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Abstract: [Objective] Wildlife instance segmentation underpins critical ecological analyses, including
behavior tracking, habitat utilization assessment, and population dynamics monitoring. Existing encoder-
decoder architectures extract features via multi-level downsampling and then apply fixed upsampling to
generate masks. This pipeline degrades boundary continuity, yielding blurry and fragmented contours, and
lacks difficulty-aware resource allocation based on pixel-wise occlusion complexity and edge sharpness.
These limitations severely compromise data fidelity for high-precision ecological research. [Method] To
address these challenges, we construct a comprehensive wildlife dataset comprising 4 231 images and
propose a novel instance segmentation framework that fuses dynamic resolution with edge enhancement.
Our approach enables accurate animal contour extraction through difficulty-adaptive resource scheduling.
The framework integrates deformable convolutions within a Channel Attention Deep Adaptive Module (SE-
DAM) to capture fine-grained spatial details. An Adaptive Resolution Module (ARM) dynamically adjusts
mask resolution based on instance scale and occlusion characteristics, mitigating spatial information loss.
Additionally, a Probability-Driven Collaborative Optimization (PDCO) module employs Discrete Cosine
Transform (DCT) for pixel difficulty classification and models interdependencies between easy and hard
regions. By prioritizing simple pixels to guide the refinement of complex regions, PDCO avoids redundant
foreground/background computations. These three modules form a closed-loop optimization across feature
extraction, resolution decision, and mask refinement, collectively enhancing robustness to occlusion,
camouflage, and small targets. [Result] Experimental results demonstrate that with a ResNet-101-FPN
backbone, our method achieves an mAP of 53.7% and an mI°oU of 86.71%, surpassing Mask R-CNN by
11.2 and 7.7 percentage points, respectively. The computational cost increases by only 0.3 GFLOPs with an
inference speed of 12.4 FPS, showing an effective balance between accuracy and efficiency. Using a Swin-B
backbone, the mAP reaches 54.8%, outperforming state-of-the-art methods such as Mask Transfiner (50.8%)
and Querylnst (52.4%). Our dynamic resolution strategy maintains superior performance in challenging
scenarios, including overlapping individuals, branch occlusion, and infrared imagery, while achieving
significantly lower computational costs than fixed-resolution approaches. [Conclusion] We present a
wildlife instance segmentation method that integrates dynamic mask resolution with edge detail
enhancement. Through a difficulty-aware adaptive resource allocation mechanism, our approach effectively
mitigates boundary blur and computational redundancy inherent in conventional fixed-resolution methods.
This yields significant improvements in recognition accuracy and contour quality under challenging
conditions including occlusion, camouflage, and small targets. The framework provides a deployable
solution for efficient, high-precision automatic wildlife monitoring and ecological research, offering clear
practical value for intelligent ecological conservation.

Key words: computer vision; instance segmentation; adaptive resolution; occlusion-aware segmentation;

small object segmentation; difficulty-aware learning; camera trap image analysis; wildlife monitoring
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Fig. 1 Overall architecture diagram of the adaptive-mask deep learning method for wildlife instance segmentation
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Fig. 4 Structural diagram of patch-based discrete cosine transform conditional random field optimizer (PDCO)
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ROk DCT REUE ChReIg sl FUHE A, JF5 sk
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Fig. 5 Annotation results of the wildlife dataset
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Fig. 6 Illustration of data augmentation effects on the dataset
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LI BIE R — AT & SIS T IT R, #hiRas
RATEE . IR R AEAN [FIRFAE SR BURE /0 N 1) & A
¥, 4 % /£ ResNet-101-FPN. ResNeXt-101-FPN &
Swin-B =R ALRE % 57 BB T W 2% L BEAT I

Nt — B PPAl A T VE AN T AT R ) R
PERE, LA Mask R-CNN ONBEZARY, 38 S HOH41 2%
PR #15E B 1 5 MMDetection SEIL R FE —E (2 2] K
0.001, k& K/ 8. VAl fis Fr WA 55 F S K6 B2 8y
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XU SR 25 S e b 150 %6 1 DL 4 o 1]
BRI R, 5 U R HE R B — B LR RS L A
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Fig. 7 Tllustration of data adjustment for partial occlusion simulation
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1 mAP {H (R 1), WA FR k. FHREU
B2, B4R Mask Transfiner 1 Querylnst [¥] 5 k5
JE 5 AT 2, Mask Transfiner G Swin-B 3=+
W 2% )1 QueryInstCK FH ResNet-101-FPN -/ 4% )
PR T 50.8% F1 52.4% [f] mAP #5347, RILHE
e ) 43 EIRG B2 AH G R AR T DU 25 1 N A7 AN B U
AN, FPS 23BN 6.5 A1 7.3 Mii/s, W] AR
T AT VEAEAR R 3= F N 26 T HEUAR # 10.9 i/s(Swin-
B)AI 12.4 Wi/s(ResNet-101-FPN), IX 7 A fff 70 41 %t
S 24 2 4 M 00 ) SIS AN L T AT . b Ab,
TE/IN B bR SOE R BN 73 FAE S5, ROTELL 4.2 4
B 5y SRR 5 7E ResNet-101-FPN = W 4% -l ik
HAh 7 V1 5 & mAP E (W1 1 fron, HTCPY7E %
ET ML L mAP (54 49.5%, A7k mAP 1540 N
53.7%) . X178 T Ik i@ v & ML o A S e
FHIEE R, B8R E2 G BRI X i st 5 8
FHT 5, AN SIS /N RS H bR 1 R 200

RAE DA FENAEBARKEE EIECT 112 x 112
G B e FE R, (R AT R R G fUs &N 1.31
GFLOPs, % # X T~ BlendMask™, DCT-Mask”*/#ll
RefineMask " [’}{E; FPS 1A% 12.4 /s, ¥ BlendMask.
DCT-Mask 1 RefineMask [ F 3318 (8.5 il /s )42 F+
T 3.9 Mt/s ) AN s B T T A B LA GR 2D,

X BB AL R DX I S E B0 e () S B e ) R 8 22 0%
HE, FEh, ST IANT 32 x 32 BRI/ H
P, RIS FH v 70 1% 22 S, FL o0 RS B SR BN
AR T KA H AR E S S HENE N 5 RE fR4F 80% LA
) mIPoU ¥% B (58 3 F1 A 7 ¥ mloU,, Al mIPoUy
29393 BN 82.37% F1 86.46%) « FNASHEREHA R 1 %t
H LA H (9 £ AN AR AL SR B 0 B4 IR e 5k, (RIS
AT 54 PDCO BLHAME T 70 HR ik . SEgR R,
H 4R BMask R-CNNP*1, MEInst™ 1 Querylnst E
) FPS 5 5K ) FLOPs, 7 HAC P AR B,
RS EIEE TR, mAP ZFRAREI; 17 PointRend™”
SRR BIRTT 5 AR IR A o FIROR, (AT R
EMEPATE Syl IS E SN ] S A CE et = A==
1% 3.64 GFLOPs, FPS K1Y 8.0 Mii/s) . AW Tk K
H mPPoU #8514l 1 & 73 Je it 771, ik mIPoU 1
B 7 AT R (g 3 B, g RR AT,
AR PERR R T HA T R
3.2 1B%: Mask R-CNN EZ& 927+

kG B R AR Y IR A A R e B 2 SR
T RIS N EIRE ST AW FCHE Rl A 23 F] —
IE B G S ALE] S 5 E U SR IR HE SR, A R
T Mask R-CNN ZEZ& i By N SR A /45 B 3 801 7 18]
5 R R S ) DX 3R] S A A B P KA o R . A

&1 AEEGISEFETMHERIE (& mAP/FLOPS/FPS 545 )
Tab. 1 Comparison of evaluation results across different instance segmentation models, covering metrics mAP, FLOPs, and FPS
WAReS RS mAP/%  mAPsy/%  mAP;5/% mAPJ% mAP,/% mAP /% mAPg/%  FPS/(ii-s)

Mask R-CNN ResNet-101-FPN 42.5 61.7 433 21.7 44.0 46.3 242 13.9
BMask R-CNN ResNet-101-FPN 433 62.4 45.7 21.3 45.9 49.9 24.7 13.1
TensorMask ResNet-101-FPN 429 59.5 44.6 19.6 439 47.6 24.5 11.9
MEInst ResNet-101-FPN 38.4 58.8 41.9 22.8 41.6 43.2 219 10.3
Mask Scoring ResNet-101-FPN 442 64.1 47.1 20.9 46.0 51.4 25.2 12.2
BlendMask ResNet-101-FPN 42.1 61.6 44.0 18.4 442 48.7 24.0 10.7
CondInst ResNet-101-FPN 47.8 62.2 51.8 24.7 50.9 533 273 9.8
PointRend ResNeXt-101-FPN 51.2 68.3 56.5 28.5 50.5 49.2 27.2 8.2
HTC ResNet-101-FPN 49.5 67.2 52.6 25.4 51.4 54.6 26.4 7.1
DCT-Mask ResNet-101-FPN 46.4 63.9 51.1 223 50.6 53.5 26.4 12.9
SOLOv2 ResNet-101-FPN 40.1 58.9 43.0 19.4 434 49.8 22.8 11.6
RefineMask ResNet-101-FPN 46.6 62.9 49.3 23.7 48.5 50.2 26.5 9.6
Mask Transfiner ~ Swin-B 50.8 68.3 54.8 28.1 50.9 51.9 274 6.5
Querylnst ResNet-101-FPN 52.4 70.3 53.7 28.5 51.3 54.4 26.8 7.3

ResNet-101-FPN 53.7 70.9 59.7 335 51.6 57.7 27.5 12.4
KI5 ResNeXt-101-FPN 54.2 71.5 61.3 34.7 52.8 59.2 27.6 12.1

Swin-B 54.8 72.1 61.6 34.8 533 60.5 31.1 10.9

T mAPFEIRE FEIE, mAPsy. mAP,s4 5838 H: L (ToUD BRME L 50%- 75% i (°F-144E5 FE , mAP, mAP,,» mAP, 43> HiA/N, Hy KA H AR

IREEZ, mAP N T I0T (P4 L, FPS Oy RRAD A B A P AR it 5 o
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K2 FEKGISEITTHEEIRSPEILL (mAP 4547 )

Tab.2 Comparison of evaluation results across different instance segmentation methods using

default mask resolutions and dynamic resolution masks

Tk HFM% HEL A3 mAP/% mAPs/% mAPg/% % 1518 5 ®/GFLOPs FPS/(ii-s™)
Mask R-CNN ResNet-101-FPN 56 x 5614 % 428 62.8 23.5 1.01 13.2
BlendMask ResNet-101-FPN 112 x 112155 0.6 60.3 23.9 2.03 8.2
PointRend ResNet-101-FPN 224 x 22418 % 52.4 68.7 27.4 3.64 8.0
DCT-Mask ResNet-101-FPN 112 x 11218 % 45.1 61.3 25.8 1.89 8.9
MEInst ResNet-101-FPN 56 x 5615 % 39.4 59.5 22.7 1.44 12.1
RefineMask ResNet-101-FPN 112 x 1128% 459 61.6 25.0 1.97 8.5
Querylnst ResNet-101-FPN 28 x 2818 & 40.6 60.7 21.9 0.73 13.1
CondInst ResNet-101-FPN 56 x 5615 % 472 61.1 24.1 1.26 9.9
KRITE ResNet-101-FPN B 53.7 70.9 27.5 1.31 12.4

F3 EHISEFTETEERIE (mloU 3547 )

Tab.3 Comparison of evaluation results across different instance segmentation models, covering metric mI*oU

%

7 R mI’oU ml*oU, ml*oU,, ml*oU;
Mask R-CNN ResNet-101-FPN 79.01 47.49 73.18 81.31
Mask Scoring ResNet-101-FPN 83.34 53.10 74.31 83.27
MElInst ResNet-101-FPN 80.75 51.01 73.59 82.03
DCT-Mask ResNet-101-FPN 84.01 53.95 74.48 84.13
HTC ResNet-101-FPN 80.68 51.75 73.02 82.27
Mask Transfiner ResNet-101-FPN 87.15 57.29 75.63 87.29
QuerylInst ResNet-101-FPN 85.03 52.53 75.52 86.07
TensorMask ResNet-101-FPN 86.64 56.67 74.77 86.57
PointRend ResNet-101-FPN 85.90 54.65 75.61 85.04
AT5ik: ResNet-101-FPN 86.71 75.61 82.37 86.46

1 mPoUJyFHIZE I LE I : mIPoU,. mIPoU,,. mPPoUp 435 A/ iy KAV A= 3 H AR I1-F 3938 F L

BT F R ElR AR, A7 SE-DAM B2
R IE 2 A5 07, IE454 ARM TRAGHE S4B . %
MEZEAE 2 Pl T W 48 N 3 3T T 2 i R Cln
Swin-B ‘B T F mAP ik 54.8%), [A i 7€ it 5 % %
(41 ARM FEEUR FPS FasE 78 12.4 Mit/s) BRI
FHERHBCER D @ R, 32 T AR bR A
NP AN FIAEE T CAmBE Ry Do) SEIL s R KA
RS EIA D) R o ANBI B PERE AL T Mask
R-CNN: 7EAH R E T M4 T, 150 F1 300 Il 25 i B
mAP 73 5 F I TE 8.4 AN E 43 A 9.1 AN E 4 AL
£ mAPs i br b5 5 P34 6.4 N H 7 i Al 6.5
ANE S 55 7E mAP,s F8AR B3 S 13.3 N E
MR 14.1 N E S S5 T (R 40 mAPs 1B N
FEAS RS B2 (AR B, 32252 55 T SE-DAM HLHLTE
A 6T 5% 07 T O sk, 3L 6.5 AN T 4 USRI
TR H bR AR R T 3G 558 s 17 mAP,s X
FikE B BOR T iy, LR ERTE (141 AN E 2 2O NA

a1 T PDCO BEHRAE D e ARAL 7 T I & T 1AL . X 3
B AR VAR R B o A B R F i, B 18T T ¥
B ARG NFLRE o AT FL SE-DAM BB a1t i
T = AL 5 AT AR T A RS IR REAE i B2 R 2 ]
BT, FLHP @ = I AR R s B, 1
5T SRS B m RS B R AERE /1, [ PDCO
BEHOR FH T AR I8 0 4 5 25 (RIS AR A A 45 & 11 S,
XA B 5 A SR A 1 5 1) v R B i X
e 2H A 1 W R E P A AR 7 245 5 i ToU BRI N B A
TSR SR A RE T, WE IR T T o B4 R R A
5 HERf
33 BMEREEE
3.3.1 B3Rl ek LAtk

AT T I 3 NS AE SR FE S 4 R I
45 B Ao B S D GARA T BRI A Bk fe . 24
RS F SE-DAM A& Bt ], 45 7Y 38 2] 46.1% mAP
A1 81.04% mI*oU, 1.15 GFLOPs, 12.8 Mi/s; B4 3
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x4 SEE#EB ( Mask R-CNN ) XFELSEIG 4R

Tab. 4 Comparison of evaluation results with the baseline (Mask R-CNN) %
Jii: R YgrEeH mAP mAPs, mAP;; mAP; mAP,, mAP mAPy
Mask R-CNN ResNet-50-FPN 36.5 529 37.0 16.1 33.6 342 20.4
¥ NYIRFS ResNet-50-FPN i 45.7 59.4 49.8 24.4 36.5 40.5 23.3
Mask R-CNN ResNet-50-FPN 39.9 59.8 418 189 35.9 37.3 223
RNV ResNet-50-FPN 30 48.9 63.5 53.3 26.2 403 447 249
Mask R-CNN ResNet-101-FPN 38.6 55.9 39.1 20.5 38.9 40.8 226
¥ NIRTS ResNet-50-FPN 150 47.3 62.4 52.5 26.2 41.9 46.5 25.1
Mask R-CNN ResNet-101-FPN 05 61.7 433 21.7 44.0 46.3 242
¥ NYIRFS ResNet-50-FPN 300 53.7 70.9 59.7 335 51.6 57.7 27.5
Mask R-CNN ResNeXt-101-FPN 412 61.8 432 20.9 39.7 43.6 23.6
RNV ResNet-50-FPN 120 48.5 67.9 57.0 28.0 43.1 49.8 26.1
Mask R-CNN ResNeXt-101-FPN 2.4 65.1 455 22.4 0.5 44.7 23.9
AT ResNet-50-FPN 300 54.2 71.5 61.3 34.7 52.8 59.2 27.6

ARM B, P B8N 45.6% mAP Al 80.39% mI*oU,
1.16 GFLOPs, 12.9 ii/s; ¥l 5 Al PDCO B H A &
CRF i}, 168N 47.3% mAP F1 81.18% mI*oU, 1.20
GFLOPs, 12.5 i/s(% 5). 1X & XA SE-DAM # £k
T R T A DML S A X 0 A O B AT () %
SCH 2 X0 [ REAE A 2, [ B ) FH AT A T 45 A

& S BERAEAL B, A BME T R B iE B B Y
S AL 2 1A) B A7 ; ARM AR B I3 i Gumbel-
Softmax {RFENLHI, LI T MG F GRS 451 2 7
e TC S, AT ASE R A 0 AR AR ST 4] 1 335 S5 O
JEE AN S (8] R B2 43 BL vF 5 B2 PDCO R HLE ik
DCT 5 (403 43 17, H4 G HAR B8 5303 R & 2 A1
Gy R R T SRR A X3, AT SE B0 12 5 X 4k
FEWE R . M R AR, P RE R FFRREE 3R TT,
F O SRS & B AR HLOGAH BT

SE-DAM 5 ARM 41 & If, mAP $2F+ £ 49.5%,
mI’oU i% 84.29%, 1.27 GFLOPs, 12.4 Mi/s; SE-DAM
5 PDCOCA % CRFY & i, mAP#E — B 1 =
49.7%, mI’oU }y 84.26%, 1.30 GFLOPs, 11.9 i/s;
M 24 3 MEHL(SE-DAM. ARM Al PDCO A+ CRF)
I [H Ja B, mAP i& 3] 52.2%, mI>oU N 86.91%,
1.37 GFLOPs, 11.4 Mi/s, &7~ H SIS . SE-DAM
T’Eﬁﬁ THRAEFREUY B, AR AL 2 RRAE 1 25 [R5 55

TEIE A E ; ARM FERFESm S J5 A0 N, ff 0 =2 53 %
2Ry TC SR W 1)@ PDCO ) & v T ff A5 5 1 46 s A
HIZTH o =355 IR BT oy R PRI ET, . 5 3
ANAFBY B, TERT A R R AR A0 3] J 312 2 4
T SEREBERE o A Hb, 2 3 AMELHIS R B, A
B BE 5 Mask R-CNN AHY . B iK1 &, /£ PDCO
it 24 8% CRF 27> BIVERERS A N (5 R A0

RS HELEITMHER
Tab. 5 Results of the ablation study evaluation

SE-DAM ARM PDCO(—CRF) PDCOC( + CRF) mAP/% mI%oU/% 1 RUIZ 5 % /GFLOPs FPS/(Mii-s™)
V 46.1 81.04 1.15 12.8
\ 45.6 80.39 1.16 12.9
\ 473 81.18 1.20 12.5
V 46.9 81.10 1.25 123
\ 495 84.29 127 12.4
\ 49.7 84.26 1.30 11.9
V 492 83.37 1.35 12.1
\ \ 48.8 83.16 1.31 122
# S 48.1 83.18 1.36 12.5
\ \/ 522 86.91 1.37 11.4
«/ V 54.8 87.58 1.42 10.9
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CRF f{] PDCO #EA EL, mAP F&1K T 2.6 AN E 43 45,
ml’oU F#IK T 0.67 /N E 4 20D, H BB IR /> 5% 5 TH 4E
GF S is S EBEK T 0.05 GFLOPs), 32 Ak P 3%
JE (RN T 0.5 Mi/s) . IXAESE T CRF 7EHE K
FE R RN oy kvt BT o AE B2 PR BURF R 2R A T
A FH L S AL ) CRF AT 2T Ab B ROR
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Tab. 6 Comparison of evaluation results between dynamic resolution masks and fixed resolution masks,
covering metrics mAP, FLOPs, and FPS

RS (ERRES mAP/% mAPsy/% mAP;s/% mAP/% mAP./% mAP/% mAPy/% IF &5 E/GFLOPs FPS/(Mi-s™)
ResNet-101-FPN 47.0 61.1 51.6 27.6 46.9 52.5 26.7 0.55 16.6
28 x 2848 & ResNeXt-101-FPN  47.1 62.5 524 28.5 48.4 54.2 26.7 0.58 16.2
Swin-B 48.1 62.5 53.4 28.9 49.1 54.9 27.2 0.64 14.5
ResNet-101-FPN 51.3 66.6 55.1 30.7 49.1 55.3 333 1.12 12.9
56 x 56143 ResNeXt-101-FPN  52.2 67.8 56.0 30.8 49.2 54.6 33.9 1.19 12.4
Swin-B 53.0 68.9 55.9 31.4 50.2 55.7 344 1.27 10.3
ResNet-101-FPN 56.2 71.1 59.8 36.1 52.6 57.5 37.9 1.65 9.7
112 x 1124 % ResNeXt-101-FPN 574 722 59.8 37.2 543 59.4 383 1.78 8.8
Swin-B 57.7 72.4 61.9 37.4 54.5 59.6 38.1 1.86 7.1
ResNet-101-FPN 53.7 70.9 59.7 335 51.6 57.7 27.5 1.31 12.4
FHAH I ResNeXt-101-FPN  54.2 71.5 61.3 34.7 52.8 59.2 27.6 1.35 12.1
Swin-B 54.8 72.1 61.6 34.8 533 60.5 31.1 1.42 10.9
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Tab. 7 Comparison of evaluation results between dynamic resolution masks and fixed resolution
masks, covering metric mI*oU %
FERRE R T BT M4 ml*oU ml%oU; ml*oU,, ml?oU;

ResNet-101-FPN 81.07 73.34 76.37 80.39

28 x 2818 %K ResNeXt-101-FPN 81.50 73.36 76.51 80.86

Swin-B 82.18 73.70 76.97 80.77

ResNet-101-FPN 85.65 74.47 81.25 86.07

56 x 56{8 % ResNeXt-101-FPN 86.02 75.83 82.04 86.04

Swin-B 86.97 75.89 82.19 86.73

ResNet-101-FPN 89.83 76.52 85.82 91.09

112 x 1121%% ResNeXt-101-FPN 89.97 76.90 86.09 91.59

Swin-B 90.37 76.96 86.31 91.85

ResNet-101-FPN 86.71 75.61 82.37 86.46

A ResNeXt-101-FPN 87.14 75.99 82.58 86.93

Swin-B 87.58 76.04 82.79 87.21
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Fig. 8 Comparison of mask boundaries at different resolutions
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Fig. 9 Visualization of adaptive-resolution mask effects
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Fig. 10 Comparison of segmentation results by different instance segmentation methods
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Fig. 11 Comparison of segmentation results between visible-light and infrared images
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Fig. 12 Comparative visualization of feature distribution and edge extraction
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