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Objective

Investigate the applicability of deep learning models, particularly Mask R-CNN, for detecti
and segmenting archaeological structures based on airborne LIDAR data in the Puuc reg
of Yucatan, Mexico.
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Adapted from "Combined detection and segmentation of
data using a deep learning approach," door A. Guyot,
(2021), Journal of Computer Applications in Archaeolog




e3MSTP van het studiegebied verdeelt in 4 kwadranten

Legende g Acambalam 2

© Maya-sites

e3MSTP

RGB
I Red: v3mstp

[ Green: v3mstp

N

0 100 200

CONANPjEsripTomTom,
Guatemala

Garmin, FAO, NOAA, USGS
Tegucigalpa







classifier . .
pc.tit(epochs=100, lr=myLR, early stopping=True)

‘ pooling Q C— 74.00% [74/100 1:48:40<38:10]

epoch train_loss valid_loss average_precision time

proposals . 0 2939283 2338507 0.144679 01:51
rC n Ine 12139708 1730215 0.322651 01:45

2 1726137  1.465050 0.342089 01:32

¥

Region Proposal Networ
feature maps

Faster R-CNN

conv layers /

P R / i

| 2k scores | | 4k coordinates l - k anchor boxes

cls layer ‘ ’ reg layer

| 256-d |
intermediate layer L Mask Head
t | P = = Faster R-CNN  + MaskHead > Mask R-CNN

: MASK-R CNN =>» Object instance segmentation

.
.

sliding window

conv feature map

Adapted from "Faster R-CNN Object Detector | ArcGIS API for Python," (z.d.). Geraadpleegd via
https://developers.arcgis.com/python/guide/faster-rcnn-object-detector/
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\
» 6 — Buildings: good balance between precision and recall

» 1 — Ring-shaped structures: High precision but lower recall

loU >=0,3000
loU >= 0,3000 Precision Recall F1Score AP True Positive False Positive False Negative
All Classes 00,6696 0,8343 0,7430 0,6269 685,0000 338.0000 136,0000
5] 0,6386 09213 0,7544 0,6731 585,0000 331,0000 20,0000
1 0,9346 0.,5376 0,6826 0.5025 100,0000 .0000 86,0000

» Post-processing

loU >=0,3000
loU == 10,3000 Precision Recall F1Score AP True Positive False Positive False Negative
All Classes 0,7167 0,8343 0,771 0,6559 | 683,0000 270,0000 136,0000
6 0,6891 09213 | 0,7885 0,7082 | 583,0000 263,0000 50,0000
1 0,9346 0,5376 | 0,6826 0,5025 | 100,0000 7.0000 86,0000






GROUND TRUTH EXPAND THE TRAINING TEST DATASET
MANUALLY ANNOTATED DATASET FOR BETTER
— OBJECTIVE MODEL TRAINING
METHODS




Buildings
» Good balance between precision and recall
* Robust for building segmentation

Ring-shaped structures
* High precision, low recall
* Model is cautious, few mistakes but many missed posit

Evaluation and Optimization

« Current approach effective for identifying archaeologica
structures

 Further optimization needed to increase recall of ring-
shaped structures

Key Insights

« Accelerates the discovery and analysis of
sites hidden under dense vegetation

« Enhanced techniques for cultural herit
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