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INTRODUCTION RESULTS DISCUSSION

 Wound boundary segmentation — automatically identifying wound regions 4 0 962 h 4 _O 005\ 4 3 L 1 A * This is the first demonstration that a wound segmentation framework trained

In clinical photographs using deep learning — is a foundational step toward 0 p_ o 0 on civilian trauma data generalizes to military trauma, in a domain where
: : : External Dice FastViT-T8 + SAM2.1 Benefit-to-Harm Ratio
objective, image-based trauma assessment (Both Pipelines) e Standalon (External) SAM-based approaches have been largely unexplored for acute wound

» Traumatic extremity wounds span diverse injury mechanisms, producing \ / \ / S / assessment
a wide range of wound appearances. Military wounds, often caused by blast Internal Dice [95% Cl] External Dice [95% CI]  Both pipelines converge to equivalent external Dice (0.962) after adding
fragmentation and high-velocity projectiles, can differ substantially from EfficientNet-B0 alone 0.961 [0.931-0.973] 0.956 [0.936—0.966] SAMZ2.1, suggesting the two-stage pipeline acts as a performance equalizer
civilian trauma EfficientNet-B0 + SAM2.1 0.969 [0.937—0.978] 0.962 [0.950—0.970] across architectures (Figure 4)

* A single segmentation model would likely require a large, diverse FastViT-T8 alone 0.955 [0.921-0.968] 0.947 [0.923-0.960] * The two-stage pipeline adds resilience by rescuing suboptimal predictions
training dataset to cover this variability, yet military wound imaging datasets FastViT-T8 + SAM2.1 0.965 [0.926-0.977] 0.962 [0.950—-0.970] while infrequently degrading strong ones (Figure 3). The already-stronger
are scarce. No segmentation approach has been validated to generalize from EfficientNet-BO benefited less (p=0.269), consistent with selective rescue of
civilian to military trauma populations Stage 1 Prediction Stage 2 Prediction _ the weakest predictions

. . . . . Wound Image (FastViT-T8) (Fine-tuned SAM2.1) Difference Map . . . . .
 Hypothesis: A two-stage approach, pairing a lightweight wound-detection  Lightweight first-stage architectures (~6M parameters) support potential

model with a general-purpose segmentation model (SAMZ2.1) pre-trained on mobile deployment for use across all echelons of care

millions of natural images and adapted to wounds, could generalize from
civilian to military populations without requiring an exhaustive combat-wound
training dataset
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» Two-stage pipeline: Trained first-stage model detects wound — bounding = W
box — second-stage SAM2.1 (fine-tuned to wound images using Low-Rank ./ |

Adaptation, LoRA) refines segmentation (Figure 1)
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* First-stage models compared: EfficientNet-BO and FastViT-T8
* Training: 599 wound images from 101 patients at a Level 1 civilian trauma

=== (Ground truth boundary == Bounding box prompt (10% pad) True Positive False Negative False Positive

Patient-Level Dice (External)

center in the USA, annotated by a clinician and trained medical students; no Figure 2. Two-stage pipeline rescue on external military data using FastViT-T8 first-stage prediction (green 0.93-
patien t appears in both trainin g an d testin gs ets = ground truth boundary), improving Dice from 0.573—0.961 (A+0.388) and 0.716—0.980 (A+0.264). | EfficiontNet.BO
_ . . . _ _ _ 0.92 —o— i
* Internal test: 116 images, 21 held-out civilian patients; External test: 100 FastViT-T8 + SAM2.1 vs. FastViT-T8 Wilooxon signed-rank test (patient-level) o— FastViT-T8
military extremity trauma images, 27 patients (separate institution) _ 'mrgfa\/;gf ég 22;‘?; Standalone + SAM?2 1
D . o
* Performance: Dice coefficient (overlap between predicted and true wound c_% 0.3 Patieate-?gsgles;éao(?)cgg Figure 4. The two-stage pipeline equalizes performance across architectures on external data. Both first-
ndari 10 = rf reement) with ient-level r 0 e, ' stage models converge to equivalent Dice (0.962) despite different standalone performance (EfficientNet-
bou _da eS’_ 0 = perfect agreeme t) th patient-level bootstrap 95% § mm Improved (ADice > +0.02) BO: 0.956, FastViT-T8: 0.947). Error bars show patient-level bootstrap 95% Cls.
n mprov ice > +0.
confidence intervals , 0-27 W Stable (ADice within £0.02)
e I e : 2 Bl Degraded (ADice < -0.02)
©
| STAGE1:Trained | : | 201 CONCLUSIONS
Prompt Model STAGE 2: SAM2.1 Small —
Ph‘:)vt(:)t;r::ph : | : | v:nour:(d _8 Stable-difference boundary
: Eflﬂdetnvt'l'\ll'ejlt:BB&(gl.\:/alM pararr;s) : BOUB':')')’('NG ; Fine-tuned using LoRA : as 2 0.01 B TN M""mr ° Despite our two-stage method for automated detection of wound boundaries
astViT- .8M params . . C g . . - .
I | | l being trained only on civilian data, it generalizes to military extremity trauma.
L e e e e e = = — J L e e e e e = = — J Images (n=100) o _ _ _ o _
Why two stages? What is the "prompt"? What is LoRA? |  Our two-stage pipeline typically improves weak first-stage predictions while
. o Figure 3. Per-image Dice difference on external testing dataset (green = improved, grey = stable, red = IV g di t Iti : hiah lit dicti I
A lightweight model localises the SAM2 needs to be told where to look. ~ Low-Rank Adaptation — injects degraded). FastViT: 24% improved vs. 8% degraded (3:1 benefit ratio). rarely aegrading strong ones, resuiting in more high-quality predictions overail.
: i - small trainable matrices into a frozen - : : : : : :
wound; a powerful foundation model - The bounding box from Stage 1 tells « All tested models are mobile-compatible, enabling their potential use in a field
refines the boundary. Divides the it, "Segment what's inside this model. Adapts SAM2 to wounds KEY FINDIN G _ _ _ _ _
task by what each architecture does  rectangle.” using only ~0.4% of parameters o | . deployable device and supporting image-based objective wound assessment
best. (189K of 46M). The two-stage pipeline preferentially rescues the weakest predictions. across all echelons of care.
: : 3 : : : G
Figure 1. Two-stage wound segmentation pipeline. A lightweight prompt model generates a bounding box; FastViT-T8 + SAM2.1 |mproved 24% of Images while deg radlng Only 3%
SAM2.1 (LoRA-adapted) refines the wound boundary. il ' — ' Walter Reed ‘B
( pted) y on external military data (Wilcoxon p=0.005, Figure 3). (] ationa Military FUSU m DukeHealth  evary
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