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Abstract

The characterization of ground conditions typically involves the assessment of core sample images, representing
a challenging task that requires expert knowledge and may be prone to human bias. This work proposes a computer
vision (CV) approach for automated classification of soil core sample images. A labelled dataset comprising 3,607
squared core sample images serves as training and evaluation basis. Focus is placed on critical aspects in the
model building and evaluation of class separability among main soil fractions. In addition, ongoing research
streams to augment the CV pipeline and enhance the classification performance are briefly addressed.

1 Introduction

In many cases, the greatest technical and financial risks associated with building and civil engineering projects
stem from ground conditions (Jaksa et al. 2005; Marzouk et al. 2024). To mitigate these risks and prevent structural
distress, excessive conservatism, or unforeseen conditions that could lead to significant construction delays,
geotechnical engineers conduct ground investigations. In the absence of sufficient knowledge about the local
ground conditions, ground investigation programs typically involve intrusive procedures to extract and assess core
samples. During core sampling, cylindrical sections of the ground are retrieved along vertical profiles using
continuous sampling methods (ON ISO 22475-1). Core samples (see Figure 1) serve as the foundation for
laboratory tests to determine geotechnical design parameters, and to enable the identification and classification of
the ground conditions according to normative standards, such as ON EN ISO 14688-1 and DIN 4023.

Traditionally, a core sample is first visually examined in terms of its color, grain size distribution, and layering.
This visual inspection, which provides insight into the main fraction (e.g., sand, gravel), is typically followed by
a manual examination to resolve remaining uncertainties, identify secondary fractions, and assess the consistency
of the core sample. In practice, the visual and manual inspection of core samples represent a time-consuming and
costly procedure that may be prone to human bias (Johnson et al. 2023). Since the documentation of this logging
process is typically supplemented with high-resolution images of the core samples (see Figure 1), Brinkgreve and
Zekri (2024) emphasize the significant potential of Computer Vision (CV) techniques (Srivastava et al. 2021) to
accelerate interpretation while ensuring reproducibility and transparency of core sample classification tasks. With
respect to geotechnical engineering, however, the authors further concede that this research topic has not received
adequate attention to date, particularly in the case of soil formations.

2 Background

From an algorithmic point of view, CV pipelines for automated image-based knowledge extraction regarding
ground properties consist of four steps: (i) image acquisition, (ii) image segmentation, (iii) feature extraction, and
(iv) image classification. Based on this, Srivastava et al. (2021) distinguishes two principal approaches to
automated image understanding. The first approach involves pipelines with hand-crafted feature extraction using
both, image processing techniques (Kornblith et al. 2018; Khandelwal 2025) and traditional Machine Learning
methods for image classification, such as Support Vector Machines and Random Forests. The second approach
relies on Deep Learning (DL); for example, see Soranzo et al. (2025).
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in a photo box of the BAW soil mechanics laboratory in Hamburg.

The development of Convolutional Neural Network (CNN) (Lecun et al. 1998) and Vision Transformer (ViT)
(Dosovitskiy et al. 2020) variants as backbone architectures for CV applications has propelled the second approach
based on DL for image-based knowledge extraction in cognate disciplines, especially in agricultural (Chatterjee
et al. 2021; Jagetia et al. 2022) and petroleum engineering (Alzubaidi et al. 2021). According to Kameswari et al.
(2023), CNNs excel at small datasets, whereas VITs tend to yield improved results at large datasets. Details
concerning the relative merits of either model architecture, including hybrid variants, however, are beyond the
scope of this work and can be found elsewhere; for example, see Liu et al. (2021). Succinctly, the general trend
towards DL-based pipelines can be attributed to their automated feature extraction (i.e., image features used for
image classification tasks are learned by the model), automated image segmentation capabilities (e.g., to remove
the background in core sample images), and enhanced performance in terms of generalization and accuracy.

Subsequently, a pre-trained VIT base model variant, known for its effectiveness in image classification tasks, is
evaluated as backbone architecture for the downstream task of soil core sample image classification. The
pretrained model weights are fine-tuned employing a human-annotated dataset comprising squared soil core
sample images prepared by Katinah (2023).

3 Study Design

The experimental study design serves two primary objectives: firstly, to deploy a dataset that can be utilized as a
valuable resource for generating end-to-end CV pipelines for automated core sample image classification; and
secondly, to use this curated dataset for fine-tuning and evaluating a CV pipeline on this downstream task. The
latter is prototyped using a serverless notebook environment with a T4 GPU (Bisong 2019).

3.1 Data acquisition

A total of 204 core sample images were retrieved from 19 boreholes with a diameter of 100 mm, associated with
the exploration project "Schleuse Liineburg" (Helfers et al. 2018). The boreholes reached depths ranging from 5.5
— 81 m. The core samples were obtained using a dry percussion drilling method with casing. The original core
sample images were captured in the BAW soil mechanics laboratory in Hamburg using a Canon EOS 70D camera
positioned approximately 110 cm above the samples. The imaging setup was housed in a photo box with
dimensions of approximately 110 x 110 cm, illuminated by two REXROTH SL30 LED lamps; see Figure 1.
Camera settings were adjusted based on the characteristics of the samples and have been documented accordingly.
From the original high-resolution images (3,648 x 5,472 pixels, 72 DPI; see Figure 1), a total of 3,607 square
images (300 x 300 pixels, 72 DPI) were manually cropped using the GIMP image editor, as specified by Katinah
(2023). Each cropped image attempts to contain only a uniform soil type, minimizing transitions between layers.
Metadata describing the images was manually derived from human-annotated core drilling protocols. The
categorical class attributes describing the main fraction (HB) and secondary fraction (NB) are assigned in
accordance with the German standard DIN 4023; see Figure 2. For example, mS and T denote core sample images
where the HB feature is classified as medium Sand (> 0.20 und < 0.63 mm) and Clay (< 0.002 mm), respectively.
At this regard, however, it should be mentioned that the results presented in this work are constrained to the
prediction of the main fraction for brevity.
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Figure 2. Class-wise distribution of main fraction and secondary fraction in curated dataset.

3.2 Data preparation and exploration

The initial data cleansing stage during the integration of the human-annotated metadata and soil core samples
images involved a number of preprocessing steps concerning HB, including, but not restricted to, the removal of
instances with duplicated, corrupted or zero-valued fields. Instances belonging to sparse class labels occurring
fewer than three times are removed, as they could not be represented across the training, validation, and test splits.

Figure 2 shows the distribution of the unique class labels for the categorical features HB and NB in the final
dataset, which is organized in a dictionary-type “DatasetDict” format (Wolf et al. 2019) with a 80% / 10% / 10%
train / validation / test split. Obviously, both feature distributions are skewed. To mitigate the class imbalance
problem (Sun et al. 2009), the samples are binned into six principal output classes for HB, as defined by DIN
4023: Gravel (G), coarse Sand (gS), medium Sand (mS), fine Sand (fS), Silt (U) and Clay (T). Samples with more
than one main fraction, such as "fS+U", are not considered to reduce ambiguity in the classification task.

3.3 Base model and hyperparameter selection

Based on a preliminary round to identify the most promising base model candidate in terms of computational
efficiency and classification performance (Granitzer 2025), the Swin-T V2 (Liu et al. 2021) base model with
approximately 27.6M parameters, pre-trained on ImageNet-1k (Deng et al. 2009) at a resolution of 256x256
pixels, is fine-tuned employing the transformers library (Wolf et al. 2019). Following standard procedures, the
validation split is used to establish the termination criteria for the fine-tuning process, while the final evaluation
is conducted on the test split (Steiner et al. 2021).

The hyperparameters are selected following best practice procedures using the automated hyperparameter
optimization framework Optuna (Akiba et al. 2019), in combination with the Tree-structured Parzen Estimator
algorithm (Watanabe, 2023). Based on this optimization, we employ the AdamW optimizer (Loshchilov and
Hutter 2017) with a warmup ratio of 0.1 and early stopping (patience = 3), along with a batch size of 16 (Masters
and Luschi 2018). Cross-Entropy Loss (Paszke et al. 2019) is used to address the multi-class classification problem
involving six target labels. Image preprocessing included resizing, tensor conversion, and normalization. For the
training split, on-the-fly data augmentation was applied to reduce memory consumption.

4 Results and Discussion
Key results concerning the performance and class separability are presented. Likewise, a demonstration case is
included where we apply the fine-tuned model to one randomly selected core sample image per target label.

4.1 Performance assessment and demonstration case

Table 1 and Figure 3 report the performance of the fine-tuned model in terms of Loss, Top-1 Accuracy, and
aggregated F1-Scores (both Weighted and Macro), computed using the sklearn library (Pedregosa et al. 2012),
and the confusion matrix. The aggregated F1-Score Macro (0.86) is particularly valuable in imbalanced settings,
as it provides insight into the ability of a model to identify minority classes (Fan and Lin 2007). It should be noted
that a comparable classification task is presented by Katinah (2023), who fine-tuned a VGG16-based CNN
backbone (Simonyan and Zisserman 2014) for predicting fS, mS, gS, and U using the same raw dataset. In the
present study, the Top-1 Accuracy improved from 82% to 89.2%, despite the inclusion of additional class labels
(i.e., T and G), highlighting the relatively improved predictive capability of the model developed in this work.
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Table 1. Performance metrics on the test set for fine-tuned model with extended HB target range (multi-class classification).

Base Model Training Loss Top-1 F1-Score  F1-Score

Epochs Accuracy (Weighted) (Macro)
Swin-T V2 8 0.31 89.2% 0.89 0.86
V] g 2 0 0 0 0
‘g' 0 29 0 0 0 0
x L"E1 0 13 7 0 0
ﬂ True: mS True: gS True: fS
v Pred: mS Pred: gS Pred: fS
é 2} 0 0 12 e 0
> 0 0 0 1 35 1
- 0 0 0 0 0 B)
G gs ms fs U T
True: U True: G True: T
Predicted Label Pred: U Pred: G Pred: T

Figure 3. Confusion matrix evaluated on test set, alongside inferences for one randomly selected sample per target label.

4.2 Class separability

Figure 4 explores the ability of the fine-tuned model to learn discriminative patterns between target classes by
aggregating patch embeddings into a single high-dimensional feature vector per image and visualizing them in
2D using t-SNE (van der Maaten and Hinton 2008). This approach captures a global semantic summary of each
image. Clear separation in the t-SNE plot indicates effective feature learning, while overlap suggests class
confusion. The results highlight the potential to maintain coherent clustering across the target labels, particularly
among sand subclasses (fS, mS, gS), though distinguishing fine-grained classes (T, U) remains challenging. These
findings reinforce empirical observations from previous studies (Soranzo et al. 2025; Katinah 2023) in an intuitive
manner and suggest potential benefits from more balanced datasets and enhanced image quality.
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Figure 4. 2D visualization of feature embeddings evaluated on the test set.

5 Conclusions

This work highlights the significant potential of CV pipelines as intelligent tools for characterizing soil core
sample images. A pretrained ViT-type model is fine-tuned using a curated dataset consisting of soil core sample
images and human-annotated metadata. Empirical results demonstrate that the base model choice has a
considerable impact on the classification performance. The prototype developed with the best-performing base
model excels in the multi-class classification of six target labels representing the main fraction of soil core sample
images. Efforts to extend the classification to include secondary fractions are ongoing. Future research will likely
explore the use of image segmentation techniques to accelerate the core sample image preprocessing procedure
and the integration of image enhancement techniques to further improve class separability.
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