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Abstract: [Objective] Against the backdrop of deep integration between remote sensing and computer
vision, tree detection in complex scenes has long been hindered by occlusion, background noise, and high-
density canopies. Traditional methods struggle to balance global semantics and local details, resulting in

insufficient detection accuracy and robustness. To overcome this bottleneck, this study proposes an end-to-
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end tree detection framework (ViT-Count) centered on the Vision Transformer (ViT), aiming to leverage its
global context modeling capability to significantly enhance the accuracy of tree counting and localization in
dense forest and urban environments. [Method] Firstly, the Vision Transformer (ViT) was employed as the
backbone model due to its inherent advantage in capturing global contextual information, making it
particularly well-suited for complex environments with diverse visual patterns. Secondly, a Visual Prompt
Tuning (VPT) strategy tailored for tree detection was introduced. By injecting learnable prompts into the
feature space, this method enhanced the model’s capability to extract discriminative features under
conditions such as high canopy density, illumination variation, and structural differences across tree species,
thereby improving its adaptability to various forest stand types. Thirdly, the convolutional block attention
mechanisms were designed, leveraging its ability to model long-range dependencies based on local
perception. This effectively strengthened the model’s capacity to distinguish between occluded, overlapping,
and morphologically similar tree targets, thereby enhancing the overall robustness and accuracy of detection.
Finally, a tree detection decoder was constructed, which progressively restored spatial resolution through
stacked convolutional layers, normalization, GELU activation, and upsampling operations, ultimately
generating a tree density map for tree counting and localization. [Result] Comparative experiments on the
public Larch Casebearer and Urban Tree datasets showed that, compared with mainstream models, the
proposed method achieves reductions up to 2.53 in MAE and 3.99 in RMSE, demonstrating stronger
generalization capability. Visualization results indicate that the model maintains high accuracy in both dense
forests and complex urban scenes. Ablation studies further confirm the effective contributions of VPT, the
attention module, and the decoder components to the overall performance. [Conclusion] This Vision
Transformer-based method for tree counting and localization in complex scenes fully exploits the global
modeling capability of ViT and the task adaptability of the visual prompt tuning mechanism. By integrating
the attention mechanism of convolutional modules, it effectively enhances the accuracy and robustness of
tree counting and localization in complex environments.

Key words: object detection; tree counting; tree localization; complex scenes; Vision Transformer (ViT);

visual prompt tuning (VPT); attention mechanism
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Tab. 1 Details of Larch Casebearer dataset
Bl 74 BEHE ErmngE MR ASE
Bebehojd_20190527 172 8 749 2570
Ekbacka 20190527 215 6423 2702
Jallsavag 20190527 50 2580 475
Kampe 20190527 179 15508 3219
Nordkap 20190527 224 11262 2987
Bebehojd 20190819 149 7014 2 949
Ekbacka 20190819 181 6768 3 868
Jallsavag 20190819 39 1533 1486
Kampe 20190819 113 8134 1537
Nordkap 20190819 221 8656 3458
Total 1543 76 627 25251

Tree B EA S KRBT Al W 20 &E D
HER MU IR, BT 7 AR 2T FOR AT T B
ARApAEI . ZHHE RIS 3 012 5KIE1E, KA
B3 HR 3R 256 x 256 183, FEAniE T RARIIAL B
{5 (3% 2). Larch Casebearer i #f £ 1] FIUGAE A 42
T AR S BRI R A EOE R 2
Urban Tree 24 52 (B AL R T 5, &
SR HMARENE 3.
2.2 HEEHYEEIE

AT R AR A HE H 1) VIT-Count 5V 1A 3K
PEFIRTATVE, G648 13 FhiR FE 5 S B R AT MR T3k
5@ AL 5 ARSI 5 130T BR i XA EiiE 45 1 4K
PEFEAT T WAL FE, A5 AT S 13 X A Y 1 25K,

R R A BEAT A N I e SEBe g LT S

ST R R X i A 10 A B R BEAT U K 2 A A
P 2 2211 2k 5 BRI ARE R0t P AR kAT Ik, e i A
P {500T I 10 3 P P A B T B R A B 5 A L

M5 8% FE AT X LG

VGGER /N RUSF 3 x 3 B R H#E & 1) 75 20m
TR, SRS AE /). ALEXNET S 3E 148 i k)
L8R FEFFAE A ReLU WU B3, £ 2012 4 ImageNet
TR T BRI . 1% W 4% I I H 8 1 5 A
Dropout ¥ K, & & 5 7 B 1& 0 5w =% .
Inception-v3!" i i K AN [7) K/ B BUAZ RS 75 1)
W28 1511, BB 7 5/ I 1 BB U R S B v A 4
TEFRHL . HAEE B RS RN A, HFEZ A
THENUL AT %% IS 705 &t . RESNETS0™ i
To Bk 225 T A A Ao PR R ) R, HE SR R 25 45 A 9L
DI E R ZEAH 50 )2 4. RESNET101%2
ResNet-50 F IR A, L5 101 25k ZE o, ¥t —
WARTE T RHIE 22 2168 0, ABTE ST FAF i 75 R A
ARG . MCNNVER T 2 512584, 5514 2% 43 5
Aab B AN [ FF) B N DX 3, 3 i Y SR A R AT
TR BRI R LB S 5 TR R 2 51 4
FURHZ N 2% . UNETPO — Foft i 284 1) G B — i % &5 44)
P2 ) 4%, I Bk BR R B AR E 5 R R RRE
VITPU —Folg BRI 4 /b sedfid it B 3 = AL
il AL B A A, R F Transformer 22 #4975 G 7 SR &5
MWAT S5 th R B . METAMSNET?2 i@ it 5| A%
PSS 255 B R AT S8 RS A I v E T, G HAE B
AR RN F . ZEALE L B B P REE R
ZRASHAR T EUT S, B A R TN AR E
PES5KE B o BCNET 2 — Rl X024 B 45 14 (1) )
9%, ST VR 2 AN R RRAE 4 A OR IR T ORI
AR Y SR U I 4% B R, AN SR i A2 J=) 3
FRAE, L ReA R 2R E S, i otk ae .
MCNNTPIZE & 2 RFE 365 R 25 [ 2% FI1 Transformer
ZEH, T B T Tk R AN ST 47 B0 4 AE B L
5/ B 2R R ) BE 7T o MSTNet™13E T 2 R

% 2 Urban Tree #iB&F1E
Tab. 2 Details of Urban Tree dataset

. - AR ANTRAE BEARE R A 1 B

2016 2018 2020
teime [ P I v 10 682
A P i 45 4 99 8 187 8 164
TEI SR PR i 777 [ 92 4858 4880 4678
JeHR IR Je AL FR i A 21 2134
S BN Je Y2 Hg H i 100 6470 6 403 5845
KA R 5% [H P R Vi 100 4433 4707 4109
T PN i 90 5015 4 400 4087
B YERS IR Je Y2 v H i A 92 5824 53830 5841

VE: AZBAR SRR R T IR JE T A8 AR TIT RGN SAR X, B 18] %5 A3«
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Fig.3 Dataset sample display

Transformer 25 #1511, BLI&E R & 445 T B H AR5
i« Gramformer Gl & 73 B 45 #4955 Transformer [
2R ERIRE 77, HAA BRI BN SO AR AR
23 EREEWIE

N — D B8 UE A S T AR AR A (A% O B A
B % OGBS HRONS B5 FE A T 18 e 1) SEBR DTk, ARt
FUHET PR VR W IR AT T Bl s DA
VIT 1 2Tl B 2 i 25 B2 B N R 1) 2 )2 IS
TEAS B, 729w 525 B B 5] AL 3 s AL LI B
AV BERRAEVE 75040« 3 5m OC B X I )RR IR R ALE
RE T, 2 i ds K AR A B RFAE B St O 5 N
B ORST UL E 1) 3 B I, I DA S B I R ik e,
i E B AR AR PP Al AR A RE s S EE A AT A R
AN H(VPT) S 8 3 & ) -2 B &
(CBAM), K “NUBFD” “x (B 1 —Joiz
WS AL T 2 A [R) AR A A ) o HERE Y, o o i
Ja AN SC PR ARRAMSEER, AT DAE B B 0 20
2.4 TEMNIERR

1% FH °F- 24) 46 % % % (mean absolute error, MAE)
N385 MR % 2 (root mean squared error, RMSE) K 1
AR () Ei i R

MAE:%Z; IV g = N

RSE- (137 (VM) O
A R MASE R E RIS HEH, N o
BUH BB ARRIEH, Ny FoR BB A K 58
#H.

KHMERFZE(P) BEEE(R)F Fy 43 BOR VSR
BIAE ENAT S5 R MR o Bk UG, 24— AN T A
5 — AN 5 2 TR R RR PG BR8N T 5 1 PR S A
BF, LTS — R P VT T, B2 00 s T 1
ENE T —ANELHR. TR, RESETTE
T 55 S A BRI E BN T R A
JUEHE o A FLSE R T A B 22 R RERE DL — K,
UG P 0 ff 7 ) = B2 UG FiE 2% (true positive) 1) 0 &1

N Arps A BCIN VL EC B T30 A5 (false positive) )2
LN App, WA AT AT T A UT BT 2 1 3258 A
(false negative) FI £ fE 10 N Apne MR LR E X, 3
MBI R AW .
__ A
ATtp + Arp
ATp

~ Arp +ApN
2PR

= PiR (10)

81T Z % & (parameters) FIl T H 8 GF 2 HIR
%1, floating point operations, FLOPS)® /M 2% 0a f5 b
ki HE SRR . SHE RSB 2 iR
AN 2% J2 T TR AT A 2] S SR, S TR
RUMIAEAE AR AR & o TH 2 IR B AR AT — Ik
AT ) HE BRI BT 55 04T /0 FLOPs, R B T 45 74 {1 55
THEH o XA TR bR AE 08 DAE il AN TH S04 A B2 4 T
B L B ARAR AL .
2.5 ELWHETNSHIEE

% H PyTorch 1.10.0 #1 CUDA 4 11.3, S5
£ RTX 409024 GB)_E#EAT, [ H Adam flLfb s, %
BERE TR 0.05, 2% 21 %4 0.000 1, VPT 5 &
BCE N 20, VPT IR CE N 10, RIS IR B e E N
2, AL A L BB B E N 8, LRAEEUR B N 12, It
EIREN 32,

3 HERG M

31 EEFYM

ASCHRE I VIT-Count A5 %4 75 B 45 46 8 b 2 B
BN, B T (KK MAE(7.05)F1 RMSE(9.25)
B, BERTIAE R TIE BARKIE T HAER K
3750 BT EOR B 5 & #e . EFFICIENTNET £
RILL 7.16 i) MAE 1 9.78 ] RMSE XBE 3L )5, ik
Mg SR, I B PR Re T . BERSRE, (55
FRRL AL 4 VGG RESNET 2 41l 78 46 & _E AL T 531
SRR (0 Inception-v3 A1 UNET), 1fii MCNN & 41| 5
MSTNet i id fil & 2 REERHIE W3R T B4 ROR
R HE A VE B, VIT & H AR ViT-Count 7~
! Transformer ZE#) 7E i $2 4 J5 b F U5 B 5 THI 1)
SRAAE ST, UHAE BARE S, RIEZBHIZSPMhE
HR (R 3.

M 3 1 Urban Tree FU8 42 (1) 5250 25 S nT LUE
H, A SCHR ) VIT-Count B 78 76 i 45 #5280 o R B
N, HAE MAE #1 RMSE /M 845 F 4 5k
2|7 10.58 F1 13.75, & E A T HAWIA k. 1%
S5 1 2 B w2 W 4% 4 ALEXNET. RESNETS50 Al
RESNET101 AR T — & FIPERE, (HAE 57 2 %

1
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Tab.3 Tree counting experiment results

.- Larch Casebearer Urban Tree

MAE RMSE MAE RMSE
Inception-v3 22.01 28.32 25.87 31.35
UNET 20.17 24.61 21.67 23.78
VGG 13.67 18.79 25.87 31.35
MCNN 12.47 16.72 15.79 20.54
BCNET 10.08 13.74 25.87 31.35
ViT 9.95 12.97 21.22 24.38
MCNNT 8.79 11.55 12.97 18.04
ALEXNET 8.42 11.16 12.79 17.58
Gramformer 8.33 10.30 13.20 17.68
RESNETS50 8.22 11.09 12.11 16.80
MSTNet 7.38 9.52 12.19 16.34
RESNET101 7.25 10.39 11.66 16.09
EFFICIENTNET 7.16 9.78 12.07 16.68
ViT-Count 7.05 9.25 10.58 13.75

s LA R R, R EE R T RIZRoR

FHAAFEAE . #HIEZ T, Inception-v3. VGG £
G R R 255K, MCNN, MSTNet % %2 R A 7
FHHZE, 1 ViT-Count 7 A i P 5 e e v U T ¥
IR, BE—BIUE T HAEAF 5T 1Rz
Re 15 &t

A H ) VIT-Count #E I 7E Fy 43 % - HUAS

=4 (65.76), [AlH Recall &5 83.07, &ZL T H
fby R TR, 2 B AR AT B R ) s T R R A
S MSTNet 78 #ERR % g 5 (88.41), (HIH: H A
BAK (49.28), SEEAR F) 43 $0R K ViT-Count. #H
tb 2z %, HoAh B A 40 RESNET101. RESNET50 257
A B8 A [ 56 5 TRIAT 75 M 22, DA SRS N0 56 8
SHERIPE(E 4). VIT-Count 75 58 S 4845 2 18] SEIL T
U (-1, R FE B 2 1 5 N A8 TSR I RR
SENLRE ST o

A VIT-Count HEAYTE Fy 204 EHUS
mfE(47.14), [FIR{EER 2 (551D 5 BRI %(41.15)
Z RSB T RAFT-, 2R B0 HH P ) A e £ B
A Z T, R4 UNET 764 Bl % A F| 88.07, HH
1 B SR B AIG (15.23), T80 F), 20 20U 25.96, &
£ 25 RA e o H A ALY 41 EFFICIENTNET Al
RESNETS0, H{E F; 73 % bk, (H58& i T ViT-
Count(F 4), EAKKE, VIT-Count 7E I35 #8552
FE R PRI E SRz R S B, i —
IR T HAEW A & AT 55 I 2t 5 s A

% 4 B IR, ViT-Count £ 8 7F 2 4 2 (11.65 x
10O ATHH R 4 5 (1.82 x 10°) B kT 2 Hm e
TR (4 UNET M1 Gramformer), [G]I & Z0 T1£ 4
KIUW 4 (4 RESNET101 A1 VGG) o #H Eb 52 B b
BB, (RPERETEAR . 4R b, VIT-Count 5231
TORGHE T BOR A I [ET I, e BT AR A T SR R
THFE, FE I AR 1 S F M (B R 8 )

F4 EMNLRER

Tab. 4 Localization experiment results

Larch Casebearer Urban Tree
R SR R
P R F, R F
Inception-v3 71.21 9.82 17.26 58.38 8.94 15.50 4.83 x 10° 3.05 x 10°
UNET 66.17 38.1 48.40 15.23 88.07 25.96 31.04 x 10° 41.90 x 10°
VGG 23.76 10.56 14.62 75.41 1.28 2.52 7.70 x 10° 14.01 x 10°
MCNN 14.77 49.60 22.76 41.66 9.48 15.44 7.03 x 10° 0.13 x 10°
BCNET 47.37 40.80 43.84 31.62 48.60 38.31 7.88 x 10° 14.43 x 10°
ViT 42.66 50.73 46.34 11.33 45.02 18.10 8.54 x 10° 15.53 x 10°
MCNNT 18.73 42.25 26.01 69.29 2791 39.79 25.34 % 10° 11.06 x 10°
ALEXNET 42.4 27.03 33.04 17.67 41.25 24.74 2.50 x 10° 0.75 x 10°
Gramformer 64.51 32.24 42.99 46.34 37.28 41.32 38.43 x 10° 20.73 x 10°
RESNET50 50.71 71.73 60.54 49.17 39.34 45.51 8.67 x 10° 7.53 x 10°
MSTNet 88.41 49.28 63.29 45.22 34.55 40.08 15.26 x 10° 1.33 % 10°
RESNETI101 51.73 72.91 61.65 47.84 33.67 39.52 27.68 x 10° 22.46 x 10°
EFFICIENTNET 56.14 55.54 55.84 52.98 41.64 43.37 4.56 x 10° 1.05 x 10°
ViT-Count 54.15 83.07 65.76 55.17 41.15 47.14 11.65 x 10° 1.82 x 10°

i PAHET R, RAH B, Fio 8, HEE R Rs EIXEFLOPSE R .
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8243705 T B E BRI RS RS P A4 Bl 2
%, HrE 4a. by ¢ BUEARER IR E 1Y), %
WS A WA B, W S AN E RS 1
FEAE . AEUGSS EE AT I, ASSCHE H ) ViT-Count 54
AT B4R VAT, 7640 B UL 237 et R B 5 5 )
PEA B b5 X 53 8 115 8 RS FE, Re %A 2508 5T B A
AT R R AR VR ) R, R M 23 B B S R I X ek
Fh 7 H bR 1 B 4ds e £ E{E K E Urban Tree %1
AR, R R E G Y 5, Z A EE ST
PRORAR S ZH, BB ICRIEAO B HAR RS,
REA SR 6. 7R 5, VIT-Count 274
RS AZ OB B[R4 F OR300 v 1 2
B2/ B AR R ERIEA Ty RIEZE S S8
FRAEIE O P AN 2 S5 DR 28 s, (9 A7 A — i R FE )R
32 EHRERE

ff Larch Casebearer 31 E ££ F, 7 1(VPT +
CBAM) N i 5E B ¥ 8 B, RN A, B0 UF A5 AT 38
££ 1) MAE 434 7.29 F1 7.05, RMSE iy 9.49 Al
9.69, B VPT 55 CBAM 45 & RS B 2 1R 5
¥ BEAIRS SE It . 22F% CBAM 5 7 5 2 B R 1%,
MAE Fl RMSE ¥J fr b7+, &8 CBAM 1& % Z I
il 7 2 A BUAE . 71k 3 7E 5842 2B VPT F
CBAM J&, wZ#—H3 K, Wik 17 AR 52
FHIE BRI RE S T CEAE T « AHLLZ R, ik 4 &
SRIE— B FEE LT 32 3, (HEAR R A &
%1, B CBAM fE% A VPT Bt &M NERASE
PR 5). BIREE R LI, VPT 5 CBAM i [H) 14 H
XYM e PR T B A 3 DTk

7f Urban Tree £ 4 /) 25 v, 773k 1(VPT +
CBAM) R WLig fF, Wik & A4 1Y) MAE 43
4 10.12 A1 10.58, RMSE A 12.86 1 13.75, & B
MERFEZHIEE ARG EERR. L%

FSI ARSCBEG  VIT B

BATME  WAKGINEE R A ISR

A

a. b, ¢ 1X 3 17 B4k A Larch Casebearer #3542, A3 HUR (1) 2R Ak
TR, BAMAEE, WidEDS. AR A SR doe £
X 34T EI% R 1| Urban Tree £ 45, BT RE G5, AH
R, R BAR/N REA— SR k.

B4 RIAES B4 R AT He
Fig. 4 Visual comparison of tree counting and localization results
CBAM Ja 777 2, 2208 IRk S A A AR
i MAE 43 %] 5 10.76 F1 11.60, RMSE & 13.95
F115.88), &7~ CBAM X} #& FH 4 FE B A B AE F o
SEA BRI BER G 7 ik 3 MR EE— 25 N %, B8
AEFMAALE ERiRZ ) s, Wi VPT 5 CBAM
Bh— AW I 4 NIRRT CBAM, TRE 57514 2

x5 HESLEER
Tab. 5 Ablation experiment results
N . I E4E MR
HA kTS VPT CBAM
MAE RMSE MAE RMSE
1 v S 7.29 9.49 7.05 9.69
2 v x 8.75 11.38 8.96 11.69
Larch Casebearer
3 x x 10.26 13.35 10.59 13.89
4 x S 9.42 12.38 9.69 12.87
1 v v 10.12 12.86 10.58 13.75
2 v x 10.76 13.95 11.60 15.88
Urban Tree
3 x x 11.29 14.45 11.62 15.43
4 x \ 10.76 13.95 11.60 15.88
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55, B PIUE T AR DT VEAE SR N A S
BRI,

ViT-Count [
LRIETE

ViT 571
Kz

K5 fERZ HIIZGRA RS ERATHCS
SE i 2 R AT LA 3T L
Fig. 5 Visual comparison of tree counting and localization results on

different types of untrained data
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