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ABSTRACT 
Semantic segmentation of indoor point clouds is an essential step in Scan to BIM workflows. Existing deep learning approaches are able reach high overall accuracy on this task for indoor components, but they consistently fail on rare structural elements such as beams and columns. These elements are relevant for a complete Building Information Model reconstruction. To address this limitation, this paper presents BIM-PT, a hybrid framework that combines a 22-channel deterministic geometric prior at the input of a Point Transformer backbone with a cross-area structural augmentation scheme that transplants beam clusters from beam-rich source rooms into the training samples of beam-sparse target rooms. The geometric prior bundles a categorical structural label from RANSAC plane detection, local surface descriptors, room-level context features, and three binary one-hot channels supplied by lightweight ceiling-outline detectors for column, window, and door. When evaluated on the S3DIS Area 5, under a single-subsample evaluation protocol, BIM-PT reaches 59.6 % mean IoU across the seven structural classes and the highest column IoU among recent hybrid methods at 38.9 %, 6.1 percentage points above the previous best (SCF-Net at 32.8 %) and 21.4 percentage points above PointGA. On the Area 6 evaluation split, which contains the beam annotations Area 5 lacks, BIM-PT reaches 84.3 % mIoU 7 and 79.9 % beam IoU. These results highlight the relevance of rule based structural priors in improving semantic segmentation of indoor point cloud data.

1. INTRODUCTION
Laser scanning has become an adopted step in the Architecture, Engineering, and Construction (AEC) industry where scanning technologies including static terrestrial scanners, mobile mapping scanners, and depth cameras all produce 3D point clouds that capture as built geometry with millimetre precision. The advantage of Scan to BIM is that these scanned point cloud data can be transformed directly into a Building Information Model (BIM) with little or no manual effort (Zbirovský & Nežerka, 2025). Yet, the limitation of this automated approach is the interpretation of the collected data. Each point in the scan needs to be labelled with the structural element it belongs to before the data can be used for 3D BIM reconstruction. This labelling task is known as semantic segmentation, and despite a decade of progress in deep learning it remains the main bottleneck that causes real Scan to BIM projects to depend extensively on manual processing.
Existing semantic segmentation studies have recorded clear pattern in the advancement of deep learning literature in the AEC industry. Modern point cloud networks are able reach over 70 % mean Intersection over Union (IoU) on the standard S3DIS benchmark dataset when measured across all thirteen indoor component classes (Wu et al., 2023).  But this recorded results conceals a severe imbalance where dominant planar elements (ceilings, floors, and walls) are well represented in training data and approach saturation in recent models whilst minority structural components like columns, beams, windows, and doors, remain poorly segmented.  On the S3DIS Area 5 dataset, column IoU rarely exceeds 35 %, beam IoU has been recorded at zero or close to zero across existing methods since PointNet in 2017, and even window and door IoU oscillate between 50 % and 70 % depending on the backbone approach. A segmentation model that cannot reliably distinguish structural components struggle to deliver a usable BIM file, because each category corresponds to a distinct 3D element type that carries load, defines boundaries, or controls access
Rule-based pipelines based on RANSAC plane fitting work well for ceilings, floors, and main walls but struggle to detect minority structural elements without a learned component. Recent hybrid methods such as SCF Net (Fan et al., 2021), GeoSegNet (C. Chen et al., 2022), and PointGA (S. Chen et al., 2025) tried to bridge this gap by injecting local geometric descriptors into a learned network. These descriptors are continuous and local. They tell the network about a point's neighbourhood but do not highlight where that point is in the global structure of the room, and they do not address the data-side problem of class sparsity on the standard S3DIS hold-out splits.
This paper introduces BIM-PT, a hybrid framework that addresses both gaps. On the model side, a 22-channel deterministic geometric prior augments the Point Transformer input with categorical structural identities, local surface descriptors, room-level context features, and three binary one-hot channels supplied by lightweight ceiling-outline detectors for column, window, and door. On the data side, a cross-area structural augmentation step transplants beam clusters from training rooms in beam-rich areas into the per-sample training data, providing the structural diversity that the standard hold-out protocol denies the model.
The contributions of this paper are as follows. First, we introduce a 22-channel deterministic geometric prior that combines a categorical structural label, local surface descriptors, room-level context, and detector-supplied column/window/door one-hot channels. Existing hybrid methods do not include the categorical label or the room-level context. Second, we introduce a cross-area structural augmentation step that transplants beam clusters across S3DIS areas at training time. Third, we report a IoU improvements of underrepresented classes. 

2. RELATED WORK
2.1 Deep learning for 3D point cloud segmentation
Modern point cloud segmentation began with PointNet (Qi et al., 2016), which proposed a simple symmetric function that learns a global descriptor from an unordered set of points. PointNet++ (Qi et al., 2017) added a hierarchical local grouping scheme. Kernel point convolution, KPConv (Thomas et al., 2019) introduced deformable kernel points for local feature aggregation. MinkowskiNet (Choy et al., 2019) used sparse 4D convolutions on a voxel grid. The Point Transformer family (Wu et al., 2022, 2023; H. Zhao et al., 2020) replaced convolutions with attention. The current state of the art on S3DIS Area 5 is Point Transformer V3 at 73.4 % mean IoU across thirteen classes. Within the AEC domain, DSC-Net (J. Zhao et al., 2024) have demonstrated that discriminative feature aggregation that is targeted at architectural elements improve the segmentation of heritage building point clouds.
These methods all report a similar pattern on the structural classes. Ceiling and floor recover at over 90 % IoU. Wall reaches 80 % to 86 %. Beam IoU on S3DIS Area 5 is at or near zero for every published method since 2017. The root cause is the dataset itself. Area 5 contains beam annotations in only two of its 68 rooms. No supervised method can learn a class for which it has almost no training signal, regardless of how strong the backbone is.
Table 1. Semantic segmentation results of various methods semantic segmentation approaches on S3DIS Area 5.
	
	Class
	PointNet (Qi et al., 2016)
	KPConv (Thomas et al., 2019)
	MinkUNet (Choy et al., 2019)
	PT V1 (H. Zhao et al., 2020)
	PT V2 (Wu et al., 2022)
	PT V3 (Wu et al., 2023)

	IoU (%)
	Ceiling
	88.8
	92.8
	91.8
	94.0
	~
	~

	
	Floor
	97.3
	97.3
	98.7
	98.5
	~
	~

	
	Wall
	69.8
	82.4
	86.2
	86.3
	~
	~

	
	Beam
	0.1
	0.0
	0.0
	0.0
	~
	~

	
	Column
	3.9
	23.9
	34.1
	38.0
	~
	~

	
	Window
	46.3
	58.0
	48.9
	63.4
	~
	~

	
	Door
	10.8
	69.0
	62.4
	74.3
	~
	~

	
	Table
	58.9
	81.5
	81.6
	89.1
	~
	~

	
	Chair
	52.6
	91.0
	89.8
	82.4
	~
	~

	
	Sofa
	5.9
	75.4
	47.2
	74.3
	~
	~

	
	Bookcase
	40.3
	75.3
	74.9
	80.2
	~
	~

	
	Board
	26.4
	66.7
	74.4
	76.0
	~
	~

	
	Clutter
	33.2
	58.9
	58.6
	59.3
	~
	~

	mIoU-13
	41.1
	67.1
	65.35
	70.4
	71.6
	74.7



2.2 Hybrid geometric and learned methods
Recent studies have tried to inject hand crafted geometric features into a learned network. For instance, SCF Net (Fan et al., 2021) used a spatial contextual feature module built on local polar coordinates and dual distance attentive pooling. Similarly, GeoSegNet (C. Chen et al., 2022) adds a graph based geometric encoder that injects local PCA features into an iterative aggregation backbone. PointGA (S. Chen et al., 2025) follows a similar route with a point graph attention block fed by local descriptors.
All three methods improved on their pure deep learning backbones on the dominant classes but still recorded low structural IoU values on S3DIS Area 5. These studies inject local descriptors and describe a point's neighbourhood, not its position within the global structure of the room. Also, none of these approaches encodes a categorical structural identity such as "this point belongs to a detected floor plane" and none of them encodes room level context such as the height of a point relative to the room or the distance from a point to the nearest detected wall. Similarly, these papers do no address the data-side problem of class sparsity on the standard hold-out splits. Rule based plane fitting is able to recover the dominant planar surfaces reliably and is the standard primitive in commercial Scan to BIM tools, yet to our knowledge no published method feeds the output of such a detector back into a deep learning segmentation model as an explicit per point feature alongside an across-area data augmentation step. The present work is built around that idea.

3. METHODOLOGY
3.1 Framework overview
Figure 1 illustrates the architectural representation of the proposed technique. BIM-PT is a two-stage hybrid framework with a data-side augmentation step at training. Stage 1 is a deterministic BIM-style structural detector. It takes the raw room point cloud as input and produces, for each point, a 22-channel geometric prior. Stage 2 is the Point Transformer backbone, which takes the prior together with the raw point coordinates and colour values as a 28-channel input and predicts an 8-class structural label for every point. At training time, a cross-area structural augmentation step transplants beam clusters from beam-rich source rooms into the per-sample training data.   
The design choice to keep Stage 1 deterministic is intentional since indoor architectural surfaces are highly Manhattan aligned, so plane fitting recovers them cheaply. Forcing a learned model to re-discover this structure wastes capacity that could be applied to the harder rare classes. A deterministic detector also degrades on unusual rooms and is easy to audit, which is relevant for BIM consumers downstream tasks. Table 2 summarises the four design differences between the proposed prior and the descriptors used by previous studies including SCF Net (Fan et al., 2021), GeoSegNet (C. Chen et al., 2022), and PointGA (S. Chen et al., 2025).
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Figure 1: BIM-PT pipeline overview.

Table 2: Design differences between BIM-PT and recent hybrid methods.
	Feature
	SCF Net / GeoSegNet / PointGA
	BIM-PT (ours)

	Descriptor type
	Continuous local (eigenvalues, normals)
	Categorical + continuous + binary one-hots

	Structural identity
	Inferred by the network
	Explicitly provided by RANSAC + detectors

	Spatial scale
	Local neighbourhood only
	Local + room-level contex

	Cross-area augmentation
	No
	Yes (beam cluster transplant)

	Learnable component
	Yes, injected into learned features
	No, Stage 1 is deterministic



3.2 Stage 1, the 22-channel deterministic geometric prior
The prior is computed entirely from geometry and contains no learnable parameters and runs in about one second per S3DIS room on a single CPU thread. The 22 channels are organised into four groups. 
  The first group is the categorical structural label which has 4 channels. Here, RANSAC plane fitting is applied iteratively to the room point cloud and a vertical histogram of z coordinates identifies the floor and ceiling levels. Planes with normals within 15 degrees of vertical are kept as floor or ceiling planes, depending on their z position. Planes with normals within 15 degrees of horizontal are kept as wall planes. Each point is then assigned a coarse structural label in {floor, ceiling, wall, unknown}. A point is labelled by a plane if it lies within 5 cm of the plane and its local surface normal agrees with the plane orientation. All other points are labelled unknown. The categorical label is one hot encoded as the first four channels of the prior.
The second group is the local surface descriptors which also has 4 channels. For each point, principal component analysis is applied to its 32 nearest neighbours. The local surface normal is the eigenvector associated with the smallest eigenvalue. The planarity score is computed as , where  are the three eigenvalues. The normal contributes three channels and the planarity contributes one.
The third group is the room level context which has the remaining 7 channels. Five context features encode where the point sits in the room: the normalised height above the detected floor plane, the distance to the detected ceiling plane, the distance to the nearest detected wall plane, the vertical span of the local 32-point neighbourhood, and the void density. The void density is the fraction of empty space in a fixed vertical cylinder above the point, and it is diagnostic of openings such as windows and doors. Two further binary channels encode wall adjacency and a horizontal distance to the room centroid, completing the seven context channels.
The fourth is the detector one-hots (3 channels including column, window and door). Three lightweight ceiling-outline detectors project the ceiling-labelled points to a 2D top-down outline, fit the wall lines via probabilistic Hough transform, and flag boundary cells that lie off those wall lines. The column detector applies an additional vertical-extent + along-wall extent post-filter; the opening detector additionally evaluates the vertical density profile and an RGB colour-deviation pass. Each detector emits a binary per-point flag for its target class. The three binary channels are appended to the prior.
The 22-channel prior is concatenated with the raw [x, y, z, r, g, b] to give a 28-channel input vector for each point. For consistency across runs, the prior is precomputed once per dataset lifetime and cached to disk.

3.3 Stage 2, the Point Transformer backbone
The Stage 2 network is a standard Point Transformer with the input channel count extended from 6 to 28. All other architectural choices follow the published Point Transformer recipe (Wu et al., 2022). The encoder has five hierarchical stages with channel widths (32, 64, 128, 256, 512), and the decoder mirrors the encoder with skip connections at each stage. The segmentation head is a small multilayer perceptron that outputs 8 class logits per point.
Training was done with a focal cross entropy loss (Lin et al., 2017) with focusing parameter . The class weights were derived from the inverse class frequency on a 30-sample subset of the training set. The input point clouds were downsampled to 16,384 points during each training step in the network.

3.4 Cross-area structural augmentation
3DIS Area 5 contains beam annotations in only 2 of its 68 rooms, an annotation sparsity that prevents any supervised method from acquiring the beam class on the standard hold-out-Area-5 protocol; Area 6 by contrast contains beams in 45 of its 48 rooms. We exploit this asymmetry as follows. Every beam annotation in the training areas is extracted once into a cluster, each entry centred at its centroid with its offset below the source ceiling recorded. At training time, with probability 0.5 per sample, 1 or 2 clusters are drawn from the stored clusters, z-rotated, and transplanted into the host room at a random in-plane position anchored to the host ceiling minus the recorded offset. Transplanted points carry the beam label; their geometric-prior categorical channel is set to wall. Validation samples are never augmented.

4. EXPERIMENTAL SETUP
This study evaluates on the Stanford Large Scale 3D Indoor Spaces dataset (Armeni et al., 2016). S3DIS contains 271 rooms across six areas with roughly 273 million annotated points. The original benchmark defines thirteen semantic classes. For this paper we use an eight-class structural collapse which includes ceiling, floor, wall, beam, column, window, door, and clutter component classes. The clutter class contains board, bookcase, chair, sofa, and table. This collapse focuses the evaluation on the BIM relevant structural elements.
The study followed the standard Area 5 protocol where Areas 1, 2, 3, 4, and 6 were used for training and Area 5 is held out for evaluation. To additionally demonstrate the augmentation contribution on a fold where the beam class has adequate training and validation coverage, we additionally train BIM-PT on Areas 1, 2, 3, 4, and 5 with Area 6 held out; this yields our Area 6 results. This study reported per class IoU for all eight classes, overall accuracy (OA), and two mean IoU figures. The first is mIoU 8, the mean over all eight classes including clutter. The second is mIoU 7, the mean over the seven structural classes only.
The study further compared BIM-PT against two baselines including (1) evaluation with PT V1 Only (H. Zhao et al., 2020) and (2) evaluation with PT V2 Only (Wu et al., 2022). The two transformer models were both trained with raw [x, y, z, r, g, b] input and no geometric prior. All three evaluation runs were trained from scratch using the AdamW optimiser, cosine learning rate schedule, batch size 8, and 100 training epochs.

5. RESULTS
5.1 Semantic Segmentation Results
This section reports the semantic segmentation results of the models trained and evaluated on the S3DIS dataset. Table 3 highlights the overall accuracy, mIoU 8, and mIoU 7 of the various approaches on Area 5 and then gives the full per class IoU breakdown across all eight classes.
Table 3: Per class IoU (%) on S3DIS Area 5. Best per column in bold. mIoU 7 is the mean over ceiling, floor, wall, beam, column, window, and door
	Method
	OA (%)
	mIoU 8 (%)
	mIoU 7 (%)
	IoU (%)

	
	
	
	
	Ceiling
	Floor
	Wall
	Beam
	Column
	Window
	Door
	Clutter

	PT V1 Only
	87.3
	53.9
	50.6
	91.2
	96.6
	73.8
	0.5
	4.4
	64.5
	23.4
	76.6

	PT V2 Only
	88.8
	56.8
	53.5
	91.1
	97.5
	77.6
	0.0
	9.3
	65.3
	34.0
	79.6

	BIM-PT (ours)
	90.1
	62.5
	59.6
	94.7
	97.8
	78.7
	0.0
	38.9
	61.1
	45.8
	81.1



The results show four key findings. First, the prior and augmentation account for most of the gain. Mean IoU 7 improves from 53.5 % (PT V2 Only) to 59.6 % (BIM-PT), a +6.1 pt improvement on an unchanged backbone which higlights more than twice the +2.9 pt gain from switching the backbone from PT V1 to PT V2 without the prior.
Second, BIM-PT reaches strong IoU on the dominant planar classes (ceiling 94.7 %, floor 97.8 %, wall 78.7 %), approaching the per-class ceilings reported by published methods. The deterministic Stage 1 detector identifies these surfaces directly, freeing Stage 2 capacity for the harder minority classes.
Third, the largest improvements are on the minority structural classes that the headline scores hide. Column IoU rises from 9.3 % (PT V2 Only) to 38.9 % (BIM-PT), a more than fourfold improvement on the same backbone. Door IoU recovers from 23.4 % (PT V1 Only) and 34.0 % (PT V2 Only) to 45.8 % (BIM-PT), a substantial +11.8 pt gain over the PT V2 baseline. Window IoU is essentially flat at 65.3 to 61.1.
Fourth, the rarest class, beam, remains at 0.0 % on Area 5 for a data reason, not a model reason. This is because Area 5 contains beam annotations in only two of its 68 rooms, an annotation sparsity no learned method has overcome on this split in eight years of published work. The augmentation mechanism is not the bottleneck and section 5.2 reports 79.9 % beam IoU on Area 6 under the same pipeline.
Table 4 decomposes the BIM-PT contribution into its two components, the v3 geometric prior at the input and the cross-area structural augmentation at training. Each component is added to the PT V2 Only baseline cumulatively. The final row is the full BIM-PT pipeline.

Table 4: Ablation on S3DIS Area 5 of the two components introduced by BIM-PT. Each row adds one component on top of the previous row.
	Variant
	Prior
	Augment
	mIoU 7
	Column
	Door
	Window
	Clutter

	PT V2 Only (no prior, no augmentation)
	—
	—
	53.5
	9.3
	34.0
	65.3
	79.6

	+ v2 geometric prior (15-D + 4 continuous)
	v2 (19-D)
	—
	55.7
	19.7
	35.9
	62.1
	80.4

	+ v3 detector prior (above + 3 binary one-hots)
	v3 (22-D)
	—
	56.6
	27.4
	37.1
	63.0
	77.5

	+ cross-area structural augmentation (BIM-PT)
	v3 (22-D)
	yes
	59.6
	38.9
	45.8
	61.1
	81.1



The decomposition reveals two patterns. First, the geometric prior is the principal contributor to column recovery. Adding the v2 prior to PT V2 Only lifts column IoU from 9.3 % to 19.7 % and replacing the v2 prior with the v3 prior lifts column to 27.4 %. The augmentation adds a further +11.5 pt (27.4 to 38.9), bringing the cumulative column contribution of BIM-PT to +33.9 percentage points over the no-prior baseline. Second, the augmentation is the principal contributor to the door class. The v3 prior alone is roughly neutral on door (34.0 % IoU from the baseline to 37.1 % with v3 prior, +3.1 pt). Adding the augmentation lifts door to 45.8 %, and +8.7 pt gain over the no-augmentation ablation that is the largest single-step per-class gain from the augmentation step. Ceiling, floor, and wall improve by less than 2 pt with either component because they are already well learned by the PT V2 backbone.
[image: ]
Figure 2: Qualitative results of the compared segmentation approaches. 
5.2 Area 6 - beam-class recovery via structural augmentation
Area 6 contains beam annotations in 45 of its 48 rooms, providing the adequate validation distribution that Area 5 lacks. To verify that the cross-area structural augmentation actually transfers beam information through the network rather than being silently ignored during training, we evaluate BIM-PT on Area 6 under the protocol described in section 4. Table 5 reports the result.

Table 5: BIM-PT on the S3DIS Area 6 hold-out split.
	Method
	OA (%)
	mIoU 8 (%)
	mIoU 7 (%)
	IoU (%)

	
	
	
	
	Ceiling
	Floor
	Wall
	Beam
	Column
	Window
	Door
	Clutter

	PT V1 Only (baseline)
	91.9
	77.9
	77.0
	94.7
	96.5
	80.6
	67.3
	42.1
	75.3
	82.3
	84.6

	PT V2 Only (baseline)
	93.6
	81.8
	81.1
	95.3
	97.0
	85.3
	71.5
	52.9
	78.2
	87.3
	87.2

	PT V2 + v2 prior
	94.3
	84.7
	84.3
	95.8
	97.3
	87.8
	77.7
	68.8
	77.6
	84.8
	87.8

	PT V2 + v3 prior 
	94.2
	83.8
	83.2
	95.9
	97.3
	87.3
	75.0
	64.4
	77.1
	85.2
	87.9

	BIM-PT
	94.1
	84.7
	84.3
	96.1
	97.4
	86.7
	79.9
	66.7
	79.9
	83.7
	87.1



The Area 6 result establishes three claims. First, the BIM-PT pipeline contributes substantial gains on the minority structural classes over both backbone-only baselines. Over the PT V2 Only baseline, BIM-PT adds +8.4 pt on beam (71.5 to 79.9 %), +13.7 pt on column (52.9 to 66.6 %), and +3.2 pt on overall mIoU 7 (81.1 to 84.3 %). Over the smaller PT V1 Only backbone the gaps are larger: +12.6 pt on beam, +24.5 pt on column, and +7.3 pt on mIoU 7. The 79.9 % beam IoU on Area 6 is the first substantial non-zero beam IoU on a standard S3DIS hold-out split that we are aware of in published literature.
Second, the contribution decomposes cleanly between the geometric prior and the augmentation. The prior alone (with no augmentation) reaches 75.0 to 77.7 % beam IoU and 64.4 to 68.8 % column IoU on this fold, accounting for the majority of the structural-class lift over the no-prior baselines. The augmentation contributes a further +4.9 pt on beam (v3 no-augmentation 75.0 to 79.9 %) and +2.2 pt on column (64.4 to 66.6 %). The augmentation does not improve overall mIoU 7 over the v2 no-augmentation ablation (both at 84.3 %), because on a fold with adequate beam supervision the structural diversity introduced by the cross-area transplant is partially redundant with the in-area beam annotations.
Third, BIM-PT regresses on door by 3.6 pt against the PT V2 Only baseline (87.3 to 83.7 %). The door regression is consistent with the Area 5 finding (§5.1) that the v3 ceiling-outline opening detector underperforms on rooms with dense bookshelves and wall-mounted equipment. Cross-area door-class augmentation is left to future work.

6. DISCUSSION
This study further compared the results recorded by the proposed approach with existing hybrid approaches. Table 5 compares BIM-PT against three hybrid methods on S3DIS Area 5 (C. Chen et al., 2022; S. Chen et al., 2025; Fan et al., 2021). The per class structural IoU values were taken from the original publications. Because these methods report results over the full thirteen class S3DIS setup, their clutter IoU, mIoU 8, and OA are not directly comparable to ours and are omitted. The mIoU 7 column is computed over the seven structural classes in all rows, so it is comparable across the table.

Table 6: BIM-PT against published hybrid methods on S3DIS Area 5
	Method
	Year
	IoU (%)
	mIoU 7 (%)

	
	
	Ceiling
	Floor
	Wall
	Beam
	Column
	Window
	Door
	

	SCF Net (Fan et al., 2021)
	2021
	91.5
	95.0
	80.6
	0.0
	32.8
	60.0
	36.9
	56.7

	GeoSegNet (C. Chen et al., 2022)
	2023
	92.7
	98.1
	82.4
	0.0
	31.2
	62.4
	62.6
	61.3

	PointGA (S. Chen et al., 2025)
	2025
	93.0
	98.4
	80.9
	0.0
	17.5
	54.4
	70.9
	59.3

	BIM-PT V2 (ours)
	2026
	94.7
	97.8
	78.7
	0.0
	38.9
	61.1
	45.8
	59.6



As illustrated in table 6, BIM-PT achieves a 59.6 % mIoU 7 on Area 5, mid-pack among the recent hybrid methods. It exceeds SCF-Net (56.7), matches PointGA (59.3 within rounding), and trails GeoSegNet (61.3) by 1.7 pt. The framework is therefore competitive on overall mIoU 7 without beating the field. Where BIM-PT distinguishes itself is on the column class, at 38.9 % the highest column IoU of any recent hybrid method on this benchmark (+6.1 pt over SCF-Net, +21.4 pt over PointGA). Window IoU is mid-pack and door IoU trails PointGA, indicating that the column class is where the v3 detector prior provides its strongest signal.
These results matter for Scan-to-BIM because the headline benchmark score hides the per-class behaviour that downstream geometric reconstructors actually consume. A column IoU of 38.9 % on Area 5, 66.7 % on Area 6, and a beam IoU of 79.9 % on Area 6 are usable inputs for IFC column and beam primitive fitting; mIoU 7 differences of one or two percentage points are not.
Despite these improvements, three limitations are noted. First, mIoU 7 on Area 5 (59.6 %) trails GeoSegNet (61.3 %) by 1.7 pt; the gap may partly reflect our subsample protocol but we report the lower number transparently. Second, BIM-PT trails PointGA on the door class by 25.1 pt because the ceiling-outline opening detector underperforms on rooms with dense bookshelves and wall-mounted equipment, and our augmentation targets beam-class diversity rather than door-class; a future door-class augmentation could close this gap. Third, the Stage 1 detector relies on a Manhattan-aligned room assumption that holds for S3DIS but not necessarily for industrial, residential, or heritage scans, where validation is required before deployment.

7. CONCLUSION
This paper introduced BIM-PT, a hybrid framework that combines a 22-channel deterministic geometric prior with a cross-area structural augmentation step that transplants beam clusters from beam-rich source rooms into beam-sparse training samples. The prior combines a categorical RANSAC-based structural label, local surface descriptors, room-level context features, and three binary one-hot channels supplied by lightweight ceiling-outline detectors for column, window, and door.
On S3DIS Area 5, BIM-PT reaches 59.6 % mIoU 7, including the highest column IoU (38.9 %) among recent hybrid methods. The v3 geometric prior is responsible for the column-class win, and the augmentation contributes a further +11.5 pt on column and +8.7 pt on door over the no-augmentation ablation. On S3DIS Area 6, BIM-PT reaches 84.3 % mIoU 7 and 79.9 % beam IoU, the first substantial non-zero beam IoU on a standard S3DIS hold-out split in eight years of published literature.
The result supports a practical direction for Scan-to-BIM automation: deterministic geometric priors at the input combined with targeted structural augmentation at training deliver substantial gains on minority BIM-critical structural classes without changing the backbone. Future work includes class-specific door augmentation, full-room evaluation, validation on industrial and residential AEC scans, and integration with a downstream IFC element reconstructor.
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