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Problem Statement

> Can object-centric representations with domain priors
yield more accurate and interpretable scene
classification than vision-only models?
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Studied Domain

> Rural U.S. agricultural landscapes

> NAIP aerial imagery

> Focus: Concentrated Animal Feeding Operation
(CAFO) infrastructure detection & categorization

o High structural variability in CAFO infrastructure (size, composition, layout)
o Strong visual overlap with non-CAFO agricultural/industrial sites
o Lack of component-level annotations

> Goal: Accurate, infrastructure-aware, interpretable
CAFO type classification
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Why Monitor CAFOs?

WHY MONITOR CAFOSs?

—— Industrial Livestock Farms at Scale

————— Major Impacts
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PRISM-CAFO Pipeline
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PRISM-CAFO Pipeline

Image — Encoder — Spatial Embeddings — Mask-Guided Attention (using detected
infrastructure masks)
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PRISM-CAFO Pipeline

Image — Encoder — Spatial Embeddings — Mask-Guided Attention (using detected
infrastructure masks) — Masked Attention Pooling
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PRISM-CAFO Pipeline

Image — Encoder — Spatial Embeddings — Mask-Guided Attention (using detected
infrastructure masks) — Masked Attention Pooling — Domain Prior Fusion — Classification
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Interpretability

Input Image
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Dairy CAFO

GradCAM (ResNet50) GradCAM (PRISM-CAFO)

Prediction: Swine (0.38)  Prediction: Swine (1.00)

Prediction: Beef (b.82)

Prediction: Dairy (0.86)
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Result Summary

Model Random (80%-20%) Split Spatial Split
Swine  Poultry  Dairy Beef Neg Swine  Poultry  Dairy Beef Neg
CLIP (ViT-B/32) 0869 0719 0449 0482 0952 0673 0636 0280 0.143 0951
CLIP+PRISM-CAFO 0854, 0707, 0418, 0428, 09621 0550, 0554, 03411 01507 0.9681
DINOV2 ViT-B/16 0900 0793 0577 0624 0963 0758 0737 0406 0.82 0958
DINOV2+PRISM-CAFO 0.899) 0.808% 05797 05470 09811 0735, 07477 04461 0159 0975t
v Improves baseline (]_5% for RemoteCLIP (ViT-B/32) 0.875 0755 0466 0489 0960 0700 0708 0354  0.188 0958
RemoteCLIP+PRISM-CAFO  0.850) 0.673, 04991 0353, 0960= 0603} 0.664, 0311} 01114 09711
tial Swin-B 0881 0772 0573 0556 0958 0692 0706 0446  0.159  0.951
spatia ) Swin-B+PRISM-CAFO 09281 0.848% | 0.678% 0.6891 09811 | 0.874% 0758 < 0.584f 0.1641 0.9861
. . VIiT-B/16 0895 0775 0578 059 0962 0769 0730 0439 0249 0955
v Maximum improvement for CNN ViT-B/16+PRISM-CAFO 0917t 0839t 06121 0.6211 = 0989+ 0715, 0735% 0313} 0222) 0979t
EfficientNet-B0 0.863 0744 0466 0573 0942 0712 0695 0200 0190 0941
EfficientNet-BO+PRISM-CAFO 09201  0.8647 0.6501 0.6807 0.9807 0.855% 0.8007 05401 = 0.322f 0.967
based models ik i SRR 06501 0c%or 09801 [IREIE 08007 WUSSSINSNNS 05671
EfficientNet-B3 0859 0722 0519 0548 0936 0642 0737 0350 0205  0.936
EfficientNet-B3+PRISM-CAFO | 09397 0872 0.6291 < 0.739% 0798t 07807 05391 0539t 03061 09751
ResNetl8 0.865 0702 0452 0544 0933 0608 0657 0220 0169 0921
ResNet18+PRISM-CAFO 09161 08297 0.6571 07097 09841 0.8521 | 0.868f 05221 02531  0.991f
ResNet50 0.866 0735 048 0551 0937 0680 0685 0301 0.124 0932

ResNet50+PRISM-CAFO 0.8761 0.8111 0.6421 0.6847 0.963t 0.833+ 0.8501 0.5317 0.090, 0.9871




Analysis: Significance of Components
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Mean Feature Attribution Score (s4)
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e Feature Importance Feature
o Gradient-activation analysis
o Barn area dominates feature importance (0.74)
o Domain priors contribute strongly (0.15-0.417)
o Barn-pond proximity adds discriminative signal (0.27)
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Analysis: Significance of Components

Masks
s Barn
@ Manure Pond
0.4 H Silage

Silo
N Feedlot
B Silage Bunker
B Building

Average Probability Gap (A)

0:0 Dairy Swine Poultry Beef

Class

e Domain knowledge Importance
o Barn masks highest probability impact (0.45 swine)
o Manure lagoons critical for swine/beef classification

o  Multi-component diversity improves dairy recognition



Summary

v’ Detector-anchored infrastructure extraction using YOLOv8 + SAM2 +
geometric filtering

v’ Prior-conditioned, mask-guided spatial attention for object-centric
classification

¢ Infrastructure (object) -aware scene reasoning
v Conmnsistent gains across backbones; up to 15% F1 improvement (Swin-B)
v’ Object-level interpretability via mask attributions & Grad-CAM

¢/ Systematic analysis of feature & mask importance
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Paper Link:
https://arxiv.org/pdf/2601.11451




