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Abstract. This study explores using Artificial Intelligence (AI) to enhance the 

detection of archaeological features from images taken by Unmanned Aerial Ve-

hicles (UAVs). The aim is to complement traditional archaeological survey meth-

ods. With the advancement of Remote Sensing (RS), the use of low-altitude sys-

tems for documenting archaeological sites has become popular due to cost-effec-

tiveness. Additionally, the application of Machine Learning (ML) and Deep 

Learning (DL) techniques has shown promise in improving the efficiency of ar-

chaeological feature detection. However, there are still challenges in accurately 

interpreting results, especially when methodologies are inadequate. This study 

addresses the need to detect non-uniformly better-distributed surface ceramics in 

high-resolution aerial images, a challenge characterized by imbalanced data dis-

tribution. The authors propose an innovative AI-driven methodology; the re-

search aims to fill a gap in the current literature, improving the precision and 

reliability of archaeological research through advanced technological ap-

proaches. Upon reviewing the overall results alongside the in-situ survey records, 

it has been determined that using high-resolution UAV imagery combined with 

automated AI methods is an effective preliminary approach for detecting surface 

archaeological ceramics. 
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1 Introduction 

1.1 A Subsection Sample 

This study aims to unveil the vast potential of Artificial Intelligence (AI) in Unmanned 

Aerial Vehicle (UAV) imagery for automated archaeological feature detection, with the 

noble aim of bolstering traditional fieldwalking archaeological surveys. Over the years, 

Remote Sensing science has proven its mettle in bolstering archaeological research [1]. 

Drones and other low-altitude systems have been widely embraced for documentation 

purposes of archaeological sites due to their cost-effectiveness [2].  Moreover, analyti-

cal tools such as machine learning automatic detection have revolutionized the effi-

ciency of archaeological feature detection [3]. Researchers have recently harnessed 

computer vision techniques and deep learning with artificial intelligence to elevate ar-

chaeological research to new heights. In 2020, [4] underscored the surge in the use of 

these advanced technologies. The success of remote sensing approaches is intricately 

woven with the methodology used during the research process. However, there are in-

stances when the methodology used is insufficient, making it challenging to assess the 

outcomes accurately. Consequently, it becomes difficult to interpret the results in a way 

that aligns with the research objectives. According to a recent study conducted by [5], 

although Machine Learning (ML) and Deep Learning (DL) algorithms are widely used 

for the classification and identification of ceramics, the results from the detection of 

archaeological structures using the DL algorithm (especially with aerial imaging) still 

require improvement.  

This study aims to fill a gap in the current literature by utilising AI methods for detect-

ing non-uniformly distributed surface ceramics in high-resolution remote imagery. This 

can be viewed as an "imbalanced data distribution" problem that requires further exam-

ination. To overcome this challenge, novel approaches need to be developed. 

2 Methods and materials 

Our methodology combines RGB and multispectral images with artificial intelligence 

(AI) techniques to identify surface archaeological ceramics in archaeological and con-

trolled environments. The images were captured through low-altitude sensor cameras. 

Two flight campaigns were performed using the DJI Phantom 4 Pro system (spectral 

bands: Blue (B): 468 nm ± 47 nm; Green (G): 532 nm ± 58 nm; Red (R): 594 nm ± 

32.5 nm), and the DJI P4 multi-spectral systems (spectral bands: Blue (B): 450 nm ± 

16 nm; Green (G): 560 nm ± 16 nm; Red (R): 650 nm ± 16 nm; Red edge (RE): 730 

nm ± 16 nm and Near-infrared (NIR): 840 nm ± 26 nm). We employed traditional pho-

togrammetric techniques, which involve obtaining measurements from photographs, to 

generate an orthophoto-mosaic for each specific set of images. Initially, we applied 

supervised machine learning (ML) classifiers to the high-resolution derivatives of the 

images. These classifiers were trained to recognize and categorize specific features 



3 

within the images. We then used various evaluation metrics, such as accuracy, to assess 

the performance of the classification. These metrics helped us to measure the effective-

ness of the classifiers and guide the modeling process. The overall process is visually 

presented in Figure 1 below, which illustrates the workflow of the classification and 

evaluation techniques. 

 

 

Fig. 1. Using UAV images in simulated and real case studies, research methodology. 

Many standard classifier learning algorithms assume equal class distribution and mis-

classification costs, which may not perform well on imbalanced data sets. Imbalanced 

data sets have skewed class proportions, with the majority class having a more signifi-

cant proportion of samples than the minority class, such as archaeological surface ce-

ramics. Small sample sizes, separability, and sub-concepts within the minority class can 

influence modeling. Small sample sizes lead to poor representation of the minority 

class, making accurate classification difficult. Separability refers to how distinct the 

minority class is from the majority class, affecting misclassification rates. Sub-concepts 

within the minority class may require different models for accurate classification [6]. 

Based on the results of our experiment, it seems that the problem arises from an imbal-

ance between the surface ceramics and the surrounding environment, which includes 

the soil and crops. To investigate this issue further, we need more precise classification 

results and effective tools to handle imbalanced data or update learning algorithms. The 

literature provides various solutions, such as rebalancing the class distribution by 

resampling the data space at the data level or modifying existing classifier learning 

algorithms to better understand the small class of ceramics at the algorithmic level. 

Dealing with imbalanced data can challenge boosting algorithms in binary classifica-

tion problems. Nonetheless, boosting algorithms are commonly used to enhance the 
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predictive abilities of weak learners and turn them into strong learners [7]. Among the 

three main boosting algorithms, AdaBoost, is often used as an Ensemble Method in 

Machine Learning. The fundamental concept behind AdaBoost is to construct a model 

and assign equal weights to all data points. It then assigns higher weights to incorrectly 

classified points, and the subsequent model emphasizes those points with higher 

weights. This training process continues until a lower error rate is achieved [8].  

 

3 Results  

This study focuses on applying classifiers trained on image samples categorized into 

three distinct classes: 'ceramics', 'soil', and 'crops'. The efficacy of these classifiers was 

assessed through the analysis of overall accuracy, determined by evaluating randomly 

distributed testing pixels. Accuracy is the ratio of correctly predicted samples within 

the test set to the total predictions made. 

Accuracy = Correct Predictions / Total Predictions.                       (1) 

For the soil and crops classes, the accuracy was estimated to be around 80%. In contrast, 

ceramics demonstrated lower accuracy across all four classifiers. This inconsistency 

raised questions regarding the optimal number of testing pixels required to ensure that 

the assessed accuracy effectively represents true accuracy. The question was whether 

increasing the sample size of testing pixels would improve classifier performance. 

Referencing [9] it is suggested that to achieve an accuracy level of 90%, a sample size 

of 225 is required, while a 95% accuracy level necessitates 119 testing pixels. These 

recommendations presuppose that the classes adhere to a normal distribution character-

ized by a symmetric spread of measurement values centered around the mean. Follow-

ing this guidance, the classifiers were re-evaluated with 225 testing samples. This sam-

pling employed ArcGIS Pro's capabilities to randomly generate 225 points for post-

classification accuracy analysis, utilizing the Image Analyst Toolbox. The methodol-

ogy ensured an equitable distribution of points across each class, proceeding to create 

and manually update the 'Ground Truth' and 'Classified' fields within the final attribute 

table. This process culminated in the utilization of the Compute Confusion Matrix tool 

to compare these fields. 

The ceramics class displayed considerable variability in accuracy, with RGB images 

ranging from 12% to 24% and multispectral images from 23% to 61% (Table 1). This 

variability highlights the challenge of misclassification, particularly of minority classes, 

where classifiers demonstrate high predictive accuracy for predominant classes but fal-

ter with minority classes. To confront this limitation, our research introduces a meth-

odology to enhance surface ceramics' detection. This approach leverages low-altitude 
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multispectral and RGB cameras, underpinned by the application of weak learners, to 

optimize predictive accuracy. 

Table 1. Ceramics Accuracy after supervised classification.  
KNN MAX_Likelihood SVM RF 

RGB 13% 12% 24% 15% 

Multispectral 23% 52% 61% 31% 

4 Accuracy Improvements 

Research has shown that using low-altitude sensors to detect surface ceramics can yield 

significant and valuable results. However, this approach has challenges, particularly in 

accurately detecting the minority class of ceramics, which can significantly impact the 

overall detection accuracy. We are framing ceramic surface detection as an "imbalanced 

data distribution" problem to address this issue. Previous studies have identified the 

problem of misclassifying minority classes, such as archaeological ceramics. Despite 

achieving high overall accuracy, there remains a low actual detection rate for the ce-

ramic class. This is because classifiers tend to predict classes with abundant data more 

accurately than those with limited data. Therefore, addressing these imbalances in data 

distribution is crucial for improving detection accuracy, particularly for the minority 

ceramics class. 

5 Conclusion 

This research evaluated the potential use of artificial intelligence techniques to auto-

matically identify archaeological ceramics from high-resolution images of unmanned 

aerial vehicles (UAVs). Additionally, we aimed to develop a methodology that could 

produce results in terms of time and accuracy comparable to, if not better than, those 

obtained through traditional archaeological field surveys. To accomplish this, we uti-

lized supervised machine learning algorithms to analyze RGB and multispectral images 

captured by a UAV.  

The comprehensive research revealed that the classifiers utilized in the study demon-

strated a high level of effectiveness in accurately predicting soil types and crop varieties 

with commendable precision. However, when it came to predicting surface ceramics, 

which represents a minority class, the classifiers were found to be less successful. To 

address this disparity, authors introduced a novel methodology to enhance the accuracy 

of detecting surface ceramics through drone imagery. This innovative approach in-

volves implementing a boosting technique designed for weak learners, encompassing 

RGB and multispectral images. Combining these two types of imagery, the newly 
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proposed method is anticipated to yield significantly improved results, providing a 

more reliable and precise means of identifying surface ceramics than the previous tech-

nique. 

Moreover, the authors plan to broaden their research on ceramics to encompass a vari-

ety of types from different historical periods, each exhibiting unique spectral behaviors 

within the same geographic area. They intend to perform meticulous lab-based spectral 

measurements to ensure a statistically significant differentiation among the ceramics 

during the same flight. Additionally, the team has meticulously scheduled drone sur-

veys to enrich the dataset for algorithm training and comprehensive outcome assess-

ment. Their overarching goal is to mitigate noise, elevate distinguishability, and thor-

oughly assess imbalanced ceramics data using established measures such as F-measure, 

G-mean, and ROC analysis. 
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