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Abstract
The study addresses the problem of detecting displacements of building walls using terrestrial laser scanning (TLS) data andmachine learning methods. Traditional displacement measurement techniques are often time-consuming. They are also limitedin capturing the full geometry of monitored objects. In response, this research proposes a methodology based on the analysis ofgeometric and radiometric features extracted from point clouds. Controlled experiments were conducted with a geodetic rosetteequipped with distance-measuring prisms, which were displaced in the XY plane by 4 mm, 9 mm, and 13 mm. Data were recordedwith a Leica RTC360 scanner from three stations, yielding nine point clouds. Selected features describing differences betweencorresponding points in the reference and displaced series were used as input for neural network models. Both binaryclassification (displacement/non-displacement) and multi-class classification (0, 4, 9, 13 mm displacement) were performed. Theresults demonstrated high classification accuracy: 99.1% for binary models and 96.0% for multi-class models. Feature rankingrevealed that geometric attributes, such as displacement vector length, curvature, and normal vectors, were the most relevant formodel training, while color features had minor importance. The study confirmed that scanner position and incidence angle of thelaser beam strongly affect classification quality. The developed procedure proved effective in detecting displacements that occur indirections parallel to the plane of building walls. The conclusions drawn from the research constitute a valuable contribution to thetheory of monitoring building structures using TLS.
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1 Introduction

Ensuring the structural integrity and safe operation of buildings,particularly strategic infrastructure and heritage sites, dependson the systematic monitoring of their technical condition. Mod-ern engineering surveying increasingly relies on terrestrial laserscanning (TLS) to obtain dense 3D point clouds that represent thecomplete geometry of investigated surfaces. Compared to tradi-tional discrete point measurements, this remote sensing technol-ogy provides a significantly more detailed perspective on structuralbehavior, facilitating the detection of subtle deformations that maysignal structural degradation.However, the efficient interpretation of these vast spatialdatasets and the automation of change-detection workflows re-

main primary challenges in the field. Although machine learningalgorithms are frequently employed for point cloud analysis, the op-timal selection of feature sets to describe individual points remainsa critical and open research problem. The inclusion of redundant orirrelevant geometric and radiometric attributes can compromiseclassification accuracy or lead to excessive computational overhead,limiting the practical utility of these models in structural diagnos-tics.This article aims to assess how the selection of different TLSpoint cloud feature sets affects the performance of machine learn-ing algorithms in detecting building displacements. The studyevaluates the relevance of these features for both binary and multi-class classification scenarios, specifically targeting deformationsoccurring within the plane of the monitored structural elements.
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The subsequent sections of the paper describe the developedmethodology for feature extraction and model training, followedby an analysis of the classification results and the influence of mea-surement geometry on data reliability. Finally, the study concludeswith a discussion on the methodological limitations and identifiespotential directions for future research.
1.1 Determination of displacements and deformations of

building elements

The study of displacement and deformation of building walls is amain element of structural diagnostics. It allows for the assessmentof the stability and safety of structures.Deformation is defined as a change in shape or dimensions un-der the influence of forces. In geodesy, it means a change in therelative position of points on a solid without affecting its continu-ity (Prószyński and Kwaśniak, 2015). Displacement, on the otherhand, is defined as a change in the position of a point on an objectin space relative to its initial position. In mechanics, displacementdescribes the vector difference between the position of a point ina deformed state and its position in its original state (Zienkiewiczet al., 2013). In geodetic terms, displacements refer to the differencein the coordinates of structural points, determined in successivemeasurement periods (Prószyński and Kwaśniak, 2015). Displace-ment measurements form the basis for determining deformation.Only the analysis of a set of control points allows for the descriptionof the changes in the shape of the entire structure (Gili et al., 2000).Methods for determining deformation and displacement havechanged with the development of technology. Methods such as ter-restrial laser scanning (Zaczek-Peplinska and Popielski, 2013) andUAV photogrammetry from the ground or from low altitude (Świer-czyńska et al., 2024) have become increasingly important. Thesemethods enable the acquisition of dense 3D point clouds and pre-cise detection of changes in the geometry of entire surfaces (Beckeret al., 2024). Traditional measurement methods, such as levelling,tachymetry, or GNSS, provide high accuracy but limit the analy-sis to selected points (Sztubecki et al., 2022; Karsznia et al., 2023).Due to the lack of complete mapping of object surfaces, geode-tic monitoring must be supplemented with data obtained usingcrack meters, inclinometers, or strain gauges (Scaioni et al., 2018).Remote methods are gaining an increasing advantage over tradi-tional methods. Moreover, with the development of technology, therole of data analysis automation is growing (Besl and McKay, 1992;Łępicka and Kornuta, 2017). Machine learning algorithms supportpoint cloud classification, surface segmentation, and the identifi-cation of deformation trends (Karsznia et al., 2025). Displacementand deformation monitoring is gaining new value thanks to theuse of artificial intelligence and machine learning methods. How-ever, proper analysis of construction processes is only possible withproper validation and verification of models using real data (Baoet al., 2023, 2025; Zhuang et al., 2022).
1.2 Comparison of point clouds acquired periodically

In the context of deformation and displacement analysis based ondata obtained using TLS, the mutual orientation of point cloudsregistered in different measurement cycles plays a key role. Thereare always certain deviations in position and orientation betweendata sets registered periodically.The issue of comparing point clouds is discussed in the litera-ture on the subject. Si et al. (2022) compare different registrationalgorithms in the context of laser measurements of large objects,discussing the strengths and weaknesses of registration methodsand highlighting flat surfaces with limited geometric character-istics. Peng et al. (2023) propose the use of FPFH descriptors incombination with RANSAC selection for registering clouds fromdifferent sensors, which allows for a partial solution to the noise

problem.Intensive research is being conducted to develop algorithmsthat are resistant to point cloud imperfections and data gaps. Prob-abilistic methods (CPD) are currently used and are based on thelocal geometry of the investigated surface, such as normal infor-mation (Liu et al., 2021). A comprehensive review of deep learning-based point cloud registration methods was presented by Chen et al.(2024), with an analysis incorporating both fully overlapping andpartially overlapping clouds. The authors investigate methods toenhance network performance and discuss their applications invarious fields. The article (Yang et al., 2023) presents a new way ofdescribing 3D features based on the LRF method and spatial voxelhomogenization. The point cloud development procedure, testedon three datasets, shows better performance than existing methodsand increases descriptiveness and resistance to interference.Scan orientation involves combining multiple point clouds intoa single coherent 3D model. This procedure can be performed us-ing the ICP (Iterative Closest Point) algorithm, which iterativelymatches points from two point clouds by minimizing the aver-age distances between points of all pairs (Pomerleau et al., 2015;Rusinkiewicz and Levoy, 2001). One of the most important stagesof the ICP algorithm is point association. For each point of the ref-erence cloud, the nearest point of the other cloud is searched for.Association can be performed in various ways, depending on thesimilarity of the metric used. The simplest and most commonlyused approach is the point-to-point metric, where the Euclideandistance is calculated for each pair of points. The point-to-pointmetric is based on the nearest neighbor method and is widely usedfor point association, with the effectiveness depending on the pre-cise orientation of the clouds. In more advanced variants, the as-sociation process is not based solely on XYZ coordinates, but otherpoint features are considered as well, which increases the effective-ness of the fitting. The association can use geometric point features(e.g., normal vector), radiometric point features (e.g., reflectanceintensity, RGB), or both types simultaneously. Depending on thecharacteristics of point clouds, new methods are constantly beingdeveloped that use the ICP algorithm (Bae et al., 2025; Yuan et al.,2025; Zhao et al., 2024; Chen et al., 2024; Hexsel et al., 2022). Inthe case of high-density clouds, basic geometric features such asspatial coordinates or normal vectors are often sufficient. However,for less dense clouds, especially when there is no geometric surfacecontinuity, it may be necessary to use more advanced descriptors,such as FPFH, 3DSC, SHOT, SIFT, KAZE, or FREAK (Rusu et al.,2009; Amamra and Boumaza, 2019; Tareen and Saleem, 2018; Yanget al., 2025). Experiments have shown that the hybrid method (NDT+ PL-ICP) significantly reduces scan orientation errors, particularlythose obtained using SLAM with LiDAR in large-scale measure-ments, compared to traditional approaches (Zhang et al., 2025).Incorrect orientation can lead to false fittings and, consequently,to incorrect analysis results. If the function finds a point that isfurther away than the standard distance, this may indicate actualdisplacement or deformation of the object, but it may also indicatea registration error or the presence of outliers.
1.3 Theory of machine learning

Machine learning is a rapidly developing branch of artificial intel-ligence. Its goal is to enable computers to acquire knowledge andmake decisions based on data, without the need to program ruleseach time. The input data provided to the model is referred to asindependent variables, while the values that the model tries to pre-dict are dependent variables or labels. Input variables are featuresthat describe an object or phenomenon, and their set for a singleexample is called a feature vector. Based on such data, a model isconstructed, i.e., a mathematical structure that, after an appro-priate learning process, can predict output values. This process iscarried out using a training set on which the model learns, and its
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effectiveness is verified using a test set (Spears et al., 2018; Hardtand Recht, 2021).The literature on the subject distinguishes several basic ma-chine learning paradigms (Syed and Lokhande, 2024; Alnuaimiand Albaldawi, 2024; Rathod, 2024). In supervised learning, themodel is trained on labeled data, i.e., data for which both the fea-tures and their corresponding labels are known. This type of datastructure enables effective training of predictive models whose taskis to classify new cases based on patterns recognized in the train-ing set (Li and Pisztora, 2021). In an unsupervised approach, thealgorithm operates on unlabeled data, searching for hidden pat-terns or groups. There are also intermediate methods, such assemi-supervised learning, which combine a small number of la-beled examples with a large unlabeled dataset, thereby improvingthe overall quality of predictions (Prakash and Nithya, 2014). Deeplearning, based on multi-layer neural networks, is also gainingin importance, enabling the automatic extraction of increasinglycomplex data representations and achieving high performance inclassification and regression tasks (LeCun et al., 2015).After building a dataset and training various classification mod-els, the key step is to evaluate their accuracy. Due to the diversetypes of input data and the numerous features that can impact theeffectiveness of the model, there is no universal algorithm that isoptimal in all conditions; the best choice depends on the specificcase. The evaluation is performed on a held-out test set that wasnot used for model training.The main evaluation tool is the confusion matrix, which dividesthe classification results into four categories: True Positives, TrueNegatives, False Positives, and False Negatives (Vakili et al., 2020).Based on this, various statistical metrics are calculated: overallaccuracy, kappa coefficient, precision, recall, and F1-score. Thesemetrics allow us to compare how well the models perform and toaccount for both FP and FN errors, which is important when classesare unevenly represented (Crall, 2023).
1.4 Feature selection in machine learning

Feature selection is the process of reducing the dimensionality ofan input dataset by selecting a subset of features that have a keyimpact on the capacity of the model to correctly distinguish be-tween classes. The predictive accuracy of a classification modeldepends on the number and quality of the input features used. Theuse of redundant, unnecessary, or insignificant features can leadto a decrease in the effectiveness or overfitting of the model to thetraining data. Each feature represents an additional dimension inthe operational space of the model. Inclusion of redundant, unnec-essary, or insignificant features leads to a high dimensionality thatcan complicate the search for optimal decision boundaries. Variousfeature selection algorithms can effectively assess the impact offeatures on the model by ranking their importance.In applications such as MATLAB, within the ClassificationLearner tool, algorithms such as Minimum Redundancy MaximumRelevance (MRMR), Chi-square, ReliefF, ANOVA, and Kruskal-Wallis are available. These algorithms allow you to generate a fea-ture importance ranking, so that features with a high score areconsidered key to the model. Research shows that combining Reli-efF and MRMR methods can improve feature selection efficiency.First, ReliefF selects candidates, then MRMR reduces redundancy,resulting in a concise and effective feature set (Zhang et al., 2008).A comparison of MRMR, ReliefF, and Chi-square in the context ofMATLAB shows that good feature selection algorithms allow forsimilar or better model accuracy with fewer features (Knight et al.,2023).MRMR is an algorithm that finds the optimal set of featuresthat can effectively represent a variable response. The algorithmminimizes redundancy, i.e., excess information, and maximizesrelevance. This means that the selected features provide the most

unique information needed to predict the class, eliminating repeti-tive information (Peng et al., 2005).The main assumption of the ReliefF algorithm is to assess thesignificance of variables by comparing attribute values betweenobservations belonging to the same class and different classes(Robnik-Šikonja and Kononenko, 2003). This mechanism usesthe nearest neighbors of a given sample and determines the extentto which a given feature contributes to the correct differentiationof objects. ReliefF is used in models that analyze distances betweenobservations, such as k-NN or SVM.
1.5 Motivation for research

Displacements and deformations of building walls are an importantindicator of the deteriorating condition of structures. The motiva-tion for research stems from the growing need for effective mon-itoring of the technical condition of buildings. Traditional mea-surement methods often prove insufficient due to limitations interms of time consumption and the need for discretization of ob-jects. In response to these challenges, the importance of machinelearning methods is growing, enabling the automation of data anal-ysis and increasing the efficiency and repeatability of displacementassessment processes. The introduction of such tools allows forfaster identification of potential structural problems. Predictingthe development of changes supports the decision-making processregarding the maintenance and repair of buildings.On the other hand, machine learning methods are increasinglybeing used to analyze large data sets. For example, the use ofRandom Forest (RF), Support Vector Machine (SVM), AdaBoost(ADA), and Stacking Ensemble (STACK) algorithms made it pos-sible to eliminate gaps, anomalies, and discontinuities in the rawdataset. This dataset consisted of hourly readings from six auto-matic weather stations around Lake Titicaca (Sirpa-Poma et al.,2025). In recent years, there have been many publications empha-sizing the role of deep learning with various neural network archi-tectures (including CNN, LSTM, and hybrid networks. These areused in the processing and interpretation of InSAR data, which is aradar technique allowing for high-precision monitoring of groundsurface deformation (Fontes et al., 2025). Deep learning is also usedto detect and classify geometric changes in 3D point clouds, forexample, to detect changes that may have more than two types(multiclass) in an urban environment between two measurements,using the DC3DCD method – DeepCluster 3D Change Detection(De Gélis et al., 2023) or using the Encoder Fusion SiamKPConv(De Gélis et al., 2024). Comprehensive methodologies are beingdeveloped for detecting and analyzing structural defects in vari-ous objects using data obtained from Terrestrial Laser Scanning(TLS) and machine learning algorithms. TLS provides dense 3Dpoint clouds that reflect the geometry of the observed structures(e.g., walls, building elements, structures) in high resolution, whileML models are used to identify, classify, and analyze defects anddeformations in this data (Dey et al., 2024; Zhou et al., 2025).The subject of this thesis was the analysis of selected features ofpoint clouds as input data for a machine learning model based onneural networks. The main objective was to optimize the process ofdetecting displacements of building elements. The measurementdata were collected during an experiment involving the recordingof simulated displacements of prisms mounted on the wall of abuilding. As a result of the research, the most efficient set of pointcloud features was identified, based on which it is possible to detectdisplacements using a proprietary procedure that enables binary ormulti-class classification. In the authors’ opinion, compared to pre-vious studies, this work introduces a new approach to displacementdetection using machine learning algorithms. The innovation ofthe research lies in focusing not so much on the algorithms them-selves and their hyperparameters, but on the relevance of featuresfor binary and multi-class classification. Another key contribution
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Figure 1. Arrangement of prisms on the rosette – photo taken duringmeasurements

is the in-depth analysis of a specific type of displacement, namelydisplacements in the plane of a wall element, detected based on TLSdata. It should also be noted that the experiment was conducted inlaboratory conditions using a professional rosette, which enabledthe simulation of controlled displacements.The article has the following structure. Section 2 describes themethodology of the research and the theoretical aspects of the ma-chine learning model analysis, outlines the specifications of theequipment used in the study, and characterizes the data collected.Section 3 presents the study results and is divided into two subsec-tions: the first focuses on binary classification results and the sec-ond on multi-class classification outcomes. Section 4 compares theresults obtained with existing studies using similar technologies.Finally, Section 5 presents a summary and concluding remarks.

2 Materials and methods

The article analyzes in detail the impact of input data sets on thecapability of the developed algorithm to detect displacements oc-curring in the plane of building walls.The proposed methodology for displacement detection reliedon identifying differences between point clouds acquired in succes-sive measurement epochs. The classification task was defined intwo variants. The first, a binary problem, involved distinguishingbetween displaced and undisturbed fragments of the cloud. In thesecond, a multi-class problem, points were assigned to one of fourclasses based on the magnitude of displacement (no displacement,displacement equal to 4 mm, displacement equal to 9 mm, dis-placement equal to 13 mm). The following subsections describe theexperimental part of the research and the method used to analyzethe measurement results.
2.1 Description of the research object

The measuring device used in the experiment was a geodetic rosettedesigned for surface deformation testing, which is located in theDisplacement and Deformation Monitoring Laboratory at the War-saw University of Technology. Its design allows for the testing ofcontrolled displacements thanks to the use of two types of distance-measuring prisms:
• a prism fixed in the housing, serving as a reference point,• a prism mounted on a micrometric table, allowing for preciseadjustment of its position.

The rosette design permits the controlled displacement of thedistance measuring prisms in the XY plane (within the rosetteplane) and, for the central prism, also along the Z axis (perpen-dicular to the rosette plane). The prism arrangement is shown in

Figure 1.Figure 1 shows a rosette with marked prisms that played a keyrole in the experiment. Prism P1 is generally located on a micro-metric table, but during the experiment, it remained unmoved fornearly all measurement series, with its position changed by only 4mm during the simulation of one measurement epoch from station2. Located at the very top of the rosette, in theory, it was recorded atthe lowest scanning resolution. Its stability was used to test the sen-sitivity of machine learning algorithms to the uneven distributionof points on the cloud.The remaining prisms, marked in Figure 1 and numbered fromP2 to P9, were moved by 4 mm and 13 mm. Prisms P2, P4, P5, P6,P7, P8, and P9 were displaced in directions parallel to the wall sur-face, i.e., along the X and Y axes of the local object system. PrismP3, on the other hand, was displaced in a direction perpendicularto the wall surface, i.e., along the Z axis of the local object system.However, it should be noted that this study focused exclusively ondisplacements in the XY plane, ignoring changes in the Z-axis di-rection. Accordingly, during the experiment, prism P3 was movedbut excluded from the analysis. The study, therefore, examinedchanges in the object occurring in its plane rather than those per-pendicular to the surface. Displacements perpendicular to the wallsurface will be addressed in future research, as they require a sepa-rate approach to the problem and the use of a different set of inputfeatures.It should also be noted that prisms moved in directions parallelto the wall surface can be divided into two groups. Prisms P2, P5,P6, and P8 provided input data samples to train machine learningmodels, while prisms P4, P7, and P9 were excluded from a trainingset and served as a basis for assessing the effectiveness of the trainedmodels.
2.2 Measuring instruments

The measurements were performed using a Leica RTC360 (TLS)terrestrial laser scanner. This instrument operates using laser pulsetransit time measurement technology with waveform digitizing(WFD). The key features of the scanner include:
• 360◦ × 300◦ field of view,• range from 0.5 m to 130 m,• maximum recording speed of 2 million points/s,• distance measurement accuracy of 1.0 mm + 10 ppm,• 3D accuracy of the point is 1.9 mm @ 10 m.

2.3 Experiment procedure

The measurement data were obtained by recording the object fromthree independent stations. The first position was located directlyopposite the rosette, while the second and third were located to theleft and right of the rosette. This strategy minimized systematicerrors and allowed for the assessment of the stability of the results.A point cloud representing the laboratory room where the rosette islocated is shown in Figure 2. The rosette is marked in black, whilethe locations of the TLS during the experiment are marked in red(center), blue (left), and green (right).The average distance between the stations and the rosette wasapproximately 4.0–5.0 m. The geometry of the measuring structureis shown inFigure 3 in a horizontal cross-section (a) and a verticalcross-section (b). The figure also shows approximate distancesbetween the stations and the object, as well as approximate anglesof incidence of the laser beam on the object surface. The angle ofincidence is decomposed into horizontal and vertical components.Three measurement series were performed at each station, cor-responding to simulations of successive measurement epochs:
• series 0 (reference) – no prism displacement,• series 1 – simulated prism displacement of 4 mm in the X-axis
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Table 1. The size of the analyzed point clouds obtained from three stations in each series
Displacement

between series
Prism displacement[mm] Size of the point cloud being analyzed

TLS station 2 - left TLS station 1 - central TLS station 3 - right

0-1 4 2387968 3836012 37818361-2 9 2374710 3842591 38616570-2 13 2365082 3849213 3780574

Figure 2. A point cloud representing the laboratory room where therosette is located – marked in black. The figure also shows thelocations of the TLS stations during the experiment, markedin red for the central station, blue for the left station, and greenfor the right station.

direction and 4 mm in the Y-axis direction,• series 2 – simulated displacement of prisms by 13 mm in theX-axis direction and by 13 mm in the Y-axis direction.
Table 1 presents the sizes of point clouds obtained from threestations in individual measurement series.A total of 9 point clouds were obtained and used as input datafor further analysis. The average resolutions of point clouds repre-senting the rosette in its extreme fragments were as follows:

• From station 1 (central), point clouds were obtained with a reso-lution of approximately 1.3–1.7 mm in the horizontally extremefragments of the rosette. The resolution was 1.3 mm in the leftfragment (beam incidence angle 80 degrees in the horizontalsection) and 1.7 mm in the right fragment of the rosette nearprism P6 (incidence angle 60 degrees). In the vertically extremefragments of the rosette, the resolution was 1.4 to 1.6 mm, reach-ing 1.4 mm in the lower part near prism P5 (incidence angle 85degrees in the vertical section) and 1.6 mm in the upper part ofthe rosette near prism P1 (incidence angle 65 degrees).• From station 2 (left), point clouds were obtained with a resolu-tion of approximately 1.4–2.4 mm in the horizontally extremefragments of the rosette. The resolution was 1.4 mm in the leftfragment (beam incidence angle 105 degrees in the horizontalsection) and 2.4 mm in the right fragment near prism P6 (inci-dence angle 45 degrees). In the vertically extreme fragments ofthe rosette, the resolution ranged from 1.8 to 1.9 mm, reaching1.8 mm in the lower part of the rosette near prism P5 (incidenceangle 85 degrees) and 1.9 mm in the upper part of the rosettenear prism P1 (incidence angle 65 degrees).• From station 3 (right), point clouds were obtained with a reso-lution of approximately 1.2–1.7 mm in the horizontally extremefragments of the rosette. The resolution was 1.7 mm in the left

fragment (beam incidence angle 50 degrees in the horizontalsection) and 1.2 mm in the right fragment near prism P6 (inci-dence angle 85 degrees). In the vertically extreme fragments ofthe rosette, the resolution ranged from 1.3 to 1.6 mm, reaching1.3 mm in the lower part of the rosette near prism P5 (incidenceangle 85 degrees) and 1.6 mm in the upper part of the rosettenear prism P1 (incidence angle 65 degrees).
Preprocessing involved preliminary data preparation usingthe Fine Registration tool in CloudCompare, which automaticallymatches point clouds using the ICP algorithm. Iterative orientationof one cloud relative to another is achieved by minimizing the dis-tance between corresponding points. Importantly, the referencecloud remains unchanged, while the matched cloud is transformed.Scan matching was performed on full-point clouds of the entirelaboratory room, not just the section of the wall where the rosetteis mounted.

2.4 Data analysis methodology

One of the most important stages in the point cloud classificationprocess is the determination of a set of features that describe the ge-ometry, structure, and radiometric properties of objects. In machinelearning, the selection of the right features forms the foundationfor effective model training.In this research, the feature calculation stage for training classi-fication models was based on the analysis of differences betweencorresponding points from two measurement series. These dif-ferences were determined between the reference series and thecompared series.To analyze the impact of cloud point characteristics on classifi-cation results, the machine learning algorithm was trained on foursets of input data. The following versions of feature sets for differenttraining fields were prepared, containing data obtained from threestations during the simulation of individual measurement series:
• Data set 1: a complete set of input features for the training field,extracted from a single P2 prism, based on data obtained fromthe first station between series 0 and 1.• Data set 2: a complete set of input features for the training fieldextracted for prisms P2, P5, P6, and P8, based on data obtainedfrom all stations between series 0 and 1.• Data set 3: full set of input features without density for the train-ing field, extracted for prisms P2, P5, P6, and P8, based on dataobtained from all stations between series 0 and 1.• Data set 4: full set of input features for the training field, ex-tracted for prisms P2, P5, P6, and P8, based on data obtainedfrom all stations and series.

Table 2 presents the detailed characteristics of the input datasetsused for binary classification. In the case of binary classification,class 1 was assigned to points that were displaced in the subsequentmeasurement series relative to the reference series, while class 0was assigned to points that were not displaced in the subsequentmeasurement series relative to the reference series.Table 3 presents the detailed characteristics of the input datasetsused for binary classification. For multi-class classification, class 0denotes points with no displacement in the subsequent measure-ment series relative to the reference series. Class 1 denotes pointsthat were displaced by 4 mm in the subsequent measurement series
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(a) (b)

Figure 3. Schematic diagram of the measurement structure, location of TLS stations and the object during the experiment: (a) horizontal cross-section – recording of the object (rosette) from station 1 (center), station 2 (left), station 3 (right); (b) vertical cross-section – recording ofthe object (rosette) from station 1 (center)
Table 2. Parameters of four equal sets (Data set 1, Data set 2, Data set 3, and Data set 4) of input data usedto train the machine learning algorithm to perform binary classification

Parameters of data set Data set 1 Data set 2 Data set 3 Data set 4

Size of data set [points] 400 4358 4358 28209Size of class 0 - No displacement [points] 291 3053 3053 14210Size of class 1 - Displacement [points] 109 1305 1305 13999Number of features 13 13 12 13

Table 3. Parameters of Data set 4 of input data used to train the machinelearning algorithm to perform multi-class classification
Parameters of data set Data set 4

Size of data set [points] 28209Size of class 0 - No displacement [points] 14210Size of class 1 - Displacement equal 4 mm [points] 1305Size of class 2 - Displacement equal 9 mm [points] 5253Size of class 3 - Displacement equal 13 mm [points] 7441Number of features 13

relative to the reference series. Class 2 was assigned to points thatshifted by 9 mm in the subsequent measurement series relativeto the reference series. Finally, class 3 was assigned to points thatmoved by 13 mm in the subsequent measurement series relative tothe reference series.
2.5 Point cloud classification algorithm

The collected data provide a basis for verifying the effectivenessof machine learning algorithms, particularly neural networks, intasks related to the detection and classification of surface changes.This analysis focuses on detecting displacements in the plane ofbuilding walls, while the detection of displacements perpendicularto the plane of the walls is considered a potential direction for futureresearch. This would require the use of more complex deep learn-ing architectures and an expanded input database. This approachis unconventional, as standard displacement measurement meth-ods rely on detecting horizontal, vertical, or three-dimensionaldisplacements.In order to detect displacements of building walls, a point cloud

classification algorithm was developed using machine learningmethods based on neural networks. The developed algorithm inte-grates the stages of feature extraction, model training, and theirapplication to spatial data classification, forming a complete dis-placement detection procedure. A block diagram of the procedureis shown in Figure 4.The procedure consists of seven main stages. The source dataconsisted of point clouds recorded in successive measurement pe-riods, with each point described by geometric coordinates (XYZ),color (RGB), and reflection intensity (I). In the first stage, the dataunderwent preliminary processing, including noise reduction andalignment with the reference cloud.At the stage of extracting geometric and radiometric featuresfor each point, a set of features describing its local properties wascalculated. In addition, point surface curvature was computed todistinguish between fixed and displaced areas.Based on data from individual series, training sets were created,including samples of points with a known class. Two classificationscenarios were considered:
• binary classification (displaced/non-displaced points),• multi-class classification (four levels of displacement).

The training sets were used to train classification models inMATLAB. The training process included:
• training models based on prepared features,• cross-validation to assess prediction quality,• feature selection to identify the parameters with the greatestdiagnostic significance.

The final models were exported for further analysis. The trainedmodels were used to classify all points in the clouds of subsequentseries. The result of the classification was the assignment of a class
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Figure 4. An algorithm for detecting displacements occurring in the plane of building walls, with a presentation of changes in the feature matrix insubsequent stages

label to each point and the estimation of the probability of belongingto a given class.The classification results were imported into the CloudCom-pare environment, which enabled their visualization by coloringaccording to classes or probabilities. Further analysis consisted ofexamining changes over time and assessing the spatial distributionof displacements.
2.6 Mathematical references of the algorithm

The developed methodology uses machine learning algorithmsbased on artificial neural networks. The basic building blocks ofsuch networks are neurons, which enable the mapping of nonlinearrelationships between input and output variables (Haykin, 2009;Heaton, 2017). The key parameters that define the architecture ofthe network are:
• The number of hidden layers – the network can contain nohidden layers (we are then talking about a single perceptron),have one layer, or multiple layers.• The number of neurons in the layers, which directly affects theability of the network.• The method of connections between neurons, which can befully connected (i.e., every neuron to every neuron) or partiallyconnected.

The internal logic of a single neuron operation can be brokendown into three steps. The first step is calculating the weightedsum of the inputs. Each input value is assigned a weight by whichit is multiplied and then summed. An offset value (bias) is addedto this sum, which allows the activation function to be shifted and

increases the flexibility of the model:
n∑

i=1
wixi + b, (1)

where xi – the value of the i-th input, wi – the weight assigned tothe i-th input, b – bias, the offset value.The second stage of a single neuron is to pass the output throughan activation function. Next, the output value of the neuron ispassed on to subsequent neurons in the next layers of the network.The activation function is a mathematical function that intro-duces nonlinearity into the model. It determines whether a neuronactivates or fails to do so, that is, if the signal is transmitted. Thereare many examples of functions in the literature (Luo et al., 2023;Liu et al., 2019; Cennamo et al., 2021). Among the most popular arethe threshold function (Figure 5a), sigmoid function (Figure 5b),and rectifier function (ReLU) (Figure 5c).The research described in this article used a feedforward neuralnetwork. In such a network, the first layer of the neural network isconnected to the network input, and each subsequent layer is con-nected to the previous layer. Each layer multiplies the input data bya weight matrix and then adds a bias vector, and then it is followedby an activation function. After the last layer, the network outputand its posterior probabilities are generated. Standard neural net-work hyperparameter values were used, namely: 1 fully connectedlayer in the neural network, excluding the last fully connected layerfor classification, a fully connected layer size of 10 neurons, ReLUactivation function, no regularization, no standardization withinthe model, and the stopping criterion is 1000 iterations. However,



26 | Reports on Geodesy and Geoinformatics, 2026, Vol. 121, pp. 19–42

(a) (b) (c)

Figure 5. (a) Threshold function, (b) Sigmoid function, (c) ReLU rectifier function (Wojda, 2025)

in order to reliably estimate the effectiveness of the model and itsgeneralization, 5-fold cross-validation was used during the analy-ses.A set of geometric and radiometric features, determined on thebasis of matched point clouds from different measurement periods,was used to describe and detect displacements. The methodologyfor calculating the attributes of the input data set was based ondetermining the differences in characteristics corresponding topoints from two measurements: the reference and the compared.The following set of characteristics with a mathematical basis wasproposed:
• changes in coordinates: ∆X, ∆Y, ∆Z,• changes in color: ∆R, ∆G, ∆B,• change in intensity: ∆I,• changes in normal vectors: ∆Nx, ∆Ny, ∆Nz,• changes in local curvature:

∆K = Kref − Ktarget, (2)
where K = λ1

λ1+λ2+λ3 , λ1 ≥ λ2 ≥ λ3 are eigenvalues of co-
variance matrices, Kref is the curvature value of a point in thereference cloud, Ktarget – curvature value of a point from a fittedcloud,• displacement vector length: |∆XYZ|,• point density:

Densityi = ∣∣∣{Pj ∈ (ref ∪ target) : |Pi − Pj | ≤ r}∣∣∣ , (3)
where Pi – reference point for which we calculate density, Pj –potentially neighboring point, ref ∪ target – point cloud createdby combining point clouds recorded during two measurementepochs, r – sample radius.
The script includes information about the local density of points,with two point clouds combined into a single set. Then, for eachpoint from the reference epoch, the number of neighboring pointsin its vicinity was determined. For this purpose, a function wasused in which the radius r was defined as equal to the size of thedeformation under study, i.e., the change in area, specifically 4mm, 9 mm, and 13 mm. This parameter was selected individuallyfor each pair of epochs. The radius must be defined in advance asone of the main parameters of the proprietary compute_featuresfunction (used to generate additional point features). It must beadmitted that the proposed definition of proximity is a limitationof the developed methodology, since it assumes knowledge of theapproximate magnitude of displacements.The result of the developed script is a matrix containing a setof features, which is shown in Figure 6a. An example fragmentof such a file is shown in Figure 6b. It should be noted that thepresented set of features was developed on the basis of a series oftests, numerical analysis of feature rankings, and graphical analysisof the relationships between feature pairs.

(a)

(b)

Figure 6. (a) The set of attributes/features contained in each row (corre-sponding to a single point in the cloud) of the matrix used totrain the models. (b) A fragment of an example result matrix,showing the full set of calculated features for a pair of pointclouds.

3 Results

In order to analyze the results of binary and multi-class classifica-tion, the following research strategy was adopted. First, statisti-cal metrics were calculated based on error matrices and evaluated.Next, the feature rankings generated using the MRMR and Reli-efF algorithms were analyzed. To enable comparison of these twoalgorithms, the coefficients were standardized. Finally, the classifi-cation results of all clouds were evaluated numerically and visually.
3.1 Binary classification analysis

The binary analysis consisted of finding a set of point cloud featuresthat would allow for the most accurate identification of displacedprism fragments. The same neural network model was trainedusing all four datasets for testing purposes. The trained modelswere then used for binary classification of all nine measured pointclouds. In this classification, the model needed to detect the changerather than determine its magnitude. During model training, 5-foldcross-validation and additional standardization of input data setswere used. The data set was divided into five parts, four of whichwere used to train the model and one to validate it. This processwas repeated five times, each time using a different validation set.
Analysis of statistical factorsThe statistical indicators obtained after training the algorithmbased on artificial neural networks achieved remarkably high val-ues, with an average classification accuracy of 99.1. On the otherhand, it is worth noting that accuracy alone can be misleading,especially with unbalanced data sets. Kappa (Cohen’s Kappa agree-ment coefficient) was equal to 1, which means that the classifierwas in full agreement with the reference classification, exceedingrandom agreement. The Precision coefficient was close to 1. Thismeans that most of the points classified as displaced actually be-
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(a) (b)

(c) (d)

Figure 7. Confusion matrices for binary classification: (a) Neural Net-work model (described in Section 2.6); (b) Tree model (withmaximum number of splits 100); (c) KNN model (number ofneighbors is 10); (d) Gaussian SVM model (with kernel scale0.9). These results were obtained for Data set 4.

longed to this class – there was a low risk of false positives. TheRecall coefficient (sensitivity/detectability) reached a value of 0.99,meaning that the neural networks effectively detected almost allcases of displacement, with a low risk of undetected displacement(false negatives). The F1-score hovered around 0.99, indicatingan excellent balance between precision and sensitivity. In theory,this means that the model performs well both in detecting displace-ments and in avoiding misclassifications.The statistical coefficients described above were obtained for aneural network model trained on Data set 2 and Data set 4. It shouldbe noted that several machine learning models were investigatedduring data analysis and algorithm development. For example, Fig-ure 7 shows confusion matrices obtained after training four modelsusing the same Data set 4: (a) Neural Network (described in Section2.5), (b) Tree (with maximum number of splits 100), (c) KNN (num-ber of neighbors is 10), and (d) Gaussian SVM (with kernel scale0.9). Despite the approximate percentage numbers of point groups,it can be concluded that the results of neural network training aresuperior. Table 4 and Table 5, in turn, present more precise accuracystatistics for the results of training models on Data sets 2 and Dataset 4, respectively. In addition to neural network statistics, statisticsfor Tree, KNN, and Gaussian SVM models are also presented. Com-paring the results obtained in both variants, it can be concludedthat the issue addressed is valid. The size and diversity of trainingfields affect the classification process. As a result of training on asmaller dataset, better accuracy indicators were achieved, includingAccuracy, Precision, Recall, and F1. An insufficiently large trainingdataset resulted in a higher risk of overfitting and underestimateddetection effectiveness for new or characteristic data in later stagesof the study. However, after increasing the size and diversity ofthe training fields, more reliable results were obtained that wereresistant to classification errors for classes with fewer cases. Basedon the results obtained, a model based on artificial neural networkswas selected for further analysis. These algorithms model nonlin-ear relationships between data and work well with large data sets.Additionally, they are universal and flexible, as they are highly effec-tive in both binary and multi-class classification tasks. Consideringprevious observations, it was decided to use larger training fields.The above statistical parameters (Accuracy, Precision, Recall,and F1) are determined only by the structure of the test fields. There-fore, it can be concluded that they represent the a priori accuracy ofthe machine learning model.

Feature rankingAs part of the analysis of the impact of features, two rankings werecompared: the first one generated using the MRMR method, andthe second one generated using the ReliefF method. The standard-ized results for each variant are summarized in Table 6.MRMR rated the following features highest: displacement vec-tor length, changes in local curvature, point density, and changes innormal vectors. This means that these features provided the modelwith the most relevant data for training. In ReliefF, on the otherhand, the highest places were taken by the normal vector compo-nents: ∆Nz, ∆Nx, and ∆Ny. It was therefore demonstrated that,on a local scale, these features are key to the model. The densityfeature was at the bottom of the ReliefF ranking, i.e., it proved tobe the least important for the algorithm, which may be due to thegreater spatial and radiometric diversity of the data.Based on a graphical comparison of the relationships betweenpairs of features (as shown in Figure 8), it was found that thestrongest correlations exist between density (column_19 in figure(a)) and displacement vector length (column_18 in figure (a)); aswell as between density (column_19 in figure (b)) and local cur-vature change (column_17 in figure (b)). The graphs show thepoints from Data set 4, which was used to train the neural networkfor binary classification. The relationship between two features isstronger if the points do not have a random distribution, but insteadform regular clusters/groups of points belonging to the same class.
Analysis of resultsThe analysis of binary classification results was performed for fourtraining field variants, as shown in Table 7. The first variant, basedsolely on data from station 1, confirmed high prediction accuracy,but the model had limited ability to detect deformed points, espe-cially with larger displacements (9 and 13 mm). The share of class 1in pairs of epochs 1–2 and 0–2 was 0.15% and 0.11%, respectively.Expansion of training fields in the second variant: improvedthe results for data from station 2 (the share of class 0 increasedto 90.18%), but at the same time worsened the classification forstation 3 (the share of class 0 fell to 74.54% and 84.13% for displace-ments of 9 mm and 13 mm). The removal of the density featurein variant three resulted in a significant improvement in the re-sults for station 2 (the share of class 0 increased to 96.85%), butin other cases, a decrease in classification confidence and a higherpercentage of points incorrectly assigned to class 1 were observed.The best results were obtained in variant four. The use of trainingfields covering all sites and epochs allowed for the highest effec-tiveness to be achieved. The share of class 0 exceeded 99%, and theaverage classification probabilities were close to 1. In all analyses,the weakest results concerned data from site 2.
Visualization of resultsFour variants of binary point cloud classification were evaluated aspart of the study. The analysis aimed to determine the impact oftraining set selection on the effectiveness of rosette prism displace-ment detection.The results obtained using the model trained on Data set 1 indi-cated correct identification of most areas displaced by 4 mm, butthe model was unable to fully detect changes of 9 and 13 mm. Therepeatability of deformation detection was observed regardless ofits actual extent. The best results were obtained for station 1, whilethe data from stations 2 and 3 contained numerous classificationerrors. The potential causes of these errors are the measurementgeometry and the variable density of point clouds.Data set 2 included training data from all stations, which allowedfor a greater variety of recordings to be included. The results of theclassification performed on the basis of Data set 2 are presented inFigure 9. Overall, it showed better results than Data set 1. Neverthe-less, incorrect identifications of displacements were still observed,especially in the case of extreme stations.Disabling the point density feature in Data set 3 resulted in a re-
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Table 4. Evaluation of the classification accuracy of each class (Precision, Recall, F1) in binary classification. The tablecontains statistics for the proposed neural network model (described in Section 2.6), as well as for comparisonwith the following models: tree (with a maximum number of divisions of 100), KNN (number of neighbors is10), and Gaussian SVM (with kernel scale 0.9). These results were obtained for Data set 2.
Class TP FP FN Accuracy Precision Recall F1 p0 pe kappa

Neural Network (described in section 2.6.)0 3050 4 3 - 1.00 1.00 1.00 - 0.49 -1 1301 3 4 - 1.00 1.00 1.00 - 0.09 -All 4351 7 7 1.00 - - - 1.00 0.58 1.00
Tree (with maximum number of splits 100)0 3049 0 4 - 1.00 1.00 1.00 - 0.49 -1 1305 4 0 - 1.00 1.00 1.00 - 0.09 -All 4354 4 4 1.00 - - - 1.00 0.58 1.00

KNN (number of neighbors is 10)0 3041 31 12 - 0.99 1.00 0.99 - 0.50 -1 1268 12 31 - 0.99 0.98 0.98 - 0.09 -All 4309 43 43 0.99 - - - 0.99 0.58 0.98
Gaussian SVM (with kernel scale 0.9)0 2964 0 89 - 1.00 0.97 0.99 - 0.48 -1 1305 89 0 - 0.94 1.00 0.97 - 0.10 -All 4269 89 89 0.98 - - - 0.98 0.57 0.95

Table 5. Evaluation of the classification accuracy of each class Precision, Recall, F1) in binary classification. The tablecontains statistics for the proposed neural network model (described in Section 2.6), as well as for comparisonwith the following models: tree (with a maximum number of divisions of 100), KNN (number of neighbors is10), and Gaussian SVM (with kernel scale 0.9). These results were obtained for Data set 4.
Class TP FP FN Accuracy Precision Recall F1 p0 pe kappa

Neural Network (described in section 2.6.)0 14095 134 115 - 0.99 0.99 0.99 - 0.25 -1 13865 115 134 - 0.99 0.99 0.99 - 0.25 -All 27960 249 249 0.99 - - - 0.99 0.50 0.98
Tree (with maximum number of splits 100)0 14047 166 163 - 0.99 0.99 0.99 - 0.25 -1 13833 163 166 - 0.99 0.99 0.99 - 0.25 -All 27880 329 329 0.99 - - - 0.99 0.50 0.98

KNN (number of neighbors is 10)0 14102 221 108 - 0.98 0.99 0.99 - 0.26 -1 13778 108 221 - 0.99 0.98 0.99 - 0.24 -All 27880 329 329 0.99 - - - 0.99 0.50 0.98
Gaussian SVM (with kernel scale 0.9)0 13992 59 218 - 1.00 0.98 0.99 - 0.25 -1 13940 218 59 - 0.98 1.00 0.99 - 0.25 -All 27932 277 277 0.99 - - - 0.99 0.50 0.98
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(a)

(b)

Figure 8. Graphical representation of the relationship between pairs of features: (a) density (column_19) and displacement vector length (column_18);(b) density (column_19) and changes in local curvature (column_17) for binary classification

Table 6. Ranking of features obtained using MRMR and ReliefF algo-rithms for Data sets 4 – two classes
Feature

Standardized
MRMR
score

Standardized
ReliefF
score

displacement vector length: |∆XYZ| 1.0 0.4changes in local curvature: ∆K 0.8 0.3point density: Density 0.7 0.2
changes in normal vectors: ∆Nz 0.8 1.0change in intensity: ∆I 0.8 0.5changes in normal vectors: ∆Nx 0.6 0.8changes in coordinates: ∆Z 0.7 0.4changes in coordinates: ∆Y 0.6 0.2changes in color: ∆G 0.6 0.4changes in normal vectors: ∆Ny 0.7 0.6changes in coordinates: ∆X 0.3 0.4changes in color: ∆B 0.3 0.3changes in color: ∆R 0.2 0.2

duction in surface classification errors and improved classificationof the prisms themselves. However, local point errors still occurred.The best binary classification results were obtained after trainingneural networks using Data set 4. The classification results for allpoint cloud pairs are presented in Figure 10.The complete Data set 4, which contained data recorded from allstations and for all simulated displacements, proved to be the mosteffective. The model correctly classified the prisms on the rosette.The number of misclassified points was the lowest among all thevariants analyzed. The few errors were mainly due to differences inregistration density.The results of the experiment demonstrate that the quality anddiversity of the training set significantly influence the effectivenessof deformation classification using neural networks. Models basedon a wide range of data enable more accurate detection of changes.Limitations resulting from the geometry of the measurement andthe non-uniformity of point cloud density require optimization ofcomputational methods.The parameters Accuracy, Precision, Recall, and F1 are reliablewhen comparing models trained using the same set of features andtest fields. For example, based on the results in Table 4, it can beconcluded that the Neural Network model trained on Data set 2 isbetter than the Gaussian SVM model trained on Data set 2. Similarly,based on the results presented in Table 5, it can be concluded thatthe Neural Network model trained on Data set 4 has an advantageover the Gaussian SVM model trained on Data set 4. As shownby the results of the classification of the cloud representing theentire rosette, the size of the test field and the selection of learningfeatures are of fundamental importance for the effectiveness of themodel. For the Neural Network model trained on Data set 2, theAccuracy, Precision, Recall, and F1 parameters were better thanfor the Neural Network model trained on Data set 4. However, theresults of classifying the cloud representing the entire rosette using
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Table 7. Summary of binary classification results, including the percentage share of points assigned to individual classes (0,1): Dataset 1 – training field from P2 prism, data from the first station between series 0 and 1; Data set 2 – training field for P2, P5, P6,and P8, data from all stations between series 0 and 1; Data set 3 – training field for P2, P5, P6, and P8, data from all stationsbetween series 0 and 1; Data set 4 – training field for P2, P5, P6, and P8, data from all stations and series.
Simulated

displacement[mm]
Class 0 [%] Class 1 [%]

TLS station 2
left

TLS station 1
central

TLS station 3
right

TLS station 2
left

TLS station 1
central

TLS station 3
right

Data set 14 72.99 99.42 98.45 27.01 0.58 1.559 99.69 99.85 99.85 0.31 0.15 0.1513 99.78 99.89 99.91 0.22 0.11 0.09
Data set 24 90.18 99.48 99.08 9.82 0.52 0.929 99.72 99.89 74.54 0.28 0.11 25.4613 99.83 99.94 84.13 0.17 0.06 15.87
Data set 34 96.85 99.19 98.27 3.15 0.81 1.739 97.78 97.76 98.21 2.22 2.24 1.7913 97.37 98.69 98.40 2.63 1.31 1.60
Data set 44 95.71 99.36 99.03 4.29 0.64 0.979 99.21 99.35 99.31 0.79 0.65 0.6913 99.15 98.14 99.21 0.85 1.86 0.79

the Neural Network classifier trained on Data set 4 outperform thoseof classifying the cloud representing the entire rosette using theNeural Network classifier trained on Data set 2.To visualize the classification results, Figure 11 shows a frag-ment of the point cloud covering prism P1. These are the results ofbinary classification obtained using a neural network model trainedon Data set 4. This prism was located above the scanner, whichmeant that the laser beam struck the surface of the object at anoblique (non-perpendicular) angle. Points classified as class 1 (sim-ulated displacements) are marked in red, while points without dis-placements are marked in blue.In contrast, Figure 12 presents analogous classification resultsfor prism P9, which was located at the same height as the scanner.In this case, the laser beam fell on the surface of the object at a rightangle (approximately 90 degrees). Both tables show differencesin classification effectiveness, resulting from the measurementgeometry (angle of incidence of the beam) and the position of theTLS stations relative to the tested fragment of the object, amongother things.It should be noted that the P1 prism was not moved in eachmeasurement series. It was the highest prism in the entire rosette,located on the micrometric table. The fixed prisms, permanentlyattached to the wall, were constructed differently from the mov-able prisms located on the micrometric tables. To standardize theexperimental conditions, the analyses focused on prisms of thesame construction. Therefore, the tables present the results of theclassification of a point cloud fragment representing a prism on amicrometric table in two variants: in Figure 11 – non-displaced,and in Figure 12 – displaced.As a reminder, the position of prism P1 was changed by only4 mm during the simulation of one measurement epoch from thesecond station. The effect of this displacement can be observed byanalyzing the first fragment of the point cloud in Figure 11 (first row,first figure) with the remaining fragments of the point cloud. Thedetected points displaced on prism P1 may indicate the influence ofthe station position relative to the measured object. In the case ofthis fragment of the rosette, there may be a problem with the laserbeam slipping on the edges of the prism housing, which may resultin classification errors.To confirm the above statements, Table 8 and Table 9 presenta summary of the binary classification results. They contain the

percentage share of points assigned to classes (0,1) and the averageprobability of class prediction for point cloud fragments, which arepresented in Figures 11 and 12, i.e., prism P1 and its surroundings,and prism P9 and its surroundings. The classifier was a neuralnetwork model trained on Data set 4 – test field for P2, P5, P6,P8, data from all stations and series. Statistical data of point cloudfragments representing prism P1 confirm its displacement by 4mm during scanning from station 2-left.For the results obtained for point clouds representing prismP1, it should be noted that, firstly, the percentage of points withclass 0 prediction increases with growing displacement, while thepercentage of points with class 1 prediction decreases. Secondly,the average probability of class 0 prediction rises with increasingdisplacement, as does the average probability of class 1 prediction.These trends are consistent across all stations.For the results obtained for point clouds representing the P9prism, it should be noted that, firstly, the percentage of points witha class 0 prediction decreases with increasing displacement, whilethe percentage of points with a class 1 prediction rises. Secondly,both the average probability of class 0 and class 1 prediction increasewith growing displacement. The same patterns are observed for allstations.
3.2 Multi-class classification analysis

The multi-class analysis involved identifying a set of point cloudfeatures that would enable the most accurate sizing of the displacedprism fragments. The neural network model was trained using Dataset 4. The trained model was then used to classify all nine measuredpoint clouds. For this classification, the model needed to detect thechange and accurately determine its magnitude. Therefore, fourclasses were defined at the outset: 0 mm simulated displacement(blue color), 4 mm simulated displacement (green color), 9 mm sim-ulated displacement (yellow color), and 13 mm simulated displace-ment (red color). During model training, 5-fold cross-validationand additional standardization of input data sets were used.
Analysis of statistical factorsThe statistical parameters obtained after the machine learning pro-cedure show that neural networks are a reliable tool for detectingdisplacements, even when classified into multiple categories. It
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Figure 9. Visualization of binary classification results obtained using a neural network model trained on input Data set 2 – full rosette: simulateddisplacements are red color – class 1, no simulated displacements are blue color – class 0
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Figure 10. Visualization of binary classification results obtained using a neural network model trained on input Data set 4 – full rosette: simulateddisplacements are red color – class 1, no simulated displacements are blue color – class 0
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Figure 11. Visualization of binary classification results obtained using a neural network model trained on input Data set 4 – zoom on prism P1, whichwas located above the scanner: simulated displacements are red color – class 1, no simulated displacements are blue color – class 0
Table 8. Summary of binary classification results, including the percentage share of points assigned to classes (0.1) and theaverage probability of class prediction: classifier – neural network trained on Data set 4 – test field for P2, P5, P6,and P8, data from all stations and series. Statistical data of point cloud fragments representing prism P1, shown inFigure 11.

TLS station 2 - left TLS station 1 - central TLS station 3 - right
part of cloud
predicted for

class [%]
average

class prob-
ability

part of cloud
predicted for

class [%]
average

class prob-
ability

part of cloud
predicted for

class [%]
average

class prob-
ability

4 mmdisplacement class 0 85.14 0.93 97.29 0.99 96.23 0.98class 1 14.86 0.83 2.71 0.86 3.77 0.84
9 mmdisplacement class 0 96.68 1.00 98.20 1.00 97.91 1.00class 1 3.32 0.94 1.80 0.96 2.09 0.95
13 mmdisplacement class 0 97.40 1.00 98.45 1.00 98.25 1.00class 1 2.60 0.96 1.55 0.97 1.75 0.97

Table 9. Summary of binary classification results, including the percentage share of points assigned to classes (0.1) and theaverage probability of class prediction: classifier – neural network trained on Data set 4 – test field for P2, P5, P6, P8,data from all stations and series. Statistical data of point cloud fragments representing prism P9, shown in Figure 12.
TLS station 2 - left TLS station 1 - central TLS station 3 - right

part of cloud
predicted for

class [%]
average

class prob-
ability

part of cloud
predicted for

class [%]
average

class prob-
ability

part of cloud
predicted for

class [%]
average

class prob-
ability

4 mmdisplacement class 0 88.62 0.91 92.76 0.99 93.54 0.99class 1 11.38 0.86 7.24 0.93 6.46 0.95
9 mmdisplacement class 0 86.98 0.99 91.56 1.00 91.80 1.00class 1 13.02 0.98 8.44 0.98 8.20 0.98
13 mmdisplacement class 0 83.91 1.00 89.80 1.00 89.66 1.00class 1 16.09 0.99 10.20 0.99 10.34 0.99
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Figure 12. Visualization of binary classification results obtained using a neural network model trained on input Data set 4 – zoom on prism P9,which is located at the same height as the scanner (approximately perpendicular angle of incidence of the laser beam on the wall surface):simulated displacements are red color – class 1, no simulated displacements are blue color – class 0

was particularly important to maintain a high balance betweenprecision and sensitivity, which reduces the risk of errors. The clas-sification accuracy was 96.0%, indicating that most points werecorrectly assigned to their respective classes. A Kappa coefficient of0.94 indicates standard classification agreement with the referencedata. A Precision coefficient of 0.94 means that the model gener-ates few false positives. The Recall coefficient of 0.94 indicates alow percentage of false negatives. The F1-score coefficient of 0.95shows that the model performs well in terms of both classificationaccuracy and completeness of detection of all cases.The confusion matrix for the multi-class classification neuralnetwork model described in Section 2.6 is shown in Figure 13a.Confusion matrices for simpler classifiers on the same feature setsare also presented to prove that the neural network was indeednecessary. For comparison, the relationships between the true andpredicted classes are shown for Figure 13b the Tree model (witha maximum number of splits of 100), Figure 13c the KNN model(with 10 neighbors), and Figure 13d the Gaussian SVM model (witha kernel scale of 0.9).Table 10 shows performance measures for each class (Precision,Recall, F1) and balanced accuracy or macro-averaged F1 for the en-tire dataset in multi-class classification. The results are presentedfor the target neural network model, as well as for comparison withthe following models: Tree (with a maximum number of splits of100), KNN (with 10 neighbors), and Gaussian SVM (with a kernelscale of 0.9). The best reliability measures were obtained for theneural network model described in Section 2.6.

(a) (b)

(c) (d)

Figure 13. Confusion matrices for multi-class classification: (a) NeuralNetwork model (described in Section 2.6); (b) Tree model(with maximum number of splits 100); (c) KNN model (num-ber of neighbors is 10); (d) Gaussian SVM model (with kernelscale 0.9). These results were obtained for Data set 4.
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Table 10. Evaluation of the classification accuracy of each class (Precision, Recall, F1), as well as balanced accuracy and average macroF1 in multi-class classification. The table contains statistics for the proposed Neural Network model (described in Section2.6), as well as for comparison with the following models: Tree (with a maximum number of splits 100), KNN (number ofneighbors is 10), and Gaussian SVM (with kernel scale 0.9). These results were obtained for Data set 4.
Class TP FP FN Precision Recall F1

Macro-
averaged

F1

Balanced
Accuracy p0 pe kappa

Neural Network (described in section 2.6.)0–0 mm 14073 146 137 0.99 0.99 0.99 - - - 0.25 -1–4 mm 1230 99 75 0.93 0.94 0.93 - - - 0.00 -2–9 mm 4867 516 386 0.90 0.93 0.92 - - - 0.04 -3–13 mm 6920 358 521 0.95 0.93 0.94 - - - 0.07 -All 27090 1119 1119 - - - 0.95 0.94 0.96 0.36 0.94
Tree (with maximum number of splits 100)0–0 mm 14053 161 157 0.99 0.99 0.99 - - - 0.25 -1–4 mm 1182 85 123 0.93 0.91 0.92 - - - 0.00 -2–9 mm 4824 939 429 0.84 0.92 0.88 - - - 0.04 -3–13 mm 6552 413 889 0.94 0.88 0.91 - - - 0.07 -All 26611 1598 1598 - - - 0.92 0.92 0.94 0.36 0.91

KNN (number of neighbors is 10)0–0 mm 14118 240 92 0.98 0.99 0.99 - - - 0.26 -1–4 mm 997 207 308 0.83 0.76 0.79 - - - 0.00 -2–9 mm 4640 1123 613 0.81 0.88 0.84 - - - 0.04 -3–13 mm 6437 447 1004 0.94 0.87 0.90 - - - 0.06 -All 26192 2017 2017 - - - 0.88 0.88 0.93 0.36 0.89
Gaussian SVM (with kernel scale 0.9)0–0 mm 13977 63 233 1.00 0.98 0.99 - - - 0.25 -1–4 mm 800 66 505 0.92 0.61 0.74 - - - 0.00 -2–9 mm 4082 315 1171 0.93 0.78 0.85 - - - 0.03 -3–13 mm 7248 1658 193 0.81 0.97 0.89 - - - 0.08 -All 26107 2102 2102 - - - 0.84 0.86 0.93 0.36 0.88

Feature rankingTo assess the importance of individual features in the multi-classclassification process, their significance was analyzed using theMRMR and ReliefF algorithms (Table 11).The MRMR algorithm ranked the distance to the nearest neigh-bor and the difference in curvature highest. This was followed bypoint density, the difference in the normal vector in the Z axis, andthe difference in reflection intensity. In turn, the ReliefF algorithmindicated point density as the dominant feature, which gained aclear advantage over the others. The following features were rankednext: difference in the normal vector in the Z axis, difference in thenormal vector in the X axis, and distance to the nearest neighbor.A comparison with the feature ranking for binary classificationrevealed similarities and differences. In both classifications, thedisplacement vector length and changes in local curvature featureswere highly significant. Features related to the normal vector (es-pecially ∆Nz and ∆Nx) and change in intensity (∆I) also rankedhigh, although their position differed depending on the algorithm.Color features (∆R, ∆G, ∆B) and the coordinates of individual axes(∆X, ∆Y, ∆Z) were relatively unimportant in both classifications.In the binary classification, the ReliefF algorithm gave the high-est rating to the change in the normal vector in the Z axis. Thissuggests that for a simpler task – distinguishing between displacedand non-displaced points – features describing local changes insurface orientation were important. In the multi-class classifica-tion, ReliefF ranked the Density feature as the highest. For theMRMR algorithm, |∆XYZ| dominated in both cases; however, inthe multi-class classification, Density also gained greater impor-tance, which slightly altered the hierarchy compared to the binaryclassification. Features related to intensity (∆I) were crucial inthe binary classification, with their importance decreasing in themulti-class classification.Figure 14 shows the relationship between density (column_19 in

Table 11. Ranking of features obtained using MRMR and ReliefF algo-rithms for Data sets 4 – four classes
Feature

Standardized
MRMR
score

Standardized
ReliefF
score

displacement vector length: |∆XYZ| 1.0 0.3changes in local curvature: ∆K 0.8 0.3
point density: Density 0.8 1.0changes in normal vectors: ∆Nz 0.8 0.4change in intensity: ∆I 0.7 0.0changes in normal vectors: ∆Nx 0.7 0.4changes in coordinates: ∆Z 0.6 0.3changes in coordinates: ∆Y 0.5 0.3changes in color: ∆G 0.4 0.2changes in normal vectors: ∆Ny 0.4 0.3changes in coordinates: ∆X 0.3 0.3changes in color: ∆B 0.3 0.2changes in color: ∆R 0.3 0.2
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(a)

(b)

Figure 14. Graphical representation of the relationship between pairs of features: (a) density (column_19) and displacement vector length (column_18);(b) density (column_19) and changes in local curvature (column_17) for multi-class classification

Figure 14a) and the length of the displacement vector (column_18in Figure 14a), as well as between density (column_19 in Figure 14b)and local curvature change (column_17 in Figure 14b). The graphsshow the points of Data set 4, which was used to train the neuralnetwork for multi-class classification. Points in the same classform regular clusters or groups. The relationship between thesetwo features is strong.
Analysis of resultsThe results of multi-class classification, performed on Data set 4,confirmed the effectiveness of the approach based on diverse train-ing fields. Table 12 shows the percentage share of points assignedto individual deformation classes. The results indicate that the vastmajority of points were assigned to class 0 (over 97–99% in allcases). The share of points in the other classes was extremely low,usually below 1%. Table 13 shows the average probabilities of as-signing points to individual classes (0–3). This complements thedata in Table 12, showing not only the percentage of points in theclasses, but also the certainty of the model decisions.The high average probability for class 0 (close to 1) confirmsthat the model was very confident in assigning most points to nodeformation. In contrast, for classes corresponding to deformations(1–3), the probabilities are noticeably lower, indicating that themodel had difficulty in clearly recognizing these cases.
Visualization of resultsThe analysis of the results showed that the model effectively distin-guished between individual displacement classes. According to theadopted color scale, blue corresponded to class 0 (no displacement),green corresponded to class 1 (4 mm displacement), yellow corre-sponded to class 2 (9 mm displacement), and red corresponded toclass 3 (13 mm displacement). The color scheme was retained inthe point cloud visualizations presented in Figure 15.

The model correctly assigned points to the appropriate classes.For example, in a cloud simulating displacements of 4 mm, mostof the displaced points were classified as class 1. Similarly, in acloud simulating displacements of 9 mm, they were classified asclass 2, and in a cloud simulating displacements of 13 mm, as class3. The differences were clearly visible in the color scheme of thevisualizations.However, isolated cases of misclassification were observed. Forposition No. 1, in the point cloud simulating a displacement of 9mm, prism P7 was assigned to class 3 instead of class 2. This mayhave been caused by an imprecise movement of the micrometrictable. As a result, with a radius r equal to the deformation valueused to calculate the local point density, the model could assign theobject to a higher class.As in the binary classification, in the case of stations 2 and 3,located at a greater angle to the object under investigation, areaswere incorrectly classified as displacements. However, they differedin location.Figures 16 and 17 present the results of multi-class classifica-tion obtained from a neural network model trained on Data set 4.The visualizations show fragments of the point cloud located inthe area of two prisms: P1 – placed above the scanner, where thelaser beam fell on the surface at a non-perpendicular angle, and P9– placed at the same height as the scanner, where the laser beamfell at a perpendicular angle. In each visualization, the points werecolored according to the displacement class assigned by the model.In the overall assessment, the model correctly identified the ar-eas corresponding to the individual displacement values. However,some points were more difficult to classify unambiguously. Forthe P9 prism (Figure 17), which was located at the height of thescanner, the color distribution was more uniform and clearer. Theperpendicular angle of incidence of the beam enabled better dis-placement mapping, confirming the effectiveness of classification



36 | Reports on Geodesy and Geoinformatics, 2026, Vol. 121, pp. 19–42

Table 12. Summary of multi-class classification results, including the percentage share of points assigned to individual classes (0, 1, 2, 3)
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Data set 44 97.69 99.60 99.51 2.27 0.33 0.41 0.07 0.04 0.08 0.00 0.00 0.009 99.40 99.52 99.40 0.04 0.01 0.01 0.31 0.54 0.40 0.02 0.16 0.1913 99.21 99.42 99.28 0.00 0.00 0.00 0.05 0.18 0.03 0.60 0.53 0.68

Table 13. Average probabilities of class occurrence (0, 1, 2, 3)
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Data set 44 0.97 1.00 1.00 0.72 0.86 0.86 0.74 0.78 0.80 0.87 0.84 0.889 1.00 1.00 1.00 0.80 0.81 0.81 0.91 0.88 0.86 0.70 0.87 0.8113 1.00 1.00 1.00 0.79 0.79 0.75 0.80 0.81 0.81 0.90 0.96 0.97

in conditions conducive to optimal measurement geometry.Based on the results in Figure 16, it can be concluded that thealgorithm correctly detected a displacement of 4 mm on the pointcloud recorded from the second station. The remaining fragmentscontained misclassified point-like displacements. Incorrectly de-tected points moved on prism P1 may indicate that the measure-ment geometry affects the classification results. In addition, theeffect shown in Figure 16 may be exacerbated by the problem of thelaser beam slipping on the edges of the measured objects.Tables 14 and 15 present a summary of the multi-class classifica-tion results. They contain the percentage share of points assigned toclasses (0, 1, 2, 3) and the average probability of predicting the classfor point cloud fragments shown in Figures 16 and 17, i.e., prismP1 and its surroundings, and prism P9 and its surroundings. Theclassifier was a neural network model trained on Data set 4 – testfield for P2, P5, P6, and P8, data from all stations and series. Statis-tical data of point cloud fragments representing prism P1 confirmits displacement by 4 mm during scanning from station 2-left.Unfortunately, the results of multi-class classification do notexhibit the same clear correlations as those obtained in binary clas-sification. For the results obtained for point clouds representingprism P1, it should be noted that, firstly, the percentage of pointswith a class 0 prediction increases with growing displacement, asdoes the average probability of a class 0 prediction. Secondly, thepercentage of points with a class 1, 2, or 3, and the average probabil-ity of a class 1, 2, or 3 prediction do not show a clear trend dependingon the increase in displacement.For the results obtained for point clouds representing prismP9, it should be noted that the percentage of points with a class0 forecast decreases with rising displacement, while the averageprobability of a class 1, 2, or 3 forecast does not show a clear trenddepending on the increase in displacement.

4 Discussion

The conducted research showed that the use of neural network mod-els enables effective classification of displacements recorded using

TLS point clouds. An important observation is that multi-class clas-sification not only identifies deformation, but also allows for theestimation of its magnitude. This can be particularly important inengineering applications, such as monitoring the deformation ofbuilding walls, where it is crucial to detect not only displacementbut also its magnitude. The subject matter of the article aligns withthe modern trend of utilizing artificial intelligence for various sur-veying applications (Medina and Paffenroth, 2021; Zhao et al., 2022;Gojcic et al., 2020). The literature indicates a growing adoptionof TLS techniques for monitoring buildings, infrastructure, andtunnels, as well as an increasing frequency of attempts to integratethem with classification algorithms and neural networks (Tenget al., 2022). An example of a directly related work, in which theauthors construct a network architecture for recognizing defor-mations of building elements based on point clouds, is Chen et al.(2018). The results of this work confirm the feasibility of classify-ing geometric deformations in 3D clouds using neural networks.Another example is the description of tunnel cross-section deforma-tion monitoring using methods based on TLS and 3D classification,as in the work of Camara et al. (2024), who use advanced techniquesto track changes in the cross-section and stability of the object.Both binary and multi-class analysis allowed for the correctassignment of points to the appropriate categories. In addition, 5-fold cross-validation in Classification Learner was performed bypartitioning observations at the point level. Consequently, sam-ples from the same prism and measurement epoch may appear inboth the training and validation folds, potentially yielding overlyoptimistic performance estimates due to strong sample correlation.Nevertheless, the results obtained indicate that the position of thestation relative to the object affects classification. The visualiza-tion results for individual prisms confirmed the high effectivenessof the model, while also revealing its limitations. Classificationerrors occurred more frequently in the case of stations with a non-perpendicular laser beam incidence angle. Under such conditions,points with higher measurement noise were recorded. These ob-servations are consistent with the literature (Soudarissanane et al.,2011). TLS studies show that the angle of incidence significantlyincreases measurement noise (especially above ~60◦). This reduces
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Figure 15. Visualization of multi-class classification results obtained using a neural network model trained on input Data set 4 – full rosette
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Figure 16. Visualization of multi-class classification results obtained using a neural network model trained on input Data set 4 – zoom on prism P1,which was located above the scanner
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Figure 17. Visualization of multi-class classification results obtained using a neural network model trained on input Data set 4 – zoom on prism P9,which is located at the same height as the scanner (approximately perpendicular angle of incidence of the laser beam on the wall surface)

Table 14. Summary of multi-class classification results, including the percentage share of points assigned to classes (0.1,2,3)and the average probability of class prediction: classifier – neural network trained on Data set 4 – test field for P2, P5,P6, and P8, data from all stations and series. Statistical data of point cloud fragments representing prism P1, shownin Figure 16.
TLS station 2 - left TLS station 1 - central TLS station 3 - right

part of cloud
predicted for

class [%]
average

class prob-
ability

part of cloud
predicted for

class [%]
average

class prob-
ability

part of cloud
predicted for

class [%]
average

class prob-
ability

4 mmdisplacement
class 0 90.56 0.95 98.05 0.99 97.76 0.99class 1 9.25 0.84 1.90 0.79 2.02 0.79class 2 0.19 0.77 0.05 0.65 0.23 0.71class 3 0.00 0.00 0.00 0.00 0.00 0.00

9 mmdisplacement
class 0 98.52 1.00 99.13 1.00 98.78 1.00class 1 0.42 0.83 0.04 0.82 0.02 0.96class 2 1.06 0.85 0.79 0.83 1.09 0.86class 3 0.00 0.00 0.04 0.62 0.11 0.72

13 mmdisplacement
class 0 98.56 1.00 99.18 1.00 98.71 1.00class 1 0.13 0.80 0.01 0.61 0.00 0.79class 2 0.68 0.83 0.16 0.81 0.18 0.79class 3 0.63 0.80 0.64 0.84 1.11 0.87
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Table 15. Summary of multi-class classification results, including the percentage share of points assigned to classes (0.1,2,3)and the average probability of class prediction: classifier – neural network trained on Data set 4 – test field for P2, P5,P6, and P8, data from all stations and series. Statistical data of point cloud fragments representing prism P9, shownin Figure 17.
TLS station 2 - left TLS station 1 - central TLS station 3 - right

part of cloud
predicted for

class [%]
average

class prob-
ability

part of cloud
predicted for

class [%]
average

class prob-
ability

part of cloud
predicted for

class [%]
average

class prob-
ability

4 mmdisplacement
class 0 90.31 0.95 94.29 0.99 94.91 1.00class 1 9.63 0.87 5.54 0.90 4.47 0.89class 2 0.06 0.71 0.17 0.76 0.62 0.76class 3 0.00 0.00 0.00 0.00 0.00 0.00

9 mmdisplacement
class 0 88.52 1.00 92.30 1.00 92.39 1.00class 1 0.36 0.82 0.04 0.74 0.02 0.74class 2 10.72 0.93 6.91 0.89 4.88 0.83class 3 0.40 0.74 0.75 0.71 2.72 0.80

13 mmdisplacement
class 0 84.60 0.99 89.60 1.00 90.58 1.00class 1 0.00 0.00 0.00 0.00 0.00 0.00class 2 3.27 0.75 0.50 0.79 0.17 0.77class 3 12.12 0.87 9.91 0.97 9.25 0.98

the precision of coordinates and derived features (e.g., normals, in-tensities). This naturally leads to greater difficulties in classifyingdisplaced points, as local geometric features were more difficult toreproduce correctly.When establishing the relationship between the angle of reflec-tion of the laser beam from the surface of the object and misclas-sified points, the authors do not relate this effect to the intensityof reflection. Therefore, the analysis did not focus on assessingthe impact of signal quality or measurement accuracy in a strictlygeometric sense. However, the studies indicate that the angle ofincidence of the laser beam has a significant impact on the unevendensity of the point cloud, which is the input data for the classi-fication process. As the position of the TLS scanner changes, sodoes the geometry of the object observation and, consequently, thelocal density of the recorded points. In the case of the analyzed wall,the highest point cloud density was observed in areas where thelaser beam fell at an angle close to a right angle. As the angle ofincidence decreased, the point cloud density gradually decreased.This finding is directly reflected in the latest publications (Liu et al.,2025) and in the results of this study.As shown in Figure 18, the sizes of the point cloud fragmentsrepresenting the P9 prism and its immediate surroundings dif-fer, even though they were extracted using the same spatial range.These differences are attributed to the use of three separate scan-ning stations located in different parts of the laboratory to extractthe analyzed fragments, which resulted in variations in surfacesampling densities.Additionally, it was observed that in both binary and multi-classclassification, as the number of points in the analyzed cloud frag-ment increases, the percentage of points assigned to class 0 rises,whilst the percentage of points classified to classes 1, 2, and 3 de-creases. This indicates a significant dependence of prediction re-sults on the local density of the point cloud, which can lead to sys-tematic interpretation errors in areas with heterogeneous sampling.Irregular point cloud density is a key limitation of the devisedmethodology, but it also highlights an important direction for fur-ther development. The premise for further research in this area isthe high ranking of features describing point density in the featureimportance ranking, which confirms their significant impact onthe classification process and the final analysis results.Another significant limitation of the developed methodology isthe need to determine the neighborhood radius a priori. It must bedeclared at the initialization stage of the algorithm that generatesfeatures describing the local geometry of the point cloud. The choiceof this parameter directly affects the characteristics of the derived

(a)

(b)

Figure 18. Statistics of point cloud fragments representing the P9 prismwithin the vicinity of the same range. This is the relationshipbetween the size of the cloud fragment (defined by the num-ber of points in the cloud fragment) and the percentage ofpoints with a prediction of: (a) class 0, (b) classes 1, 2, or 3.Each graph shows the results of both binary and multi-classclassification
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descriptors and, consequently, the classification effectiveness. Thelack of a universal neighborhood radius suitable for different typesof objects, point cloud densities, or scales of analyzed displacementsnecessitates empirical selection, limiting the universality of themethod. In the study, radii equal to the values of the displacementswere adopted, as their magnitudes were known. In real-world con-ditions, however, displacements are unknown. Future work shouldanalyze the impact of the neighborhood radius on the classificationresults and assess the methodology under practical conditions.It is worth noting that the primary objective of this research wasto automate the detection of small displacements. The problem,therefore, is a strong imbalance between classes in the input set,with the “displacement” class being significantly smaller than the“no displacement” class. Such disproportion is typical in changeand displacement detection, but it poses a significant challenge formachine learning. Models trained on unbalanced data tend to favorthe dominant class, leading to reduced effectiveness in indicatingactual displacements, particularly those with small amplitudes.Class imbalance affects not only the model training process, butalso its ability to generalize when classifying target point clouds,increasing the risk of overlooking areas that are actually subject todisplacement. As a result, the obtained results may be characterizedby high overall accuracy, but low sensitivity with respect to the lessnumerous class.The conducted research confirms that high overall accuracyof trained models does not necessarily mean the ability to detectchanges (the model “learns” the dominant class). A small trainingsample can lead to overfitting, which is consistent with ML practicefor 3D data. The literature recommends augmentation techniquesor the use of models that learn multiscale features to improve gener-alization with small training sets (Griffiths and Boehm, 2019). Theranking of features, in which geometric features were given greaterweight in multi-class classification, is also reflected in the litera-ture on point cloud classification methods. Review papers on 3Dclassification emphasize the importance of local features, such asspatial relationships and neighborhood context, for more complexclassification tasks (Zhang et al., 2023, 2025). This work uses tra-ditional neural networks and feature selection methods. However,the literature is increasingly leaning towards deep architecturesfor 3D segmentation and classification. A review of deep learningmethods in point cloud classification reveals that these approachesare increasingly outperforming classical models, particularly forcomplex and large datasets (Zhang et al., 2023).In summary, the findings of this study confirm the potentialof using machine learning for TLS data analysis. However, theyalso indicate the need for further work in the following areas: min-imizing the impact of station geometry on classification quality,integrating additional noise filtering methods, and extending theanalysis to other types of displacement.

5 Conclusions

The developed procedure, covering stages from data acquisitionthrough the calculation of geometric and radiometric features, tothe construction of classification models, allowed for the assess-ment of changes in building structures. The results obtained in-dicate that binary classification, which distinguishes between dis-placed and non-displaced points, achieved higher overall accuracythan multi-class classification. In engineering applications, theability to estimate the scale of deformation can be of significantpractical importance.However, it should be emphasized that the classifier’s effective-ness largely depended on the quality and diversity of the trainingfields prepared. Insufficient number of samples or unbalanced dataled to overfitting of the models, which negatively affected the sta-bility of the results.Analysis of feature rankings revealed that different parameters

had varying significance levels, depending on the classificationtype. In binary classification, features related to local surface ge-ometry, such as normal vectors and curvature, have proven key.In multi-class classification, however, global features such as dis-placement vector length and point density played a more importantrole.The research also revealed the importance of measurement ge-ometry and the positioning of laser scanners relative to the ob-ject being examined. In the case of stations with a sharp beam-incidence angle (station 2-left), a decrease in point density and anincrease in misclassifications were observed.In summary, the developed methodology demonstrated signifi-cant potential in detecting the displacements of building elements.The research revealed certain limitations, such as determining auniversal neighborhood radius size, standardizing point cloud den-sity, which is caused by a change in the location of the TLS stationrelative to the object, and the need to adapt mathematical models totest fields with disproportionate class sizes. Specifically, the studyshowed that beam incidence angles exceeding 60◦ significantly in-crease measurement noise, which complicates the classification ofdisplaced points. However, the results are promising. The method-ology described in the article provides a basis for future research.Future work should focus on expanding the procedure to detectdisplacements perpendicular to the wall surface (out-of-plane),which requires an expanded set of input features. Additionally, it isnecessary to validate the methodology on real-world engineeringstructures. Ultimately, it can be concluded that machine learningmethods can become a valuable component of modern structuralmonitoring systems, supporting both the detection and quantita-tive assessment of displacements.
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