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Fig. 1 FFC-YOLO network structure
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Table 1 VisDrone2019 dataset

Class Number
Pedestrian 79337
People 27059
Bicycle 10477
Car 144865
Van 24950
Truck 12871
Tricycle 4803
Awning-tricycle 3243
Bus 5926
Motor 29642

3.2 LWIME

ST B B EAE 2528 Windows 10 %k, Intel
(R) Core (TM) 19-10900K CPU@3.70 GHz, 64 G,
GeForce RTX 3090 24 G, #ifi°F-& )y PyCharm, Python
3.9, W R EEHERLE Pytorch, CUDA 12.0,

W 283)1| 2R 3L 3354 T 200 48 (epoch), #IUR24>I 3 0.01,
Hbr 2= 2% 0.1, U2k ms I, A7 34 epoch >k
Warmup Fil#4, J5 2200 0 4% 5% 38 KA R DA Blas 2 %
FRES-28

3.3 VHNdEHR
o ST ARHEA R REREE I S BB A BY n] PRI

AR HEZ g R AEIMA R, B UTROITFNER:
T #8°% (precision, P), 3 8] %R (recall, R), ¥ ¥t &

mAP@0.5. Wi (FPS)., Z:4 (Params), Hrf P X
BRI 25 S AT (5 5 R R AEARE A 26 ELS2 H AR g
715 mAP@O.5 JEIETF I LA (ToU=0.5) MZEA T
ST S WSS RS (3 5 7 MR RE R DRI 6 B ;. FPS S B
I 1) P AT A B A RS KK s Params SR 5 Al I 22500
i, POENGRE T, AR WT

TP
P=—, (6)
TP+FP
TP
R=—— (7)
TP+FN
AP = 1PRdR 8
= | P(RYIR, ®)
1 n
AP=— ) AP;, 9
m NZ ©)

A H: TP (true positive) HBHPE AR AY IE A MUK T
HILHPR; FP (false positive) {5 BH P 2 7n AU 158 b
1 EEEE HARX S HAR; FN (false negative) fix ]
PEFRIR FLSAAAE Y BRSO S ARG I 5k

3.4 LWEREHESH

J T B AT AP RE, REC T 2R E R
PRSI T H A . 46 2 B T R B0 32 70 4 [R) A 52 56
S F7E VisDrone2019 £u#s 4 [ X L s2 86 80 ds . |
SR BOE A AT, FFC-YOLO A H YOLOv1 In JE i 4 1
mAP@O.5 2T+ T 7.8%. HHLLT ZBrBiA 1 Fast-RCNN,
mAP@O.5 $2T+ T 28.4%, [AIHHALHY i S 40 B B /b
55 H Al — By BE B 40 RetinaNet AH G, K EE L, 5
YOLO #.3, 1 YOLOvV3-ting., YOLOv5n, YOLOvSn.
YOLOv10n, YOLOvlin, YOLOvlls A, mAP@0.5
SrRTET 16.9% . 8.8%. 8.0%. 7.6%. 1.8%. 0.7%.
FFC-YOLO 7 & ${ & X T YOLOv11s #i %! 15.78 M

* 2 T F W% VisDrone2019 # 4% & £ g4 m 25 %

Table 2 Detection results of different networks on VisDrone2019 dataset

Networks mAP@0.5/% Params/M P/% R/% FPS
Fast-RCNN 116 28.4 12.2 10.3 6
RetinaNet 214 19.8 26.9 34.2 22
YOLOv3-tiny 23.1 9.52 39.5 29.4 124
YOLOv5n 31.2 2.18 42.1 313 138
YOLOv8n 32.0 2.69 42.3 32.6 147
YOLOv10n 324 2.69 42.2 32.9 136
YOLOv11n 32.2 2.58 41.5 32.9 126
YOLOv11s 39.3 19.8 49.3 37.9 132
FFC-YOLO 40.0 4.02 49.0 38.8 106
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TR, AGEHARTET 0.7%. N T B4 b Ho 35 ol A
RN A B AR B AN R BE T, SEit mAP@O.5
B, PIAARZs R nE 6 frn . [l 6(a) 27 I 4 A5 ARl
YOLOVI11n fSZEGE5 5, XFFl 4™ & 1 % 4/ H b,
HFHRSN, BOEAEANE B, &, i
DI IACR I AN EAE . f & 6(b) AT%1, FFC-YOLO 7EfF
AN AN B2 AR A T . B EDUY R R AR N
F3FTR . MWEPALLE W, FFC-YOLO M # F
YOLOvlln, ¥ FAr A, A, BAT%E. KE. HE%E.
R, ZRF . EHEZE RS . ALEMELEX 10
R B AR, mAP@O.5 {E 70 & T+ T 12.3%. 11.0%.

13.0%. X F5rRW, 75/ BARZEARNAE S5, FFC-
YOLO EA &M

J T BAIETE C2PSA BN CAA TEZ HIHLHIAY
WA DL R LR, T — 2 g g A P AN
CBAM Fl ECA, LI K&AEARMLAL AL H 4 iRMB Fil EMA,
PEAT X HL 528G, SCIe g B ank 4 Fran . Hidp Base
YOLOv11n H1 /il A FASFF £l 3k F1 FreqFusion HL il J&
(R 2%, FEBRZR N 28 rh B R Sk B A4 T HOAS
Al C2PSA BiHy CAA 1 E JIHLHI SRl A C2PSA £
PG 1) C2PSA-CAA T2 S HLHIAERT . v LAE 3,
CAA VEE JIMLH 5 C2PSA RS )5 i C2PSA-CAA Hith

6.1%. 13%. 7.0%. 4.8%. 4.8%. 2.8%. 89% F1  KIKEEE LT T e (40.0%), HLEAIA CAA FEEN
Precision-recall curve Precision-recall curve
a 1Ao b
S S

1.0
Recall
— Pedestrian 0.341 People 0.265 —— Bicycle 0.073
— (Car0.753 — Van0.383 — Truck 0.278 Bus 0.458
Tricycle 0.202 — Awning-tricycle 0.115 —— Motor 0.351

= Al classes 0.322 mAP@0.5

B 6 +#i A B4 mAP@O.5 13 i, (a) YOLOV11n il

Recall
— Pedestrian 0.464 People 0.375 — Bicycle 0.134
— Car0.826 — Van 0.453 — Truck 0.326 Bus 0.547
Tricycle 0.250 — Awning-tricycle 0.143 —— Motor 0.481

= All classes 0.400 mMAP@0.5

452 (b) FFC-YOLO #:%

Fig. 6 Comparison of mAP@0.5 values for ten recognition targets; (a) Detection results of YOLO v11n; (b) Detection results of FFC-YOLO

%3 F4%) BN mAP@O.5 154 Rtk

Table 3 Dense small object detection mAP@0.5 results comparison

mAP@0.5/%

Class YoLoviin FFCYOLO Improved value
Pedestrian 34.1 46.4 12.3
People 26.5 37.5 11.0
Bicycle 7.3 134 6.1
Car 75.3 82.6 7.3
Van 38.3 453 7.0
Truck 27.8 32.6 4.8
Tricycle 20.2 25.0 4.8
Awning-tricycle 115 143 2.8
Bus 45.8 54.7 8.9
Motor 351 48.1 13.0

% 4 FTRREEE N IE BARRRAAE S 65T b R R
Table 4 Comparative experiment results with adding different attention

mechanisms or model optimization modules

Type MAP@0.5/% Params/M P/% R/%

Base 39.4 4.04 48.8 39.0
Base+caa 39.7 4.22 43.1 329
Base+C2PSA-CAA 40.0 4.02 49.0 38.8
Base+C2PSA-CBAM 39.6 4.04 48.2 37.8
Base+C2PSA-ECA 39.8 4.02 49.1 38.2
Base+C2PSA-iRMB 39.8 4.06 50.3 38.2
Base+C2PSA-EMA 39.7 4.00 48.8 38.8
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HLHIEETH T 0.3%, HESEEBHMIMA CAA EEIHL
fil FRET 02 Mo 7ES U HEE S HLEH AT H,
C2PSA-CAA K5 1l K5 & b CBAM Il ECA 43 5l #2 T+ 1T
0.4% F1 0.2%, Z%#= M C2PSA-ECA #H%, I C2PSA-
CBAM Jii/b T 0.02 M, H R{HEAF] T &5 (38.8%), Ifi
H, 7658 84k ik iRMB Al EMA 9 %t L
C2PSA-CAA %5 1l 45 & ¢ iRMB Al EMA 4> 5l #2 T+ T
0.2% 1 0.3%, HIRZSHE L C2PSA-EMA ¥/ 1 0.02
M, H PHEES T 02%. Z& EAIAI, C2PSA-CAA ik
T AT ENSR N BRI 55

} T KAIE FFC-YOLO W 45 155 BU X5 2% 7 32 pixelx
32 pixel X LA F/NEARRIIRE S, MRS T HdE %
tiny-data JEA TR AL PE RN . tiny-data BUHE4E R JC A ML
ATAER N B A 8 A bR/ BAREREdE L, BN
PR HARME 3 RH 4/ F 32 pixelx32 pixel, FiaHE N
PR R I G | e, (IR R A A T B R )
PRI 8:1:1 4 AN ZRAE | MRAE TR SE , il g
FA 1152 5k, MERER F 145 5K, BUEER H 145 5K,
H#Fr2 58 sperson ., Iperson. wperson, 437 4% 3 3 57
REIIN, AEMRAS AR RSN Hirkos 2
B 35240 4~ . 26930 4. 181104~ . YOLO vllin Fll
FFC-YOLO 7 a5 RGN 25 Rk 5 s, 45
W], FFC-YOLO 7EHUNETA I HAr#BLL YOLOvI 1n
W6, FFC-YOLO 7EiRY sperson ZEHT R I (4, KGR
=1, mAP@O0.5 il Precision i5 3] T =10 75.4% . 73.3%.
FFC-YOLO 7 1 7] wperson 25845 FE#Mi, {H mAP@0.5
HABIRBT 57.8%. MR RAE, EiH X /NH bR
B4 tiny-data, FFC-YOLO A4 /N H bR A6 I 3% R 4 A
T

% 5 FFC-YOLO £ tiny-data # 34 £ 6940 4
Table 5 Detection results of FFC-YOLO on tiny-data dataset

3.5 JHmASLI

i T HHIE FFC-YOLO [ £ 50 75 b 4 2l AR B 11 52
PRECIE, Xt FFC-YOLO [ 25 A5 R IR A7 14 il S0 06 . S
ZERAN 6 ok, Hif . Baseline A AR AT /& By
YOLOv1In B%CH ; BRI A i FASFF K1k 22 5
MIECHE, inA FASFF &l 3k J5 #) mAP@O.5 $#&F 5.0%,
PAEWAET T 5.8%; AL B Ay Bl AR s A ERAE
Al &AL FreqFusion, A LAE HMIA FreqFusion HLi 5,
BREAUFET 0.14 M, 10 A T T 0.5%,
PAHINF] 43.1%; HEAS C HAE A B I AR
FRIE LG HLE] FreqFusion, 1J LLE HiA FreqFusion 1
filfG, SEEAMEE A TR T 0.01 M, i H A B
PBTFT 2.2%, RAEILF] 39%; #iRI D N7 B AYFERE
JA C2PSA-CAA i, WLUFESHEL B TR T
0.16 M, {HAGMIKEEE FRET 0.1%; FR E H7E A 3
fili A CAA EZ LRI, AT LIE IS EE AN,
{ER RS BEAT 0.2% 19 FRE, PAEFETHT 02%, RIETF
BT 03%; BRI F MAE CHYFERE i A T C2PSA-
CAA BEHL, [T 0.02 M 28k (1) ] it A6 A 2 45 T
T 0.6%, WS4 K E , FFC-YOLO ¥ /& T K Ik
JE . MERGRAN A RS AR, AT DAEE A A s
TIANUIAR EHEG /S AR ek

3.6 LIGHIMLESR

TE 5044 VisDrone2019 H1, FFC-YOLO /)y H #%
K e 7] 7 s SR ge g Rrp A B T R . A
YOLOvI1n (4114 7(a-c) Ff7x), FFC-YOLO (4 4] 7(d-f)
FR) R TXNEA/NERR fT N BATA . B
%) IR AERT# . YOLOV1 In 7E 5] 7(a, b) P IFE1EES
Z/NRBE AT NIk, 17N BEFEERE AL

%6 HEREIHRLZR
Table 6 Ablation experiment results

Networks Class mMAP@0.5/% P/% R/%
Sperson 67.5 64.4 65.8
Lperson 62.0 61.1 60.8

YOLO v1ln
Wperson 49.1 57.6 45.6
All 59.5 61.0 57.4
Sperson 75.4 73.3 69.9
Lperson 73.0 67.3 73.2

FFC-YOLO
Wperson 57.8 68.4 46.9
All 68.7 69.7 63.3

Network FASFF  FregFusion C2PSA- mAP@OS  Params/ P/% R/%
CAA /% M
Baseline 32.2 2.58 415 329
A \ 37.2 4.05 473 365
B \ 32.7 2.44 431 329
C \ \ 39.4 4.04 48.8 39.0
D \ \ 32.6 2.42 43.7 327
E \ \ 37.0 4.04 475 36.2
F \ \ \ 40.0 4.02 49.0 3838
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B 7 YOLOv11n 5 FFC-YOLO # M2 %, (a-c) YOLOv11n #&Mj45 R ; (d-f) FFC-YOLO #& M) 2& %
Fig. 7 Detection results between YOLOv11n and FFC-YOLO. (a-c) Detection results of the YOLOv10n; (d-f) Detection results of the FFC-YOLO

KAEWKEZ R 80 4, # At/ N B AR U E A 2
SR, FFC-YOLO MUARID 1 22 R HArHink
i ELAG BAR B o . 25 1, FFC-YOLO 7EARBZZE /N
T 32x32 f/NH bR BB YOLO viin ks, BEEHT
TEAHUAAAEUR E /N B BRI

S T BAIE FFC-YOLO 9 /N H A5 i 48 B, e
YOLOv! In A1 J5 AR F 4 B 2 506 48 tiny-
data, YOLOv11Infs I 25 5 40 4] 8(a, b) ff 7, FFC-
YOLO #  45 J4n 4] 8(c, d) Fr s o *FF 3286/ H#r
sperson ., Iperson Fll wperson, FFC-YOLO il i 7 H Fx
B Y T YOLOvIIn, X LE 4] 8(a) F1I4 8(c), FFC-
YOLO #ill i 3 25 HAR 1% b YOLOv11n 43 4l & i
T 254, 1ANR 74 X EE A 8(b) Fi &l 8(d), FFC-
YOLO #il i 3 28 HAR 144 bt YOLOv11n 73 5 £
T 104y, 3/H 144 S5REM, X Fimkb ok #4E %
P RE/NEFR, FFC-YOLO BYRINAE 1 55 hm £,

4 4

R o e AHLATCHAEG /IS HARAS DU R RIS . 1R
BIXERE = ki, AR SCHRE R T84/ B ARSI 75 FRC-
YOLO., B EMN=AZHSEH T AIH . 1) HsRERAE
B B SR Sk R 4l FASFF 2544, I H YA~ 43
SCERAEKT /N F AR SETE M 22 ROEERIMAE 15 2) DCALARAE
il s BB R Al R W AL G R L AR

Ko
x

Fig. 8 Detection results of YOLOv11n and FFC-YOLO on tiny-data.
(a, b) The detection results of YOLOv11n; (c, d) The detection results
of FFC-YOLO

e O

B 8 YOLOv11n 5 FFC-YOLO *fF tiny-data #9444
(a, b) YOLOV11n #M£5 %; (c, d) FFC-YOLO # ) #

ol

KB A BB BiFPN Z5F08 A, ARUETH TREA 2L
R, YT EE/ N B R TR RS L B AR
AR I 3) 5 A BT SCRAN: 7E C2PSA B
PR SCR s R AU, SRR 5 G 7 A B 4
R HARJE B s A5 S . 7F VisDrone2019 £l 4+,
5T FFC-YOLO #5 f% 48 5 1: 4 Fast-RCNN | RetinaNet
I RIEETE 28.4% . 18.6%, # YOLO #3411 YOLOvSn,
YOLOv10n. YOLOvlln 435|427t 8.0%. 7.6%. 7.8%.
XMFTAL AN BITE . RE . BEE. R4, —R%E.
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Abstract

Objective Small object detection remains a significant and persistent challenge within the computer vision domain. This challenge is
particularly acute in the context of drone aerial imagery, where objects captured from high altitudes appear extremely small, densely
packed, and often exhibit blurred features due to low resolution and environmental factors. Traditional object detection algorithms
frequently suffer from performance degradation in these scenarios, manifesting as high rates of missed detections and false positives. To
address these critical limitations, this paper proposes a novel object detection algorithm named FFC-YOLO (FASFF-FreqFusion-CAA
YOLO), which is built upon a frequency-aware feature fusion framework.

Methods The core of the FFC-YOLO algorithm lies in three systematic and synergistic innovations designed to enhance feature
representation, fusion, and contextual understanding specifically for small and dense objects. First, to bolster multi-scale feature extraction,
we redesign the detection head by incorporating a Four Adaptively Spatial Feature Fusion (Detect-FASFF) structure. This is augmented
with an additional P2 detection layer dedicated to capturing finer-grained spatial information crucial for identifying minuscule targets. The
FASFF mechanism leverages four adaptive branches to dynamically aggregate features across different scales, thereby significantly
improving the model's sensitivity and discriminative power for small objects across varying sizes.Second, we comprehensively optimize
the feature fusion pathway to counteract the information loss common in conventional sampling methods (e.g., up-sampling and down-
sampling). We introduce a Frequency-aware Feature Fusion (FreqFusion) module. This module operates by decomposing features into
different frequency components within the frequency domain, allowing for more deliberate and effective integration of high-frequency
details (essential for edge and texture information of small objects) and low-frequency semantics. This FreqFusion module is then elegantly
coupled with a Bidirectional Feature Pyramid Network (BiFPN) structure. The resulting fusion architecture enables efficient, multi-level
bidirectional cross-scale information flow, effectively mitigating the problems of feature obliteration, category misclassification, and
bounding box localization drift in scenes crowded with small objects.

Third, to enhance the model's ability to leverage surrounding semantic context—a vital clue when object appearance is ambiguous—we
integrate a Context Anchor Attention (CAA) mechanism into the C2PSA module. This attention mechanism functions by establishing
dynamic associations between anchor points and their contextual surroundings, enabling the feature extraction process to selectively focus
on and amplify informative regions around potential targets. This contextual awareness strengthens feature representation and aids in
distinguishing small objects from complex backgrounds.

Results and Discussions The efficacy of the proposed FFC-YOLO algorithm is rigorously validated through extensive experiments on
two benchmark datasets. On the public VisDrone2019 dataset, a standard benchmark for drone vision, FFC-YOLO achieves a mean
Average Precision (mAP@0.5) of 40.0%. This represents a substantial performance gain of 8.0%, 7.6%, and 7.8% over the widely-
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recognized YOLOv8n, YOLOv10n, and YOLOv11n baselines, respectively. To further verify its generalization capability and prowess in
detecting extremely small targets, we conducted additional experiments on a custom-built, challenging dataset named "tiny-data", which
contains three categories of progressively smaller persons ("sperson", "lperson", "wperson"). On this dataset, FFC-YOLO demonstrates
superior results compared to the strong YOLOv1 1n baseline, with improvements of 9.2% in mAP@0.5, 8.7% in Precision (P), and 5.9% in
Recall (R). These consistent gains across both public and private datasets robustly confirm that the FFC-YOLO algorithm possesses strong
generalization ability and excels in the demanding task of drone-based aerial image analysis, particularly for long-range and dense small
object detection.

Conclusions In conclusion, this paper presents a comprehensive and effective solution to the small object detection problem in aerial
imagery. By innovating at the levels of feature extraction (FASFF head), feature fusion (FreqFusion-BiFPN), and contextual modeling
(CAA attention), the FFC-YOLO framework successfully addresses key shortcomings of prior methods. The experimental evidence
underscores its potential for practical application in UAV-based surveillance, traffic monitoring, and search-and-rescue operations. For
future work, we plan to explore model compression techniques such as pruning and knowledge distillation to streamline the model for
efficient deployment on resource-constrained edge devices, thereby bridging the gap between high accuracy and real-time performance.

Keywords: FFC-YOLO; small target detection; UAV aerial image; FreqFusion; YOLOv11n
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