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Hyperparameter/process Previous value/setti New value/settings ~ Observed impact on del
Number of layers in the neural network 3layers 4layers Increased ability to model complex patterns
Number of units per layer 64units 128 units Improved detection of sublle features

Learning rate 001 0.001 More stable convergence and reduced overfitting
Regularization (dropout) 02 03 Reducing variability and improving gener:
Weight initialization method Random Thave normal Optimization of inital training

Optimization algorithm SGD Adam Improvements in convergence speed and quality
Batch size £ 64 Improved computational efficiency and stability

Frequency range in voice analysis 80-3000H 504000 Hz Expanded detection of pain-related voice tones

Wrinkle detection threshold Intensity >0.5 Intensity >0.3 Increased sensitivity to less pronounced wrinkles
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Method Precision Recall AUC

Our model 92% 90% 93% 91% 95%
Traditional SVM 89% 85% 90% 87% 90%
CNN for images 87% 88% 85% 86% 89%

Hybrid sensor system 90% 86% 88% 8% 91%
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Fold Precision Recall

1 92% 88% 093
2 90% 86% 090
3 93% 89% 095
4 91% 87% 092

5 94% 90% 096
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Model/approach

CNN (facial gestures)
LSTM (paralanguage)

Combined model (CNN + LSTM)
SVM (support vector machine)
Decision trees.

Feedforward neural networks
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Ch:

wrinkles on the forehead

cteristic

Eye-opening
Depth of nasolabial folds
Voice tone

Speech thythm

speech intensity

lip compression

Eyebrow lift

Nod

Duration of facial expressions

Importance (%)

18%

12%

15%

20%

8%

10%

Description

Frowning is common in expressions of pain.

‘Widely opened eyes may indicate surprise or tension due to pain.

‘The marking of lines around the nose and mouth is associated with pain.
‘Acute variations in tone can denote pain.

Changes in speech rate may reflect responses to pain.

Increased vocal intensity may indicate pain.

‘Tight lips are a common reaction to pain.

Raising your eyebrows can be an indicator of pain.

An inclination or rotation of the head can show discomfort.

‘The length of time that certain expressions are maintained can indicate the intensity of the pai
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Characteristic Modified parameter Previous valu: Adjusted value

wrinkles on the forehead  Detection sensitivity 05 075 ation of slight puckers

Eye-opening Opening threshold 03 02 Increased surprise or tension detection precision

nasolabial olds Detection depth 04 06 More excellent discrimination in the intensity of
the pain gesture

Voice tone Frequency range 100-3000 Hz 80-3500 Hz Improved detection of subtle variations in pain

Speech thythm speaking speed 100 words/min 90 words/min Increased sensitivity to changes in speech rate

speech intensity Intensity threshold 06 04 Improved capture of volume fluctuations

associated with pain





OPS/images/fcomp-06-1424935/fcomp-06-1424935-g005.jpg
Nasolabial folds





OPS/images/fcomp-06-1424935/fcomp-06-1424935-t001.jpg
Device Model

Camera Intel real sense depth
camera D435

Camera Logitech brio 4K

webcam

Microphone  Rode NT-USB.

Microphone  Shure MV88+ video
kit

Microphone  Audio-technica
AT2020USB+

Technical characteristics

Resolution: 1920x 1080 - frequency: up to 90 fps - field of view: 86° x 57°

- depth range: 0.2m to 10m

Resolution: up to 4K (4096x2160) - frequency: up to 90 fps in Full HD
~ feld of view: up t0 90 degrees - RightLight 3 technology with HDR

Cardioid polar pattern - frequency range: 20 Hz - 20kHz - includes pop

shield, tabletop tripod, mounting ring, and case

Adjustable polar pattern and DSP - lightning and USB-C connector -

stereo or mono recording - includes mobile recording kit

Cardioid polar pattern - frequency range: 20 Hz - 20kHz - mix and

volume control - includes tripod and carrying case.

Rationale for selecti

Capture 3D images and their depth of field.

High resolution, good performance in variable
lighting conditions, and lack of 3D capture.

Studio quality and cardioid polar pattern that

captures front sound clearly, minimizing
background noise.

Versatile and portable, it may be less effective at
capturing more controlled, high-quality sound.

It has excellent audio quality, but the Rode NT-USB

was preferred for its accessories and adaptability.
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Anomalies found

Applied

preprocessing

Video (Facial
Gestures)

Audio
(Paralanguage)

Obstruction of view,
lighting variations, motion
artifacts

Background noise,
distortion, volume

variations

Illumination normalization,
obstructed segment filtering,
image stabilization

Volume normalization, noise
filtering, speech clarity

improvement
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References Models Pretrain datasets Accuracy

Ouyang et al. (2013) SVM Faster R-CNN N/A N/A

Nie et al. (2019) CNN+ Attention ImageNet 78.05%

Kim etal. (2021) Cascaded Faster R-CNN PlantCLEF 91.62%

Afzaal etal. (2021) Mask R-CNN MS-COCO 82.43%
YOLACT MS-COCO 79.71%

Our work 'YOLOV8s-Transformer N/A 91.2%

The bold values indicate highest value.
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Models Precision Recall

YOLOvSs 76.40% 61.80% 7™

YOLOv5s-Transformer 79.20% 62.10% 7.5M 16.4
YOLOv5s-ShuffleNetv2 73.00% 68.00% 73.50% 21IM 40.4
YOLOSs-EfficientNet 75.10% 57.00% 67.80% 23M 439
YOLOSs-shuffle-trans 67.40% 65.00% 67.80% 36M 50.2
YOLOSs-efficient-trans 78.90% 55.00% 65.60% 38M 53.6
YOLOvSs 79.90% 60.90% 72.30% 1M 284
YOLOvSs-transformer 74.80% 69.70% 78.10% 20.5M 38.2
'YOLOv8s-Trans-Ghost-SIoU-Pretrain 80.40% 70.30% 80.30% 3.4M 11.5

The bold values indicate highest value.
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Model tivatio Loss » Param:

YOLOVSs SiLu CloU 76.40% 73.60% ™

YOLOVSs SiLu CloU 79.90% 72.30% 1M 284
YOLOVSs-Ghost SiLu CloU 75.00% 72.10% 52M 199
YOLOVSs-Trans- Mish CloU 66.70% 69.80% 34M 115
Ghost

YOLOVSs-Trans- Mish SloU 67.30% 72.60% 34M 115
Ghost

YOLOvS8s-Trans- SiLu SloU 70.70% 74.40% 3.4M 11.5
Ghost

YOLOvVS8s-Trans- SiLu CloU 75.70% 70.20% 3.5M 15.5
Ghost-CBAM

YOLOvS8s-Trans- SiLu SloU 80.40% 80.30% 3.4M 115

Ghost-Pretrain

The bold values indicate highest value.
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Loss mAP@.5 mAP@.95

function
YOLOVSs CloU 73.60% 47.40%
YOLOVS5s- DIoU 69.70% 44.20%
Transformer
YOLOVS5s- EloU 64.70% 38.10%
Transformer
YOLOVSs- GloU 64.40% 40.00%
Transformer
YOLOVSs- CloU 75.60% 48.60%
Transformer
YOLOvS5s- SloU 75.70% 46.10%
Transformer
YOLOVSs CloU 72.30% 49.40%
YOLOVSs- DIoU 78.20% 50.20%
Transformer
YOLOVSs- EloU 76.90% 49.70%
Transformer
YOLOVSs- GloU 77.90% 48.50%
Transformer
YOLOVSs- CloU 78.10% 52.90%
Transformer
YOLOVSs- SloU 79.80% 52.30%
Transformer

The bold values indicate highest value.
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Model Loss R Params

YOLOvSs CloU 79.90% 60.90% 72.30% 1M

YOLOv8s-Ghost CloU 75.00% 61.00% 72.10% 52M 199
YOLOvS8s-Ghost SloU 77.10% 60.00% 71.50% 52M 199
YOLOVSs- CloU 74.80% 69.70% 78.10% 20.5M 382
Transformer

YOLOVSs- SloU 78.80% 65.90% 79.80% 20.5M 382
Transformer

YOLOvS8s-Trans- SloU 70.70% 69.80% 74.40% 34M 11.5
Ghost

YOLOvS8s-Trans- SloU 80.40% 70.30% 80.30% 3.4M 115

Ghost-Pretrain

The bold values indicate highest value.
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Strawberry Number of samples
dataset
Validation

Normal 1414 404 202
Gray mold 420 120 60
Black spot 364 104 52
Powdery mildew 287 82 41
Rubber 252 72 36
Total 630 180 90
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Model Activation Loss function AP@ Params

YOLOvSs SiLu CloU 88.30% ™

YOLOVSs-Ghost SiLu CloU 87.30% 5.81M 134
YOLOv5s-Transformer SiLu CloU 89.40% 7™ 158
YOLOVSs-Transformer-Ghost SiLu CloU 86.70% 5.81M 132
YOLOvSs SiLu CloU 90.50% 1M 285
YOLOVSs-Ghost Mish CloU 88.80% 5.18M 19.9
YOLOvS8s-Ghost SiLu CloU 86.10% 5.18M 19.9
YOLOVSs-Transformer SiLu SloU 91.20% 20.5M 302
YOLOv8s-Trans-Ghost Mish SloU 88.30% 3.4M 11.5
YOLOVSs-Trans-Ghost Mish CloU 87.60% 34M 115

The bold values indicate highest value.
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Metrics I RC DRFI MC MDF DSR DCL ELD

Cheng| (Jiang Zhao i Tang Liand lLee

etal, etal., etal, etal, Yu, etal,

2014) | 2013 2015 2016 20163 2016
PASCALS MAE 0222 0.225 0221 0.147 0.145 0128 0.108 0.121 0.099 0.080
ECSSD MAE 0.195 0.187 0.166 0.107 0.108 0.037 0071 0.098 0.063 0.052
HKU-IS MAE 0.058 0.165 0.143 0.098 0.129 0.040 0.048 0.071 0.048 0.039
soD MAE 0249 0242 0215 0.184 0.155 - 0.126 0.154 0.143 0.118

The bold values (lowest score) indicate the best performance.
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Models ckbone architecture AP APs APg APm

Fast R-CNN (Girshick, 2015) ResNet 205 39.9 194 41 200 358
ION (Bell etal., 2016) - 236 2 236 64 241 382
OHEM+FRCN (Shrivastava etal, | VGG16 226 25 22 5.0 237 346
2016)

Faster R-CNN (Ren et al., 2015) ResNet 242 453 235 7.7 264 37.1
YOLOV2 (Redmon and Farhadi, Darknet 216 44.0 192 50 224 355
2017)

$SD300 (Liu et al., 2016) VGG16 232 412 234 53 232 396
$SD512 (Liu etal., 2016) ResNet-50 268 465 278 9.0 289 419
R-FCN (Dai et al,, 2016) ResNet101 292 515 - 108 328 450
R-FCN (multi-scale training) (Dai | ResNet101 299 519 - 104 324 433
etal,, 2016)

EPN (Lin etal, 2017a) ResNet101 362 59.1 390 182 390 482
Mask R-CNN (He et al., 2017) ResNet101+FPN 382 603 417 201 411 502
Mask R-CNN (He et al., 2017) ResNeXt101+4FPN 398 623 434 221 432 512
DSSD513 (Fu et al., 2017) ResNet101 332 533 352 13.0 354 511
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Train Validation TrainVal Test

Objects Image Objects Image Objects Image Objects
VOC-2007 2,501 6301 2,510 6307 5011 12,608 4,952 14,976
VOC-2007 5717 13,609 5,823 13,841 11,540 27,450 10,991 -
ILSVRC-2014 456,567 478,807 20,121 55,502 476,688 534,309 40,152 -
ILSVRC-2017 456,567 478,807 20,121 55,502 476,688 534,309 65,500 -
MS-COCO-2015 82,783 604,907 40,504 291,875 123,287 896,782 81,434 -
MS-COCO-2017 118,287 860,001 5,000 36,781 123,287 896,782 40,670 -
Objects 365-2019 600,000 9,623,000 38,000 479,000 628,000 10,102,000 100,000 170,000
0ID-2020 1,743,042 14,610,229 41,620 303,980 1,784,662 14,914,209 125436 937,327
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Algorithm

Researchers
(Year)

Region proposal

Softmax
incorporated

Loss function

References

Cascade Zhaowei Cai, ‘Two-stage: uses Faster True hybrid, Yes Multi-stage Cai and Nuno, 2018
R-CNN Tsung-Yi Lin, Wei R-CNN for region proposals | combining learning with SGD:
‘Wei, Songtao Xu in the first stage. Subsequent | one-stage (initial Smooth L1 loss for
(2018) stages refine proposals proposals) and bounding box
based on previous two-stage regression, softmax
predictions. (refinement). loss for
classification
Mask Kailin He, Georgia | Two-stage: Uses standard Not necessarily a Yes Multi-stage He etal., 2017
R-CNN Gkioxari, Piotr Mask R-CNN for region hybrid in the learning with SGD:
with Cascaded | Dollar, Ross proposals (no cascade for context of region Smooth L1 loss for
Head Girshick (2017) proposals). Cascaded proposals. bounding box
structure applies only for regression, softmax
the mask prediction branch. loss for
classification,
binary
cross-entropy loss
for mask prediction
Libra Jiangmiao Pang, Kai Hybrid: Chooses between True hybrid, Yes Multi-task learning Pang et al,, 2019
R-CNN Chen, Jianping Shi, | YOLOV2 (one-stage) and dynamically using with SGD: Focal
Huajun Feng, Faster R-CNN (two-stage) both types of loss for
Wanli Ouyang, proposals based on proposals. classification,
Dahua Lin confidence scores. Smooth L1 loss for
(2019) bounding box
regression
RegNet Jing Xu, Yu Pan, One-stage: No explicit Not a hybrid in Yes Multi-task learning Xuetal, 2021
Xinglin Pan, Steven region proposals. Uses terms of region with SGD: Focal
Hoi anchor boxes for candidate proposals. loss for
(2021) object locations. classification,

smooth L1 loss for
bounding box
regression
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Architecture

Authors
(Year)

Region proposal

Bounding box

Loss function

References

prediction

R-CNN Girshick et al. Selective Search SVM classification SVM hinge loss Girshick et al., 2014a
(2014)
Fast Girshick et al. RPN Shared CNN layers with Multi-task learning with SGD: Girshick, 2015
R-CNN (2015) (CNN-based) region-specific features Smooth L1 loss, softmax loss
Faster Ren etal. RPN Shared CNN layers with Rol Multi-task learning with SGD: Ren etal, 2015
R-CNN (2015) (CNN-based) Pooling Smooth L1 loss, softmax loss
Mask Heetal. RPN Shared CNN layers with Rol Multi-task learning with SGD: Heetal, 2017
R-CNN (2017) (CNN-based) Pooling and mask prediction Smooth L1 loss, softmax loss,
branch binary cross-entropy loss
Cascade Cai and Nuno RPN Multi-stage refinement with Multi-stage learning with SGD: Cai and Nuno, 2018
R-CNN (2018) (CNN-based) residual connections Smooth L1 loss, softmax loss
RetinaNet Linetal. FPAN-based anchor FPN-based multi-level Focal loss, multi-task learning Linetal, 2017b
(2017) generation prediction with focal loss with SGD: Smooth L1 loss,
softmax loss
PolarMask Xieetal. RPN Shared CNN layers with Rol Multi-task learning with Adam: Xie etal,, 2020
(2020) (CNN-based) Pooling and mask refinement Smooth L1 loss, softmax loss,
branch binary cross-entropy loss
NAS-FPN Ghiasi et al. RPN Shared CNN layers with Multi-task learning with SGD: Ghiasi et al., 2019
(2019) (CNN-based) NAS-designed FPN NAS-optimized loss function
Deformable DETR Zhuetal. Transformer-based Set Transformer-based Hungarian loss Zhuetal, 2021
(2021) proposal generation bounding box prediction
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Methods ackbone AP APs S APy

ExtremeNet (single-scale) Hourglass -104 40.2 55.5 43.2 204 432
CornerNet511(multi-scale) Hourglass -104 42.1 57.8 45.3 208 448 56.7
ExtremeNet (multi-scale) Hourglass -104 43.7 60.5 47 24.1 46.9 57.6
Centernet511(single-scale) Hourglass -104 437

Centernet511(multi-scale) Hourglass -104 47 64.5 50.7 28.9 49.9 58.9
CetripetalNet w./o mask (single-scale) Hourglass -104 458 63 49.3 25 48.2 58.7
CetripetalNet w./o mask (multi-scale) Hourglass -104 47.8 65 515 289 50.2 59.4
CetripetalNet (single-scale) Hourglass -104 46.1 63.1 49.7 25.3 48.7 59.2
CetripetalNet (Multi-scale) Hourglass -104 48 65.1 51.8 29 50.4 59.9
Instance segmentation performance comparison

CetripetalNet (single-scale) Hourglass -104 38.8 60.4 41.7 197 41.3 51.3
CetripetalNet (Multi-scale) Hourglass -104 40.2 623 43.1 25 42.6 52.1

The bold values (with highest score) indicate the best performance.
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Model Backbone AP AP; AP APMq

MNC ResNet-101-C4 246 443 48 47 259 136
FCIS +OHEM ResNet-101-C5-dilated 292 495 - 7.1 313 50
Mask RCNN ResNet-101-C4 331 549 348 12.1 356 511
Mask RCNN ResNet-101-FPN 357 58 37.8 155 38.1 524
Mask RONN ResNetXt-101-FPN 37.1 60 394 169 399 535
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Model Resea Backbol Key Parameter ataset Input References
SSD Liuetal. VGG-16 Simple, 1-stage VOC 2007 300x300 Liuetal,, 2016
SqueezeDet Wuetal. Fire modules Better accuracy COCO 2017 Various Wuetal, 2017
RetinaNet Linetal. Resnet-50 Improved accuracy COCO 2017 800x800 Lin etal, 2017b
DSSD Fuetal. VGG-16 Small Objects prediction | VOC 2007 300x300 Fuetal, 2017
DenseNet Huang et al. DenseNet Higher accuracy VOC 2007 300x300 Huang et al., 2017
MobileNet Sandler et al. MobileNet Lightweight VOC 2007 300x300 Sandler etal, 2018
Mobiledets Xiong et al. MobileNet Fast and real-time coco 300x300 Xiong et al., 2021
CornerNet Law and Deng Hourglass network | Key-point detection COCO 2017 Various Law and Deng, 2018
NAS-FPN Ghiasi et al. Neural Architecture | Optimized FPN COCO 2017 Various Ghiasi et al,, 2019
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OLO Researche Backbone a e o o ed datase A a AP Detection head Reference
YOLOv1 Redmon et al. (2016) GoogleNet Square Error VOC2012 57.90% Connected Layers, Redmon etal,, 2016
VOC 2007 63.40% Linear regression
YOLOv2 Redmon et al. (2017) Darknet-19 Logistic regression COCO dataset 44.00% Multi scale prediction, Redmon and Farhadi,
VOC 2012 (0.5 IoU threshold) | 78.60% Connected Layers 2017
VOC 2007 78.80%
YOLOV3 Redmon etal. (2018) Darknet-53 Binary cross COCO 80.50% FPN Redmon and Farhadi,
Entropy VOC 2007 57.90% 2018
COCO dataset 33.00%
YOLOv4 Bochkovskiy et al. (2020) CSPDarknet-53 Consolidated ToU COCo 40-61% 62.8% (Ap-50 at SPP PANet Bochkovskiy et al., 2020
over 96 FPS)
YOLOvVS Glenn Jocher et al. Ultralytics CSPDarknet-53 CIoU COoCco 55.8% (YOLO-v5s) SPPE CSP-PAN Jocher et al., 2021
(2021) 62.4% (YOLO-v5m)
65.4% (YOLO-v5l)
YOLOv6 Li et al. at Meituan (2022) Efficient REP CIou COCo 43.5% (YOLO-v6-S) REPPAN Lietal, 2022
149.7% (YOLO-v6-M)
51.7%
(YOLO-v6-L-ReLU)
YOLOV? ‘Wang etal. (2023) Extended ELAN CIoU CoCco 52.8% (YOLO-v7-tiny) PAN and SPPCSPC Wang et al,, 2023
69.7% (YOLO-v7)
71.1% (YOLO-v7-X)
70-84.5%
YOLOV8 Reis et al. (2023) modified CSPDarknet53 CIOU with weight COCO and VOC 53.98% (on COCO) PAN and SPP Reis etal., 2023
loss calculation
YOLOVY ‘Wang and Liao (2024) GELAN PGI Coco Improved accuracy to Anchor-free mechanism Wang and Liao, 2024
SOTA
YOLOv10 Wang et al. (2024) Enhanced version of CSPNet Combines elements coco Improved accuracy to Adaptive anchor ‘Wang etal,, 2024
of classification loss, SOTA assignment and dynamic

localization loss,
and objectness loss

label assignment
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Activation function Mathematical Benefits Limitations Optimal use cases
representation

ReLU £(x) = max(0,x) Computationally efficient, Susceptible to Dying ReLU Widely adopted in various

(Fukushima, 1975) Alleviates vanishing gradient issues | phenomenon architectures

Sigmoid @)= = Produces binary-outputs (0and 1) | Vulnerable to vanishing Primaily for binary

(Ramachandran et al., 2017)

gradients, Saturation effects

classification tasks

Tanh
(Hereman and Malfliet, 2005)

f(x) = tanh(x)

Outputs centered between -1and 1,
Superior gradient behavior
compared to Sigmoid

Saturation effects at extremes

Viable alternative to Sigmoid
function

Leaky ReLU f(0) = max(x,x) (isa Mitigates Dying ReLU issue, More intricate than standard | Effective in preventing

(Bai, 2022) small positive constant) Reduces vanishing gradient risk ReLU neuron inactivity

ELU f)= Produces smoother outputs Increased complexity relative Suitable for deep neural
(Clevert et al., 2015) x ifx>0 compared to ReLU, Prevents Dying | to ReLU networks requiring robustness’

a(e*—1) otherwise
(e is the leakiness parameter)

ReLU issue

SELU
(Zhuetal, 2023)

fE)=h-e-&—a(anda
are constants)

Self-normalizing properties, Scaled
variant of ELU function

More complex
implementation than ELU

High gain scenarios (requires
careful tuning)

Swish
(Ramachandran et al., 2017)

f(x) = x - sigmoid(B - x) (B is
a tunable hyperparameter)

Facilitates smooth gradient
propagation, Non-monotonic
behavior enhances expressiveness

More computationally
intensive than ReLU
alternatives

Balances performance and
efficiency in various
applications

Mish
(Ramachandran et al., 2017)

£ = x - tanh(In(1 + ¢)

Provides smooth outputs akin to
ReLU, Enhances training stability
through improved gradients

Complex computational
overhead compared to
simpler functions

Optimal for scenarios
requiring superior
optimization performance
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