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[Abstract]

This study proposes a DINOv2-Swin ensemble model based on Transformers to improve outdoor fire
detection accuracy and address the persistent issue of Unwanted Fire Alarms (UFAs). Outdoor
environments pose challenges for precise detection due to vast areas and complex backgrounds, leading
to high false alarm rates. To overcome this, we combined the strengths of DINOv2 for global visual
feature extraction and the Swin Transformer for localized pattern recognition. To evaluate practical
applicability, 1-FPR — 1i.e., specificity (true negative rate), computed as one minus the false positive
rate — was adopted as a key metric alongside accuracy to assess the suppression of false alarms.
Experimental results using the FLAME (Fire Luminosity Analysis in Multispectral Images) dataset
demonstrated that the DINOv2-Swin model achieved an accuracy of 81.21% and a 1-FPR of 94.31%,
representing a 4.98%p improvement in accuracy over the previous Xception-based approach.
Furthermore, additional evaluation on the external D-Fire dataset provided evidence of the model's
cross-dataset generalization potential. Overall, this research suggests that an image-based Transformer
ensemble can help reduce UFAs, with potential applicability to firefighting response efficiency and

future intelligent fire surveillance systems.
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II. Preliminaries
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Table 1. Comparison of related outdoor fire detection
studies
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Fig. 1. Model Architecture.
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III. The Proposed Scheme
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IV. Experiments

1. Dataset
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3. Experimental Setup
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Table 2. Performance comparison of vision models
on FLAME test set.

Model fs, | s | RE F1 | 1-FPR
ision call

DINOv2- 7849 | 9235 | 6971 | 79.48 | 91.46
base
%P'V'T'B 7174 | 7991 | 7024 | 74.80 | 73.93
/S;ELIP'V'T'B 64.49 | 7040 | 6977 | 7009 | 56.70
Swin-Base 81.16 80.30 90.62 85.17 67.18
ConwNeXt= 1 g, 19 | 9307 | 8289 | 87.69 | 90.89
Base
EfficientNet
Vo 7679 | 8245 | 7757 | 79.94 | 75.63
EVA-CLIP-
ViT-B)14 89.60 | 9435 | 87.81 | 90.97 | 92.24
DINOv2- 8121 | 9494 | 7234 | 82.10 | 9431
Swin (Ours)

4. Results
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Fig. 2. Confusion Matrix of the proposed DINOv2-Swin
model on the FLAME test set.
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Table 3. Performance comparison between the
proposed DINOv2-Swin and Xception[12] model.

Model Ace. | P | Recall | F1 | 1-FPR
Ision
DINOVZ=Swin | g1 51 | 9494 | 7234 | 82.10 | 9431
(Ours)
Xception[12] 76.23 - - - -

ROC Curve — DINOv2-Swin Ensemble
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Fig. 3. ROC Curve of the proposed DINOv2-Swin
model on the FLAME test set.
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Fig. 4. Representative False Positive cases of the
proposed DINOv2-Swin model.
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Fig. 5. Representative False Negative cases of the
proposed DINOv2-Swin model.
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0 @I 2 544, Non-Fire2 2Jol3gl 22
Aol A APIF BHD 4 Qo] 2K HES ol
gic. olafal FP 7oAk 21lo] 94 meo) SofAH
2 WSl slol, WA 2 49 S 1Y 224

FN 1421214 —EAOﬂH% & 7R 73] =gt
(Fig. 5). OR8] AolA: sk Zwrp @2 4%
(smoldering) ©7olA &HgH mefdoz, 7KAQ &
Zolut A7|7F FEAIR] oot ulSpAl A AlZPA
2 pdo] o]AtHfire_prob ~ 0.000). EoJ PIL SIES
L sl o= &hgo] 0.42~0.442 E2 AAZH0.5)0]

S 017117* 273E 5ol E*Kl 7Fs l %% 73711 A

r l—l

ol2igt FA2 T AoA At ARt AA| AVIE
T 52 et 47 ol wolol Sete ek
ATS =Y WA A
5. Fusion Method Ablation
Table 4= 5 backbone?] §42 A¢sh= & A
of Aol DlAle JFS Al ol FU
o5}

DINOv2-Swin ©]% backbone x0f A 71A] g3 W
2 Ag3to] vlgt Aol BE P UL stoln]
or2tolE|(Ir=1e-5, batch=64, patience=b, seed=42)Z
28g]9on, & backbonel Z% freezestith A vt
H 2t F&  classifier F&(Linear(512—
256)-ReL.U-Dropout(p=0.3)-Linear(256—2))2+ latent
A(512) WA Sxlstel, 82 WA A wnke
2 BASPA vlag 4 Jes Suc

Al 7R 6% wrgel TAAY PEE oheal Rk

» Concat (Aot &) DINOv2 CLS &-2(768-dim)x}
Swin GAP feature(1,024-dim)E& A7 HZAsto
1,792-dim HIE|E JLA3F S Linear(1792 — 512)
- ReL.U - Dropout(p=0.3) - Linear(512 — 256) -
ReLU - Dropout(p=0.3) - Linear(256 — 2)2 /4
o ER7]0] Y.

* Weighted Sum: DINOv2 £7%)(768-dim)t Swin &
A1(1,024-dim)S 7t7F EA9Q] Linear projection
02 FY AFA(512-dim) o2 Heet 9, sk 7hHset
A7¥a} af=sigmoid(a_logit), £71%F 0.5)2 715 &
Atstck: f = a-f_DINO + (1—o)f_Swin. 0] ReLU
- Dropout(p=0.3) - Linear(512 — 256) - ReLU -

Linear(256—2)2 £=3tct

sk A
L= T

Dropout(p=0.3) -

* Cross-Attention: DINOv2 EA)(768-dim)yt Swin
E£X(1,024-dim)S ZF2F Linear projection® &
h12-dime 2 w3t & DINOv2 £9 YEHE
Query(Q), Swin &9 HEE Key(K) ¥ Value(V)Z
AF28H= Multi-Head Attention(embed_dim=512,

head_dim=64)& vSEeRe]yw

residual  connectioni}

num_heads=8,

=39
LayerNormS A&3st 5 Dropout(p=0.3) -
Linear(512 — 256) - ReLU - Dropout(p=0.3) -
Linear(256—2)2 B2t o, & LxojA Q9
K/Ve 717+ &l HE(17] ET:_L)OIEE, attention
scoret= headd 2Zat 2 AAte] 1 oof chst
softmax J8H= ol TAGlo] &4 1o] =t &
attention weight’} &+ £4 7+ MeiA Ajold] 7|2

A5 Refol, Aoz o PEL g
multi-token Cross-Attentiono] ofyz} F71A91
N9 g ggsts =4 A% |(feature

combiner)oll 717 §A3to] §ofsfo} gick.

Attention

oJl

LAt

Table 4. Fusion method ablation study on FLAME
test set.

Fusion Method Accuracy F1 1-FPR
Weighted Sum 81.17 82.32 92.41
Cross-Attention 83.95 85.76 88.22
Concat (Ours) 81.21 82.10 94.31

Cross-Attention Accuracy(+2.74%p)2}
F1(+3.65%p) ZHoA] Concat®t}t 243t A5 Bl
o}, 2y 2 Aro] siAl ZaQl ulek B (UFA) A
Aof|A]  Cross-Attention®] 1-FPRL  88.22%=,
Concat(94.31%)E} 6.09%p ot o=
Cross-Attention A-& A] H|3}A] o]O]X]|E A2 Q2=
Sh= False PositiveZ} g-2l0lstA| 5712 ousic). @

BEE AY ™ &5, AR ARE Ast 5 AFA]
ARRA B8-S dlste g, UFA 2451 BA40=2 sh=
2 AollA= 1-FPRo| 941 X7} Ho,

Weighted Sum AldoA  sk&E o e
0.503(DINOv2)2.2, & backboneo] 712} 5-55}17] 7]0]
T2 IsIAT. o] T Vs TAED &= SA 1t
S YA o2 AfsH= Concato] Q73 E Ax[o o &}
A AlARRHT

m2kA Concat FAo] 2 =79 3§ S4(734 3
aohof 7V vtk 3%
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6. Cross-Dataset Generalization Evaluation on
D-Fire

Table 5= At o] wx} Co]gAl Uy} 45
(Cross-dataset generalization)dt 0]3H ofQ] H740]|A]
o] M& 71574 455H] 9lsll, FLAME Hojgjlos
stad 2252 371 Aels(Fine-tuning) §lo] =14
Q1 ofe] olx|| Elo]EAlIQl D-Fire[25]0f A1 A-&5t0] 4
7ve 4e8st Aato|ot.,

D-Fire glo[8{Al 2 21,52779] ofe] alx|| oJu]x]=2
dg 78 diojEAlos, Al SS/HAE B
(17,221/4,306%) = Alssttt. 92 2ole2 YOLO
9] 737 ¥t~ (bounding box) 402 AlEHt, £ U
oAM= Rli(class 0) BAI BA7} shd o) EAfish= ol
OR]E Fire(1), 124] 942 ©]u]x]& Non-Fire(0)2 ¥
gsto] olAl &5 Ao A&stgict. FLAMEC 2 shge
DdS 7T fine-tuning ¢lo] D-Fire E|AEAN(4,306%)
of iz Agsilon, HAEAMLZ Fire 2,0817%,
Non-Fire 2,2257%02 L=},

IA]
(o] =
A
Al
[s3

> o Mr

Table 5. Cross-Dataset generalization.

Model Accuracy F1 1-FPR
DINOv2-base 67.70 66.02 70.29
CLIP-ViT-B/16 62.91 60.56 66.65
SigLIP-ViT-B/16 52.46 17.02 92.09
Swin-Base 69.67 59.57 91.60
ConvNeXt-Base 51.83 0.86 99.91
EfficientNetV2-M 51.83 1.71 99.51
EVA-CLIP-ViT-B/16 73.13 69.12 83.33
DINOv2-Swin (Ours) 74.90 70.33 87.37

A9l 21}, AltstE DINOv2-Swin = 232 =0
0] XM3HDomain Shift) £ = 74.90%2] A
(Accuracy)®} 70.33%2] F1-ScoreE 715510, 2 H]il
baseline 2 % 713 94 5% £5 452 DAl

=3] SigLIP 220 AS 1-FPRo| 92.09%2 =7 &
el oL, o] AZA THQl Het2 Q5| tfZe] &

U2 H|ehl(Non-Fire)2 HFE|A st AR
14 o &(Under-detection) Atof 7]Q1tt}. o] 2 Qlsf
ARl S mefdg A9 mASHA] Xsto] F1-Score?t
17.02%2 225] Bylst= |12 B3t} Swin-Base 9
Al =2 1-FPR(91.60%)0] u]all F1-Scorex= 59.57%0
IR S 7RIl ort ok 7le] BEe Lepr

D-Fire 4} Hlo|ElAl B7lolA B0|2e Zapt B
5joic}. FLAME HlolEAl U] Hatzola Aot nag =
7¥3iE ConvNeXt-Base@t EfficientNetV2-M-& D-Fire
2 THQlo] MtE]R}F 742t Recall 0.43%, 0.86%= &

o

3 $3ls}o], A4} R.E 0]a]x|2 Non-Fire2 oj&sts
&(Accuracy”} D-Fire H|AEAQ] S22 HlS3t LA
st 51.83%2 2o J5Ch oleleh @4e Table
2(FLAME)O M= A K] oft}7} D-Fire2 ZQlo] A
ghel o] o9t UERGT= Aof|A], & TElo] sk Alufiuy
AL X5t ofYet frozen feature®] Ei7} Em|Qlof
e} 27 deicke A2 & 4 ot ole Alesks 7]
9t APASHS: ®310] self-supervised/contrastive Bd
of vlaf =HQl Ao o Fokd & 52 AlAlshe 2
goli}, ¥ AT 1 2 Yol AR FAshIE
oron #% A7 wAZ Y,

9t self-distillation 7]§He] DINOv29} T2 T Ash
% 7|¥t9] EVA-CLIPE By glo] ZFZF Accuracy
67.70%, 73.13%S {XI5IAT}. of=fst OjH]= Abdsls
HhAl(supervised vs.  self-supervised/contrastive)]
AFo]7} frozen backbone®] =0jQl U¥te} 5-2of Jgk
Z 71s73E AARI Ot & 2272 E, APISk
dlole] =, mehujE] 4~ SoA = Ao xfo]7} Qlof,
2 Aguto s Apdshy WAle] o3-S AFARI ¥R
= W5 ook

USR] %2 DEETHE tioR BlwWsHH, AQtst
+ DINOv2-Swin YAMHE-2  Accuracy 74.90%, Fl
70.33%=2  EVA-CLIP-ViT-B/16(73.13%, 69.12%)x}
Swin-Base(69.67%, 59.57%)S &% ArglsiH, v]w &l
% 7P PRl cross-domain YRl Ad5& ECh

o> o

ilte
|o

T

SYoH, & A9 Al 22 FLAME djo[eiAl W o
A i e 2A5HK]= 151 o (Table 2), =0
olo] Agtw]= AlA| vjm 738 123t cross-dataset
Bt A= Accuracy-Fl R|Ro|A 7P S46h dulst
A2 Hoj, AN WHAN ¢ A=E & s 23y
= SISt

V. Conclusions

2 AoflA= ofe] 2ol SRS ePdRl o= 'R
st mAMel 2l usiKlEE ApMsh] gl
Transformer 7]§t2] DINOv2-Swin ¢AHE @Hle 14
s9ic). ofel e W wejel B P SA4A

L o =2 v
ol mEsto e UG 54 F30 WAVE U oS
IR HEH AR B gl FEE A

DINOv29} 154 ofeld 152 %5 g
£ gip¥o g TASH= Swin TransformerS Z2AgGHY
co}. ol2igt stojEaje FHZ WA she] A7|Y 0]
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Ay 3 2 o B2 A|aslozo] K v}
= FEEmo ohe}
Alg-e Ues 1-FPRS 34 BotR B2 A
s5ict. ofe] s}xj RGB o]u]x] tolE|31e] FLAMES: &8
sto] ds= B7iet 2}, Aot 289l DINOv2-Swin
81.21%2] Aot 94.31%2] 1-FPRE EAJsiict. o]= 7]
= 4% A0l AT Xeeption 297} 8] 23L 1) 7
T S30)4 oF 498%p] TS VIS Aujolct.

2 A9 dabs U 29 S0 M = Transformer
s 7IHe S0l =} v A de5S A
off A 4 U232 FLAME Ho[EAll Aol A &helstal

= oA 9J9)7} Qlt}. E$F D-Fire Ho|EAlS &
St cross-dataset 7104 fine-tuning $o]: Hlw 2
o8] 7MY} =2 dukel A(Accuracy 74.90%, Fl
70.33%)= 27dsto], At 2ol TuQl o] (domain
transfer) 71542 S9loloiT). 8HE APoNL Al
£ et 71 oba7d slolde] A 7 e, A
ARE A9l =ed 7Hd, YOLO,  RT-DETR,
GroundingDINO 5 74 ©&A] 7|9t 2Hiuto} vl 7Z,
J2]1  sequence-disjoint £3&
leakage A5 5= A2 FAE

E£35t  validation
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