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	Automated building extraction from very-high-resolution satellite imagery is a core task for urban planning, land-use monitoring, and disaster management, yet dense construction, occlusion, and spectral confusion with paved and roofed surfaces continue to limit the accuracy of automated pipelines. This study evaluates the accuracy and efficiency of YOLOv11-L, the large variant of Ultralytics YOLO release, for detecting buildings in high-resolution satellite imagery of Karaj, Iran, a rapidly urbanizing city with dense residential and industrial texture. A dataset of 2,517 satellite images was labeled for two land-cover classes, buildings and vegetation, on the Roboflow platform, and expanded through augmentation to 7,552 images split 83/9/8% into training, validation, and test sets. The model was trained on the Ultralytics platform for 150 epochs with a learning rate of 0.001, batch size of 4, input resolution of 1280 pixels, the SGD optimizer, and a patience of 140. The trained model reached mAP@0.5 = 0.946, mAP@0.5:0.95 = 0.598, precision = 0.932, recall = 0.895, and F1-score = 0.913 on the held-out test set, indicating strong and stable performance in localizing and distinguishing buildings from surrounding urban texture. Benchmarked against recent YOLO-based building-extraction studies published in 2024-2025, the reported accuracy is competitive with, and in several respects exceeds, comparable pipelines built on earlier YOLO releases. The paper discusses the sources of residual error - principally shadow, glare, and off-nadir geometry - and outlines directions for future work, including multi-sensor fusion and hybrid transformer-CNN architectures.
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1. Introduction
Rapid urbanization across the developing world has made automated, repeatable mapping of the built environment a practical necessity for city governments, statistical agencies, and disaster-response organizations. Building footprints underpin a wide range of downstream applications, including urban planning, population estimation, tax assessment, energy-demand modeling, 3D city reconstruction, and post-disaster damage assessment (Yuan et al., 2025; Luo et al., 2021), yet manual digitization of buildings from satellite imagery does not scale to the pace of urban growth in cities such as Karaj, Iran, where dense residential blocks, industrial sheds, and informal construction intermix within a single frame.
Deep learning object detectors have progressively replaced pixel-based classifiers and hand-crafted feature pipelines for this task, because they learn discriminative spatial and textural features directly from labeled imagery rather than relying on spectral indices alone. Within this family, the YOLO (You Only Look Once) line of single-stage detectors has become a de facto standard for remote-sensing object detection because it couples competitive accuracy with inference speeds suitable for operational deployment (Redmon et al., 2016; Bochkovskiy et al., 2020). The most recent release, YOLOv11, introduces a revised backbone, an improved multi-scale feature-aggregation neck, and a decoupled detection head, and reports higher accuracy and better parameter efficiency than YOLOv8 and YOLOv10 on standard benchmarks (Ultralytics, 2024).
This paper evaluates the large variant of this architecture, YOLOv11-L, for the specific task of building detection in high-resolution satellite imagery of Karaj, a city of mixed residential, industrial, and peri-urban land use in Alborz Province, Iran. The building class was trained jointly with a vegetation class using a unified annotation and training pipeline; this paper isolates and reports the building-detection results and situates them against the wider building-extraction literature, while a companion paper (Hosseingholizadeh, 2026) reports the corresponding urban green-space results from the same model and imagery in full.
The specific objectives of this study are threefold: (1) to quantify the accuracy of YOLOv11-L in detecting buildings in high-resolution satellite imagery of an Iranian city with heterogeneous built texture; (2) to characterize the training dynamics and convergence behavior of the model across a full 150-epoch schedule; and (3) to benchmark the resulting accuracy against recent (2024-2025) YOLO-based building-extraction studies in order to situate the contribution within the current state of the art.
2. Related Work
2.1 From pixel-based classification to deep object detection
Early building-extraction methods relied on spectral indices, texture descriptors, and per-pixel classifiers such as maximum-likelihood or support-vector-machine classification of multispectral imagery (Gonzalez & Woods, 2018; Zhang et al., 2016). These approaches are sensitive to illumination and shadow variation and generally require hand-tuned thresholds per scene. The introduction of convolutional neural networks (LeCun et al., 1998; Krizhevsky et al., 2012; Simonyan & Zisserman, 2015; He et al., 2016; Goodfellow et al., 2016) and, subsequently, region-based object detectors shifted the field toward learned, end-to-end feature extraction. The R-CNN lineage - R-CNN (Girshick et al., 2014), Fast R-CNN (Girshick, 2015), and Faster R-CNN 
2.2 Transformer-based building extraction
Following the introduction of the transformer architecture and its self-attention mechanism (Vaswani et al., 2017) and its adaptation to vision tasks via the Vision Transformer (Dosovitskiy et al., 2021), transformer-based detectors and segmentation networks have emerged as a strong alternative to purely convolutional pipelines for building extraction (Li et al., 2025; Xu et al., 2025). DETR (Carion et al., 2020) reformulated object detection as an end-to-end set-prediction problem, and its real-time successor RT-DETR (Zhao et al., 2023) has since been benchmarked directly against YOLO-family detectors, reporting competitive accuracy at somewhat higher computational cost. For building extraction specifically, Chen et al. (2021b) proposed a sparse-token transformer that reduces the computational overhead of full self-attention while preserving boundary accuracy; Wang et al. (2022) applied a vision transformer with paired local and global context paths; Sun et al. (2022) and Xiao et al. (2022) integrated Swin Transformer encoders into U-shaped segmentation networks; Yuan et al. (2023) proposed a lightweight Swin-Transformer/CNN hybrid (LiteST-Net); and Cui et al. (2023) used an improved Swin Transformer with an UperNet decoder to segment postearthquake dense buildings, reporting that transformer-based models generalized better across varying building heights and urban morphologies than CNN-only counterparts. This body of work indicates that transformer-based architectures offer a genuine accuracy advantage on heterogeneous, multi-city building datasets, at the cost of higher training and inference overhead than single-stage CNN detectors such as YOLO - a trade-off directly relevant to the model-selection rationale in Section 4.1.
2.3 The YOLO family in remote sensing
Among deep object detectors, the YOLO family has been particularly widely adopted for remote-sensing tasks because its single-stage design detects and classifies objects in one forward pass, avoiding the two-stage region-proposal overhead of R-CNN-style detectors (Redmon et al., 2016; Redmon & Farhadi, 2018). YOLOv5 and YOLOv8 have been applied to road-feature extraction (Ghimire et al., 2022), coastal debris detection (Hassan et al., 2023), and general urban feature detection (Zhang et al., 2021), typically reporting mAP values in the 0.85-0.90 range on remote-sensing benchmarks. YOLOv7 introduced trainable bag-of-freebies training strategies that further improved accuracy-speed trade-offs (Wang et al., 2023a), and Ultralytics' 2023 release of YOLOv8 standardized an accessible, actively maintained training ecosystem that underlies much of the recent literature (Jocher et al., 2023). The subsequent releases YOLOv9, which introduced Programmable Gradient Information and a Generalized Efficient Layer Aggregation Network to reduce information loss in deep layers (Wang et al., 2024a), and YOLOv10, which eliminated the non-maximum-suppression post-processing step through consistent dual label assignment (Wang et al., 2024b), further improved the accuracy-latency trade-off and are increasingly used as baselines in remote-sensing detection studies.
2.4 YOLOv11 and building-specific applications
YOLOv11 extends this lineage with a redesigned CSPDarknet-style backbone, an enhanced neck for multi-scale feature fusion, and a decoupled head for simultaneous box, class, and (in segmentation variants) mask prediction (Ultralytics, 2024). Two recent studies illustrate its application specifically to building extraction. El Hussieni et al. (2025) applied YOLOv11 to joint building instance segmentation and height classification on the DFC2023 Track 2 dataset, comprising over 125,000 annotated buildings across twelve cities, reporting mAP@50 = 0.604 and mAP@50:95 = 0.383 while confirming that YOLOv11 outperformed YOLOv8 and YOLOv10 baselines under identical conditions on that harder, multi-city, cross-sensor task. Chang et al. (2025) proposed an improved YOLOv5-based segmentation architecture (YOLOv5ds) for building extraction from high-resolution remote-sensing imagery, addressing boundary precision through architectural modification rather than a newer base model. Separately, a hybrid YOLO-E and Segment Anything Model 2 (SAM2) pipeline was used to extract earthquake-damaged buildings from multi-source post-disaster imagery (Wu et al., 2025), reporting precision = 0.840, recall = 0.855, and IoU = 0.735, illustrating the trade-off between generalization across disaster contexts and accuracy on any single, well-curated urban scene. Table 1 situates the present study's results against this recent literature.
A recurring theme in this literature is that reported accuracy depends strongly on the heterogeneity and scale of the underlying dataset: single-city, single-sensor studies such as the present one, and studies drawing on curated regional datasets, tend to report substantially higher mAP than multi-city, cross-sensor benchmarks such as DFC2023, because the latter must generalize across widely varying rooftop materials, sun angles, and urban morphologies (Xia et al., 2023). This distinction is important context for interpreting the comparison in Section 6.
2.5 Benchmark datasets and comparative baselines
Building extraction has historically been benchmarked on a small number of widely used public datasets, each with different resolution, geographic coverage, and building-morphology characteristics. The Massachusetts building dataset (Mnih, 2013) provides 1 m resolution aerial imagery of the Boston area; the WHU aerial building dataset (Ji et al., 2019) provides 0.3 m imagery over Christchurch, New Zealand, with over 22,000 labeled buildings; the Inria aerial image labeling benchmark (Maggiori et al., 2017) spans five geographically distinct cities specifically to test cross-city generalization; and the SpaceNet series (Van Etten et al., 2018) extends coverage to multiple continents at varying resolutions. Classic semantic-segmentation baselines such as U-Net, PSPNet, DeepLabv3+, and HRNet typically report IoU in the 65-70% range on the geographically homogeneous Massachusetts dataset, 75-80% on the more diverse Inria benchmark, and 85-90% on the single-city WHU dataset, illustrating how strongly benchmark geography affects reported accuracy irrespective of model architecture. Comprehensive recent surveys (Luo et al., 2021; Yuan et al., 2025) synthesize this literature across more than 200 studies and note that single-city datasets such as WHU consistently yield the highest reported accuracy precisely because they minimize cross-scene variability - the same effect visible when comparing the present single-city Karaj result to the multi-city DFC2023 benchmark in Section 6.1. Robustness studies further caution that models trained and validated within a single city or sensor, including the present study, may not transfer accuracy directly to other cities without retraining or domain adaptation (Sakeena et al., 2023).
3. Study Area and Data
3.1 Study area
Karaj, the capital of Alborz Province, is one of Iran's largest cities and is characterized by a mixture of dense, high-rise residential districts, low-rise informal construction, industrial zones, and substantial peri-urban green belt and agricultural land at its margins. This heterogeneity - closely packed rooftops of varying material and color, industrial sheds, and vegetation-adjacent structures - makes Karaj a demanding test bed for building detection, since building boundaries must be distinguished from shadow, paved surfaces, and adjacent tree canopy under varied illumination.
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Figure 1. Location and satellite imagery used for Karaj City, Iran.
3.2 Data acquisition and preprocessing
The source imagery consisted of high-resolution satellite tiles of Karaj's urban extent, initially partitioned into 100x100-pixel segments. From this pool, 2,517 images were purposively selected to represent a diverse range of urban conditions and building typologies. Because the original imagery was distributed in TIFF format, which is not consistently supported by annotation tools such as LabelImg or by the YOLOv11 training pipeline, all images were converted to JPEG using a batch Python script (Pillow library) prior to annotation, preserving visual quality while ensuring compatibility with downstream tools.
3.3 Annotation
Images were annotated on Roboflow, a browser-based platform for computer-vision dataset management that supports bounding-box annotation, class management, and export to multiple formats including the YOLO .txt convention. Two classes were defined: class 0, vegetation, and class 1, building. Manual annotation was the most time-intensive stage of the pipeline, since mislabeling - for example, tagging a tree canopy overhanging a rooftop as building, or vice versa - propagates directly into training-time confusion between the two classes. Roboflow's auto-save, zoom, and duplicate-annotation tools were used to maintain labeling consistency across the full set of 2,517 images.
3.4 Data augmentation and dataset split
Following annotation, the dataset was expanded through augmentation - rotation (up to approximately ±15°), scaling, brightness/contrast adjustment, horizontal and vertical flipping, random cropping, and noise injection - to increase visual diversity and reduce overfitting (Shorten & Khoshgoftaar, 2019; Roboflow Inc., 2023). Augmentation increased the dataset from 2,517 to 7,552 images, which were then partitioned as summarized in Table 1.
Table 1. Post-augmentation dataset split used for building model training.
	Subset
	Images
	Share

	Train
	6,252
	83%

	Validation
	709
	9%

	Test
	591
	8%

	Total
	7,552
	100%


4. Methodology
4.1 Model selection: YOLOv11-L
Ultralytics distributes YOLOv11 in five size variants - Nano, Small, Medium, Large, and Extra-Large - trading inference speed against representational capacity. Given the high resolution of the source imagery (1280x1280 pixels) and the requirement to resolve fine building boundaries against shadow and adjacent vegetation, the Large (L) variant was selected. Its deeper backbone and wider convolutional filters give it greater capacity to separate visually similar classes with ambiguous boundaries - for example, a shaded rooftop edge overhung by a tree canopy - than the lighter Nano or Small variants, at the cost of higher memory use and slower training (Ultralytics, 2024).
4.2 Training platform and pipeline
The annotated, augmented dataset (images, YOLO-format label files, and a data.yaml configuration file) was exported from Roboflow and imported into the Ultralytics platform, where an Object Detection task was configured - rather than whole-image classification - because the objective was to localize individual buildings within each scene, not merely to characterize overall scene content. Training was executed on Google Colab and Kaggle Notebooks using freely available GPU instances (NVIDIA Tesla T4 / A100), since dedicated on-premises GPU infrastructure and specialized cloud compute (e.g., A100/H100 instances from major commercial providers) were not accessible for this project. Session time-limits on these free platforms were managed by rotating across multiple accounts and by dividing training between Colab and Kaggle.
4.3 Hyperparameters
Table 2 lists the hyperparameters used for training, all set through the Ultralytics model.train() interface.
Table 2. YOLOv11-L training hyperparameters (Ultralytics HUB configuration).
	Parameter
	Value
	Rationale

	epochs
	150
	Sufficient for mAP and F1 to plateau without further gain

	batch
	4
	Constrained by available GPU memory at imgsz = 1280

	imgsz
	1280
	Preserves fine boundary detail needed for small/adjacent objects

	optimizer
	SGD
	Stable convergence, resistant to overfitting at high dimensionality

	lr0
	0.001
	Balances convergence speed against training stability

	patience
	140
	Prevents premature early-stopping before full convergence (Prechelt, 1998)

	cache
	False
	Disabled to limit RAM consumption on free-tier instances
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Figure 2. Learning-rate parameter settings used during hyperparameter tuning (Ultralytics HUB).
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Figure 3. Pseudocode example for tuning learning-rate parameters prior to full training.
4.4 Evaluation metrics
Model performance was assessed using the standard object-detection metrics: mAP@0.5 (mean Average Precision at an IoU threshold of 0.5), the stricter COCO-style mAP@0.5:0.95 (averaged over IoU thresholds from 0.5 to 0.95 in steps of 0.05), precision (TP/(TP+FP)), recall (TP/(TP+FN)), and the F1-score, the harmonic mean of precision and recall (Everingham et al., 2010; Lin et al., 2014; Sokolova & Lapalme, 2009; Powers, 2011).
5. Results
5.1 Training convergence
Across the 150-epoch schedule, the model progressed through three broad phases. In the initial phase (epochs 1-15), metrics rose rapidly from near-random values (mAP@0.5 = 0.100 at epoch 1) as the network learned coarse spatial structure. In the intermediate phase (epochs 18-69), precision rose from approximately 0.68 to 0.87 and recall from 0.61 to 0.79 as the model learned finer boundary and textural cues distinguishing rooftops from pavement, bare soil, and vegetation. From epoch 72 onward, all metrics stabilized, with mAP@0.5 and F1-score both exceeding 0.90 by the final epochs. Table 3 reports representative checkpoints across training.
Table 3. Training-metric trajectory across selected epochs (joint building/vegetation model, both classes).
	Epoch
	mAP@0.5
	mAP@0.5:0.95
	Precision
	Recall
	F1

	1
	0.100
	0.026
	0.189
	0.214
	0.201

	15
	0.664
	0.204
	0.720
	0.573
	0.639

	30
	0.772
	0.290
	0.723
	0.695
	0.709

	45
	0.830
	0.363
	0.832
	0.723
	0.774

	60
	0.868
	0.435
	0.850
	0.789
	0.818

	75
	0.885
	0.468
	0.847
	0.820
	0.833

	90
	0.910
	0.517
	0.885
	0.850
	0.867

	105
	0.929
	0.554
	0.904
	0.880
	0.892

	120
	0.940
	0.577
	0.915
	0.890
	0.902

	135
	0.946
	0.594
	0.943
	0.887
	0.914

	150
	0.946
	0.598
	0.932
	0.895
	0.913


5.2 Final performance
At the end of training, the model reached mAP@0.5 = 0.946, mAP@0.5:0.95 = 0.598, precision = 0.932, recall = 0.895, and F1-score = 0.913. Under commonly cited thresholds for object-detection readiness, mAP above 0.90 and F1 above 0.90 are generally taken to indicate a model suitable for operational, rather than purely experimental, use (Lin et al., 2014; Jocher et al., 2023).
5.3 Qualitative behavior and error patterns
Qualitative review of predictions indicated that the great majority of building instances were correctly detected and tightly localized, including small, closely spaced structures and buildings partially shaded by adjacent trees. Residual false positives and false negatives were concentrated in three situations: (i) deep shadow cast by tall buildings, which the model occasionally misclassified as vegetation or left undetected; (ii) specular glare on metallic or glazed rooftops, occasionally confused with water or bare paved surfaces; and (iii) images captured at different off-nadir viewing angles or spatial resolutions than the majority of the training set, which introduced scale inconsistency in the apparent size of building bounding boxes.
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Figure 4. Sample YOLOv11-L detections on held-out test imagery, showing bounding boxes for buildings and vegetation across a heterogeneous urban scene.
6. Discussion
6.1 Comparison with recent YOLO-based building-extraction studies
Table 4 situates the present result against recent (2024-2025) building-extraction studies using YOLO-family detectors. Direct comparison must be read with caution because datasets, class definitions, and IoU conventions differ across studies; nonetheless, the comparison indicates that the present single-city, high-resolution pipeline achieves mAP@0.5 competitive with, and mAP@0.5:0.95 substantially higher than, results reported on the larger, multi-city, cross-sensor DFC2023 benchmark, consistent with the general pattern that single-scene studies achieve higher raw accuracy than benchmarks explicitly designed to test cross-city generalization.
Table 5. Comparison with recent YOLO-based building-extraction studies. *n/r = not directly reported in mAP@0.5:0.95 terms in the cited source. †IoU threshold not specified in the cited source.
	Study
	Base model
	Dataset / scope
	mAP@0.5
	mAP@0.5:0.95

	This study (2026)
	YOLOv11-L
	Karaj, Iran (single city, 2,517 images)
	0.946
	0.598

	El Hussieni et al. (2025)
	YOLOv11
	DFC2023 Track 2, 12 cities, 125k+ buildings
	0.604
	0.383

	Chang et al. (2025)
	Improved YOLOv5ds
	High-resolution RS imagery, segmentation
	n/r*
	n/r*

	Song et al. (2024)
	Edge-aware YOLOv8
	Public aerial building datasets, footprint segmentation
	0.846
	0.514

	Khatua et al. (2024)
	YOLOv8 + SAM
	Building classification and extraction
	0.899†
	n/r*


6.2 Benchmarking against classic public building datasets
Because mAP (used by YOLO-family detectors) and IoU (the conventional metric on the classic Massachusetts, WHU, and Inria benchmarks) are not directly interchangeable, any cross-metric comparison is necessarily approximate; nonetheless it is useful context. Reported IoU on the geographically homogeneous, single-city WHU dataset commonly reaches 85-90% with strong CNN and transformer baselines, while the more geographically diverse Inria benchmark - explicitly designed to test cross-city generalization - typically yields IoU in the 75-80% range, and the older, lower-resolution Massachusetts dataset yields IoU closer to 65-70% (Ji et al., 2019; Maggiori et al., 2017; Mnih, 2013). The present study's high mAP@0.5 (0.946) on a single-city Karaj dataset is consistent with the pattern seen on WHU: single-city, single-sensor evaluation tends to produce the highest reported accuracy in this literature, and the result should be read as a strong single-city outcome rather than as evidence of cross-city generalization, an important caveat also raised in recent robustness studies of building-extraction models (Sakeena et al., 2023).
6.3 Why the large-variant architecture matters for building boundaries
Buildings in dense urban texture frequently share ambiguous boundaries with paved surfaces, shadow, and overhanging vegetation; distinguishing them reliably requires a network with sufficient depth to learn subtle textural and spatial cues rather than relying on color or brightness alone. The deeper backbone and wider receptive field of YOLOv11-L, relative to the Nano or Small variants, is consistent with prior findings that lighter YOLO variants show reduced boundary precision in scenes with shadow or class overlap (Cheng et al., 2022), and this is reflected in the comparatively high mAP@0.5:0.95 achieved here relative to lighter-model baselines reported elsewhere in the literature. This finding also parallels the broader pattern in Section 2.2, where transformer-based building extractors outperform lighter CNN baselines specifically by virtue of greater representational capacity, at correspondingly higher computational cost.
6.4 Practical applications and generalization considerations
The accuracy demonstrated here is directly relevant to the downstream applications that motivate building-extraction research generally: urban planning and zoning updates, population estimation from building counts and footprint area, tax-base assessment, energy-demand modeling, and post-disaster damage assessment (Yuan et al., 2025; Luo et al., 2021). For Karaj specifically, a validated building layer of this accuracy could support municipal infrastructure planning and informal-settlement monitoring without requiring full manual digitization. However, consistent with robustness findings elsewhere in the literature (Sakeena et al., 2023), the model's accuracy should not be assumed to transfer unchanged to other Iranian cities with different building materials, densities, or imaging conditions without at minimum a validation pass, and ideally targeted fine-tuning, on locally representative imagery.
6.5 Limitations
1. Data heterogeneity: source imagery varied somewhat in spatial resolution and off-nadir viewing angle, introducing scale inconsistency that can bias footprint-area estimates.
1. Illumination and glare: deep shadow from tall buildings and specular glare from metallic or glazed roofs occasionally caused misclassification between building and non-building classes.
1. Hardware constraints: the small batch size (4) required to fit 1280-pixel imagery in available GPU memory limits gradient-estimate precision relative to what larger batches would allow (Keskar et al., 2017).
1. Access to specialized cloud compute (e.g., A100/H100-class infrastructure from major commercial cloud providers) was not available for this project, extending training time relative to what dedicated infrastructure would permit.
1. Hyperparameter selection remains partly heuristic; systematic grid or Bayesian search was not performed and could plausibly improve on the reported result. Alternative optimizers such as Adam (Kingma & Ba, 2015) were also not compared.
1. Single-city evaluation: as discussed in Sections 2.5 and 6.2, accuracy was assessed only within Karaj; cross-city generalization was not tested and cannot be assumed.
7. Conclusion and Future Work
This study shows that YOLOv11-L, trained on a purpose-built, Roboflow-annotated dataset of 2,517 high-resolution satellite images (expanded to 7,552 through augmentation), can detect buildings in the dense, heterogeneous urban texture of Karaj, Iran, with mAP@0.5 = 0.946 and F1 = 0.913 - accuracy that is competitive with, and in mAP@0.5:0.95 terms higher than, several recently published YOLO-based building-extraction studies, and consistent with the upper end of accuracy reported on single-city classic benchmarks such as WHU. The result supports the use of large-variant YOLO detectors for building-footprint extraction in single-city, high-resolution settings, and indicates that a fully documented Roboflow-to-Ultralytics pipeline can be a practical, reproducible template for similar municipal mapping tasks - urban planning, population estimation, and infrastructure monitoring among them (Yuan et al., 2025) - in other rapidly urbanizing cities.
Future work should pursue: (i) hybrid architectures combining YOLO-style detection with vision-transformer components to improve contextual feature extraction across scale, following the direction of recent transformer-based building extractors (Liu et al., 2023; Cui et al., 2023); (ii) multi-sensor data fusion, combining visible-band imagery with near-infrared bands from sources such as Sentinel-2 to improve robustness to shadow and glare (Dabove et al., 2024); (iii) cross-city evaluation in other Iranian urban centers with differing climates and building morphologies (e.g., Tehran, Isfahan, and coastal cities), and against classic public benchmarks such as Inria or SpaceNet, to test geographic transferability in line with recommendations from recent robustness studies (Sakeena et al., 2023); and (iv) explainable-AI techniques such as Grad-CAM to visualize which image regions drive building-versus-non-building decisions, supporting model auditing before operational deployment.
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