [20]. However, this is not the case in this experiment. In
our experiment, we noted that smaller YOLO model versions regularly demonstrated
superior detection performance. This can be ascribed to two primary factors. Firstly,
our thermal dataset exhibits a relatively simple class distribution, comprising solely
humans in diverse postures. Secondly, the restricted size of our training dataset may
advantage smaller structures, a phenomenon previously observed in investigations of
object detection utilizing small datasets [21, 22].

a. Sitting misclassified as Standing b. Sitting misclassified as Background

Bending 0.84

"

c. Bending misclassified as Background d. Bending misclassified as Standing

Fig. 7. Some misclassification after performing detection with our dataset. Figures 7a. Shows
sitting misclassified as standing, 7b shows sitting misclassified as background, 7c shows bending
misclassified as background, and 7d shows bending misclassified as stand.
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While YOLOv11-1 attained superior performance in our studies, its enhancement
in mAP50 (from 80.1 to 80.2) was negligible when juxtaposed with the lightweight
YOLOvI11-n variation, despite necessitating tenfold the number of parameters. This
indicates that for underground mining applications, where computational resources are
significantly limited, the smaller model variant is a more pragmatic alternative, delivering
enhanced computational and power efficiency.

The most common mistake that occurs is that the bending class is incorrectly identi-
fied as standing. This is most likely the result of an imbalanced training dataset in which
standing poses account for 44% of the labels. Future work should concentrate on two
most important areas: finding the ideal quantity of extra training data that is required to
improve bending detection and improving the detection algorithm itself.

6 Conclusion

We presented an image dataset for underground miner detection during emergencies
and the results of our evaluation of state-of-the-art algorithms like YOLOvVS, YOLOV10,
YOLOL11, RT-DETR-L, and RT-DETR-X using this dataset. The dataset presented in
this work includes 7,049 images acquired with the Boston Dynamics Spot Dog and Spot
CAMH+IR. The images capture miners in various postures and scenarios probable in an
underground mine emergency. To illustrate the usefulness of the data, we conducted
transfer learning with YOLOvS, YOLOv10, YOLO11, RT-DETR-L, and RT-DETR-X
by splitting the data into 4,584 training and 2,465 validation images. The work shows that
YOLO11-1is superior to the other models for underground miner detection. However, we
observed misclassifications that could be attributed to class imbalance. This necessitates
future work to acquire more images to balance the posture classes.

These would serve as a foundation dataset for miner detection in underground envi-
ronments during emergencies. Future work will investigate expanding the dataset to
include more instances of other posture classes.
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