Computer Science and Application - EHIF}E5 R A, 2026, 16(8), 220-230 Hans X
Published Online August 2026 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2026.168276

BT B8R Yolov12B9fRIA /N HARR M E X

255, TWH, TER, Blg
HROCH S 5 N TR e BE, HIR

Weks . 202647 H16H; FHEM: 202648 18H; KA H: 20264F8H25H

H E

TP B E ZRT M B RRESE AT RTIN. RS EEFSHEIIHE, MR
RS LR HREERENR S RHEERRH SBMELHR. A, RCRHE—FETFYOLOVI2ZHIK
HEDGA-YOLOAR R, H4k, WilERIRHMER AR, SINRER/MESBEILH], BIRFP163EE %K
EREE R, FREYDERESRHER TR RE. Hk, REZES| SHHEEE, FIRARESRER
HEXEHZYHNZERE, DURERNF RS ERE REFIEERBE . 85, 5INTEREMFEIK
MPDIoUR KRS, il A SEEET RS ENER, SHEFHTEERA/DERGFAERTRE.
23R, DGA-YOLOTERRFRIESHESIHHEEN N, 5/ Hirbicycle. motorcyclef & 47
F2.6%- 2.0%. TE{N4 GBEFRIAIFEBININES L, REEEHE X146 FPSEKEHE L EHREE,
FEAIAIE T HAE R SEBHR 5 R T 1T .

XA
TANE, A BAER, YOLOV12, ZRERMRE, LEHE

Aerial Small Object Detection via
Improved YOLOv12

Xixi Qin, Junhui Dong, Fugiang Ding, Xiaowei Xue*

School of Mathematics and Artificial Intelligence, Chongging University of Arts and Sciences, Chongqging

Received: July 16, 2026; accepted: August 18, 2026; published: August 25, 2026

Abstract

Aerial drone-based object detection is often constrained by the small scale of targets and complex
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background interference. Onboard edge devices have strict limitations in memory and computa-
tional power, making it difficult to balance accuracy and real-time performance; furthermore, de-
ploying models in half-precision (FP16) frequently leads to network failure due to numerical over-
flow. To address these challenges, this paper proposes an improved DGA-YOLO model based on
YOLOv12. First, we design an attention-based feature fusion module incorporating a safe minimum
value and truncation mechanism to resolve numerical instability issues during FP16 inference, en-
suring smooth extraction of high-frequency features for tiny objects. Second, we introduce a dy-
namic guided concatenation module that leverages fast spatial attention and zero-initialized resid-
ual blocks without reordering, enabling efficient multi-scale feature fusion with minimal memory
access overhead. Finally, we propose a gradient-free suppression MPDIoU loss function, which mit-
igates gradient vanishing through corner distance penalties, significantly improving bounding box
regression accuracy for small objects at zero inference cost. Experiments show that DGA-YOLO
achieves improvements of 2.6% and 2.0% in precision for challenging small targets—bicycles and
motorcycles—while maintaining extremely low parameter and computational complexity. On en-
try-level mobile devices with only 4 GB GPU memory, the model reaches 46 FPS in FP16 inference
with no significant loss in accuracy, fully demonstrating its feasibility as a real-time detection solu-
tion.
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Figure 1. Structure diagram of the YOLOv12 model
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Figure 2. DGA-YOLO model structure diagram
2. DGA-YOLO #8451
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Figure 3. Attention feature fusion module structure diagram
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Figure 4. Dynamic guidance concatenation module structure diagram
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Table 1. Parameter settings

#=1. SHIRE

Parameter Value
epochs 200
batch 16
imgsz 640

workers 16
optimizer AdamW
Lr0 0.001
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SR WP Fe bR 36 1 B2 Ry DA 88 BE 2 (E mAPS0 A1 mAP50-95. APk & I st
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Table 2. Ablation experiments
2 2. JHELSCLE

Model Params/M GFLOPs R/% mAP50/% mAP50-95/% FPS/#il
FEA AT 9.23 21.2 0.452 0.457 0.265 109.9
+A 9.23 212 0.454 0.461 0.267 151.5
+A+C 9.23 212 0.474 0.467 0.271 144.9
+B+C 9.23 212 0.459 0.464 0.270 142.9
+A+B 9.23 212 0.461 0.467 0.272 138.9
+A+B+C 9.23 21.2 0.459 0.471 0.271 140.8

%2 RW, FUCHRRSIERE e R Ak T IR AERER 25, b A fR3F A-MFF Bk, B /0%
D-Concat f5H, C fRFREHILRE TERLHB g X A-MFF #HUS, B mAPS0 H 0.457
NIEFRTEZE 0.461. JoHAEARRIERE, ESHENTEEYMRF AT RIRTIRT, HEREDIZEM 109.9 FPS
WEEBRTE R 151.5FPS. IX—45 AR, A-MFF SEUE G SRR SR B RE T IR, A 2804k 1 A1 ml 4
TR . i — B A 5]\ D-Concat LS SO R EUS , BLARHE R MRS 1 11 V& 45 142.9 FPS,
(BRSNS BE R B4 T, H IR R IAF] 0.459, mAPS0 IA%] 0.464. 4, ¥ A-MFF. D-Concat 5t
KR EDURMS AT LRGN, i@ MBI e 8 78 b & O AR 3 . IR TR, TEMRFFS %
AR E CEMEK” RTIR T, REHEAK mAPS0 5 mAPS0-95 3R T E 0.471 5 0.271, HAEREHE
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Table 3. The mAPS50 of each target category
% 3. £ B#HREAIE mAPS0

Model bicycle/% bus/% car/% motorcycle/% person/% truck/%
YOLOv12s 0.119 0.599 0.721 0.406 0.412 0.436
DGA-YOLO 0.145 0.620 0.729 0.426 0.418 0.490

SEAh, %3 W BUE SO R SR S AME 4R 2 800 XIS T R B AR A IR FE . G E
X AT AR HME FE ORISR E bR B S TR bR, St Sems Fe L HH 1 SE AR HE 1) 5 6 5 IR A e 77 -
bicycle HIRIIIAEEE A 0.119 KIEHETFZE 0.145, motorcycle M 0.406 25 ZE 0.426, bus 5 car FIKE IR
ARElK. XRW, RCIRBNEGE ST R A SAHImE R E RS ST, RESGE T
Xof PR s PR R A i)
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M 4FTLLEH, 5 YOLOv8s. YOLOv11s PLAFEZERER! YOLOVI2s ffxf b, ARSI DGA-
YOLO #ER FR g B E I REAL 25 . ERIFEMRTF 9.23 Z2HEM 212 HHEMHIIR T, DGA-YOLO [#)
mAPS0 $2F+ % 0.471, #KIEIA 1.4%, mAP50-95 iAF] 0.271, H[FEIZ R FELL 0.459 [ STHE 4=
o BEONEERE, BT MEEMRE T ERIL, DGA-YOLO MERIAT Rl 7 3 LM i+ 500
B, B HEFR M IR A 140.8. 48 EFTIR, DGA-YOLO A# K 5] NATAI AN 174 5t 5P 4,
FERT ARG FE S HEBR AR RISl 1 BT, £ “BEi. SR, S t” =8 2 Ak 1 AR
1)1

Table 4. Controlled experiment
4. LK

Model Params/M GFLOPs R/% mAP50/% mAP50-95/% FPS/#i
YOLOVSs 11.13 28.4 0.445 0.449 0.260 196.1
YOLOvlls 9.42 213 0.449 0.453 0.258 149.3
YOLOvI12s 9.23 21.2 0.452 0.457 0.265 109.9
DGA-YOLO 9.23 21.2 0.459 0.471 0.271 140.8
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YOLOv12s

Figure 5. Street scene viewed from a low-altitude perspective
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Figure 6. The crossroads viewed from an elevated perspective
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Figure 7. Normalized confusion matrix
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