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Abstract

To address the challenges of highly non-uniform crowd distribution, complex background interfer-
ence, and severe occlusions in crowded environments, this paper proposes a feature fusion network
based on the MobileNet V3 classification model. The framework first extracts four multi-scale fea-
ture maps from the MobileNet V3 backbone. Each feature map undergoes processing through a Hy-
brid Attention Module (HAM), which integrates channel attention, edge attention, spatial attention,
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and dynamic convolution operations. The processed features are then upsampled to align their spa-
tial resolutions, concatenated along the channel dimension, and compressed via a 1 x 1 convolutional
layer to generate a unified fused feature map. This fused representation is subsequently used to regress
high-precision density maps for accurate crowd counting. The method is experimentally validated on
three challenging datasets, namely ShanghaiTech, NWPU and QNRF, and the experimental results show
that the proposed method significantly outperforms state-of-the-art approaches in both counting ac-
curacy and robustness.
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Figure 1. DACNet architecture diagram
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Figure 2. (a) Channel attention; (b) Edge attention; (c) Spatial attention
E 2. (a) BEEIET; (b) WEIES; (o) ZTEEEAS
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3.1. SCIRIRIE

RS #E R SEIGAESE A PyTorch 1.12.1 + python 3.8 + cuda 12.4 + anaconda 3, A4t & N NVIDIA
GeForce RTX 4070 Ti GPU, Intel(R) Core(TM) i7-12700K CPU . #8135} K it &K/ A 16 B Adam
ACEX SHGEAT AL, VIR TR EN 1le-5, F MM CosineAnnealingLR ik, fH/MAW N
le=5. BN EUR AR 2388 B RN —2, SRS L 0.5 IOMESR AT /K-8, LIS sl 2580000

3.2. SCIGEER

3.2.1. SSRBIRE

ALk AT HE S Shanghai Tech NWPU Al UCF-QNRF #:47 5256 5144 . ShanghaiTech 34 1486
5K R, 534 Part A Fll Part B, Part A A% EEIR, ZliifriE. KA IEERIAE, Nkbs
TR Part B WAL 5OE N RE ) ZREBAR, 2 0 A R SHE ST BOREE, N SbriEAH X #i6L . NWPU
5159 sk EME, BT 218 AR AL, W2 R, WIEWTHE. . AESSAEE R, HFHAE
ANFE I RSADEHE 44 . UCF-QNRF BESE08 1535 dkIRME, B2 125 75 NCSKFRVE, 23000 4 104 S
R . B S I IR SO SR L.

3.2.2. FEIABMKITHERSEE 3 MBEEHIEERS S

AR NBAG TR T 5AE 3 MR LR LS R £ 1 Fow, BT MR e 3 fios. % 1
JEoR T AFEANBUE TS RLZE Part A. Part B. NWPU-Crowd 1 QNRF $dE4E FRIEETEREXT B, PEALTE
PEFE MAE CPIZ4E0T 1R %) MSE (377 2). ZHEM)MTHH #(GFLOPS). HSERgs v 5, A
FEH MRS DACNet 76 PR IF S HERFE ORI, IR 7 sl R, BRairin R .

Table 1. Comparison of algorithm performance for different crowd estimation models on datasets

= 1. FRIABSIHTRE G EERERE DB A RETEL

Part A Part B NWPU-Crowd QNRF HEE
Model Params (M)
MAE MSE MAE MSE MAE MSE MAE MSE (GFLOPS)
MCNN [7] 1102 1732 264 413 2325 7146 2770 426.0 0.13 11.87
CSRNet [8] 682 1150 106 160  121.1 387.8 1203 2085 16.26 325.3
SANet [9] 67.0 1045 84 13.6  190.6 4914 1526 247.0 0.91 71.45
CAN[10] 623 1000 7.8 122 1063 3865 107.0 183.0 18.1 193.58
PCC-Net[11] 735 1240 11.0 190 1674 5662 1487 2473 0.55 72.8
LMSFFNet [12] 85.85 1399 9.2 15.1 - - 112.8  201.6 4.58 14.9
CHFL [13] 575 943 6.9 11.0 768  343.0 - - 21.51 108.27
CLTR [14] 569 952 6.5 106 619 2463 - - 40.95 28.73
STEERER [15] 545  86.9 5.8 8.5 543 2383 - - 64.42 94.4
CCTrans [16] 523  84.9 6.2 9.9 386 878 828 1423 103.58 99.44
DAC Net 589 953 7.7 125 516 1242 945 1709 9.72 2.56

1 Part A £#i4E I, DACNet [¥] MAE 4 58.9, MSE /9 95.3, {1 T K/ L2645 AL, 4 MCNN (110.2/173.2)
Al LMSFFNet (85.85/139.9), HZ L& Z4# 7% CSRNet (68.2/115.0) K H L. 7F Part B H¥asE I,
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DACNet 1531 7.7 MAE i1 12.5 MSE, [F#E#8# 7 2 /7%, W PCC-Net (11.0/19.0)F1 CAN (7.8/12.2).
£ NWPU-Crowd $#i4E I, DACNet SZHL T 51.6 MAE Fll 124.2 MSE, #HHAESi#5% % MCNN (232.5/714.6)
H1 PCC-Net (167.4/566.2), A @#EHT+. £ UCF-QNRF %44 I, DACNet SZHl 7 94.5 MAE A1 170.9
MSE, T4 RE R A, 2284 5 m 3 771, DACNet 285104 9.72 M, 1L/l T CSRNet (16.26
M)A CAN (18.1 M) it 5L 81N 2.56 GFLOPS, ALt MCNN (11.87 GFLOPS)#1 LMSFFNet (14.9 GFLOPS),
KU 7 E AR 25 EFNA, DACNet fERf R FEE RIS, SKIL 7 BBt SRt 5 IT4,
FROFUER T HAERE M 5 ROR B PR IR E, JEwada NFH T SIE I K v B B 52 B ) SE BRI 5

Figure 3. Dataset visualization sample
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3.3. jHRASELE

NT VAL S A ACTE IS BT A 2, A SCHET ShanghaiTech (1) Part A BT T 5 43
ASREG . SRIGAE R 2 FoR, SIASIABR. RESRMULER )G, MAGFEL HEN SR
Perm TP R ERHERISRE ST, AefE T I M kb 3 B AN FARAE AR G TR ZERRER I 5] N(E1RE R
REMETEIR 2 2 HR 25 B A6 4, 390 T M4 R RE )1, FF BT TBRIE ST AT 55 R ISR I ke
BAIBHUEIT 5] 5 W28 O BUR L S X 38, Y58 T AR AR BRI R RE T . TEPTA IRAL LR &
MAHIE O, BRI TR KIIREESEH, MAE #E— DO\ 64.5 [£% 58.9).

Table 2. Ablation experiment
2. HRASIE

B PREBI %R N WEEE ) 23 AER S Ema Erwus
x/ x/ \ 64.5 109.4
x/ V x/ \ 62.7 102.6
x/ x/ x/ \ 60.3 97.1
V V V V \ 58.9 95.3

4. B4

AR T M T MobileNet V3 HUHFAERLS 4% (DACNet). 1% 771 LA BEAL ) MobileNet V3 1F
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