E-mail: jig@aircas.ac.cn EPEI%%H???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O HEERERFRIRIFE

FEESHES TP391.41; TH74  XHEFRIRAD: A XEHS: 1006-8961(2026)10-3653-18

WXEI AR :Wul, Cai GZ, Chu HX, Xu G, Zhao X M and Yin H. 2026. Small-object detection network for wide-field surveillance video: SOD-
YOLO. Journal of Image and Graphics, 31(10):3653-3670( %%, £57 5%, ZERET, 1N, XM, FHE. 2026, HI TR MO /N H bR
K25 SOD-YOLO. [ R IE244, 31(10):3653-3670) [ DOT: 10. 11834/jig. 250491 ]

BF XMz =M imey /s B x40 M 2 SOD-YOLO

2 2 = /, == = 1*
REV R ARG AL BT FE
1 FEMCE TR 7 T RS AShb#Be Ak 5410045 2. T PGRFERE, M T 5300005
3. PRELAA AL TH RRCE SR FEAR 541004

 OE: BE SRR MU TN B BRI AR AR O RE AR Bl ARIE RS 5 R HE SRR B — R TR
W3 WP A4 /)N B BRI 2% SOD-Y OLO (small object detection-you only look once) . 73 %A EMN 3 Z M &R
Gk AT Rt - 1) $2 H 45 A SAM2 (segment anything model 2 )18 X 48 555 UE HE 3004005 B2 14 HE 52 @l A A AN A= A0SR s
DI AR 3R BOK B 8 S B A T A 5 2) e T B 9031 25 70 T A L 22 RO SRR AIE il B B L2 B vl A 2 T AR AIE B SR AL
il LA AT G INRRAE A S8 55 43 BERE 77 5 3) 2R I g Sk 45 44 JF- 8187 o-CloU (alpha-complete intersection over
union) B BREL, AL AK/N EFR L FAE R MUAREE . G5 FE 8RR T Hh ol A I R 55 X B R 2 el 34 B 5 B it
BARAR LS Ie 45 3R W], SOD-YOLO BYZR-G M RE 1 3 00 T 510 2 A A, 78 d 50 T i3 s iU 3 AP75(13.5%)
55 AP50s(53. 9%) ; FE A IR 55 X 37 BE AR AR e A AP (42. 6% ) 5 AP75(29. 5% ) 5 JUHAER LBk A9 oA bl 7 35t
UNEAREE S 29 0. 007 5%) , H AP AP75 5 APS0s S FLAERL AL YOLOVT 43 2 T+ T 4. 9% . 2. 5% 5 5. 0%,
it AR PR MRS U /s B AR ] R T — B A H TR AR T &

SEFEF MU s BRI ZE 45 (CNN) 5/ ERRAGIN 5 /1N A s A 8 o7 5 BEAR 3 )

Small-object detection network for wide-field surveillance video:
SOD-YOLO

Wu Jun'?, Cai Guangzhen', Chu Hexuan', Xu Gang', Zhao Xuemei'”®, Yin Heng'"

1. School of Electronic Engineering and Automation , Guilin University of Electronic Technology , Guilin 541004, China;
2. Guangxi Academy of Sciences, Nanning 530000, China; 3. Key Laboratory of Intelligent Integrated Automation ,
Guangxi Higher Education Institutions , Guilin -~ 541004, China

Abstract: Objective Small-object detection in large-field-of-view (FOV) surveillance videos remains a persistent chal-
lenge in real-world applications such as construction-site safety monitoring, traffic supervision in highway service areas,
and public-space management on university campuses. Compared with conventional close-range datasets, targets in large-
FOV imagery are often extremely small and are heavily affected by background clutter, illumination variation, compression
noise, motion blur, and frequent occlusion. Therefore, detectors trained on generic benchmarks typically face three inter-

twined bottlenecks: 1) scarce and costly annotations for tiny objects across diverse surveillance scenes; 2) weak and
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ambiguous visual features caused by limited pixel coverage and low signal-to-noise ratio, which makes tiny targets difficult
to distinguish from the background; and 3) inaccurate localization, where even a deviation of a few pixels can substantially
reduce intersection over union (IoU) , thereby harming high-precision metrics and downstream tracking or analysis. To
address these issues in a unified manner, this study proposes SOD-YOLO, a small-object-oriented detector designed for
low-resolution, large-FOV surveillance videos. The primary goal is to enhance supervision signals, strengthen tiny-feature
representation, and improve high-precision localization simultaneously, thereby delivering reliable performance under prac-
tical surveillance constraints. Method SOD-YOLO follows a data-feature-localization co-design philosophy and introduces
improvements in three aspects. 1) Virtual-real fusion sample generation. To alleviate the scarcity of real annotations and
increase the diversity of tiny-object appearances and backgrounds, we propose a cost-effective data-generation strategy that
combines SAM2 (segment anything model v2) semantic guidance with unreal engine (UE) virtual simulation. SAM2 is
used to obtain fine-grained object masks and semantic cues, enabling high-quality object cutout, composition, and accu-
rate label transfer for small objects. UE is used to generate controllable virtual surveillance scenes with precise ground-
truth annotations, in which camera viewpoints, object-scale distributions, lighting conditions, and scene layouts are config-
ured to mimic real surveillance patterns. These synthetic data are mixed with real samples to expand the training distribu-
tion, improving robustness to background variation and rare target configurations while keeping labeling costs manageable.
2) Tiny-object feature enhancement. Because tiny targets provide weak cues that are easily overwhelmed in large-FOV
frames, we design a feature-enhancement mechanism with three components. First, video differential preprocessing explic-
itly highlights subtle foreground changes and suppresses irrelevant static textures. Second, strengthened multi-scale feature
fusion better integrates fine-grained spatial detail from shallow layers with semantic context from deeper layers, allowing the
network to preserve small-object signals while retaining discriminative context. Third, bilevel routing attention (BRA) is
incorporated to allocate attention adaptively to informative regions and improve the model’ s ability to perceive and distin-
guish tiny targets under clutter and occlusion. 3) Localization-oriented optimization. To address the strong localization sen-
sitivity of small objects, SOD-YOLO adopts a decoupled head that separates classification and regression learning, reduc-
ing task conflict and stabilizing optimization when supervision is weak. In addition, we propose an a-CloU loss to improve
regression precision and encourage better alignment at higher loU thresholds, directly targeting the common failure mode of
loose or shifted bounding boxes for tiny objects. Collectively, these designs form an end-to-end detector that improves learn-
ing from limited data, enhances tiny-feature representation, and refines bounding-box regression. Result Extensive experi-
ments were conducted on three real-scene large-FOV surveillance datasets: construction site, highway service area, and
university campus, covering multi-category detection of pedestrians, e-bikes, cars, trucks, and buses, as well as
extremely small targets under complex backgrounds. Evaluation followed COCO-style metrics, with particular emphasis on
high-loU and small-object performance. On the construction-site dataset, SOD-YOLO achieved the best localization-
sensitive performance, with an AP75 of 13. 5% and an AP50s of 53. 9%, indicating superior high-precision bounding-box
regression and sensitivity to small targets in cluttered scenes. On the highway service-area dataset, which is characterized
by dense traffic and large intra-class variation, SOD-YOLO reached the best overall AP of 42. 6% and an AP75 of 29. 5%,
demonstrating robust general performance and high-loU accuracy under complex multi-class conditions. On the especially
challenging university-campus dataset, where the smallest objects may occupy only about 0. 007 5% of image pixels and
minor offsets severely degrade loU, SOD-YOLO clearly outperformed the YOLOv7 baseline, improving AP, AP75, and
AP50s by approximately 4. 9%, 2.5%, and 5.0%, respectively. To further verify generalization, we evaluated SOD-
YOLO on the public VT-TOD visible benchmark under the official split. The model achieved leading performance, with a
precision of 61.4%, an AP50:95 of 52.3%, an APs of 63.5%, and an APm of 58. 2%, outperforming representative
methods such as QueryDet, YOLOC, and Drone-YOLO. Ablation studies confirmed that every proposed component con-
tributes positively: differential preprocessing produced the most notable gain by enhancing foreground saliency ; multi-scale
fusion and BRA provided additional gains by strengthening discriminative representations ; and the decoupled head together
with a-CloU consistently improved high-loU localization quality. Experiments on virtual-real mixing ratios showed that a
balanced fusion strategy best exploits synthetic diversity while preserving realism, whereas overreliance on synthetic data

can reduce generalization because of domain gaps. Conclusion This study proposes SOD-YOLO as an effective and reliable
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solution for small-object detection in low-resolution, large-FOV surveillance videos. By integrating virtual-real fusion data

generation, tiny-feature enhancement, and localization-oriented optimization, SOD-YOLO improves both robustness and

precision across diverse real surveillance scenarios and a public benchmark , particularly under high-loU and small-object

settings. The proposed framework provides a practical pathway toward deploying accurate small-object detectors in real

monitoring systems where annotation scarcity, weak features, and localization sensitivity are critical constraints.

Key words: video surveillance; convolutional neural network (CNN) ; small object detection; small object bounding-box

localization ; sample augmentation
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Fig. 4 Diagram of SOD-YOLO decoupled head ((a) coupled head structure; (b) decoupled head structure)
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Fig. 5 Generation pipeline of small object samples in static

images through copy-and-paste technique guided by semantic

segmentation model SAM2

Fig. 6 Diagram of generating small target samples for dynamic

videos using UE virtual character assets
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Table 1 Comparative experimental results of
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Table 2 Comparative experimental results of highway
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Fig. 7 The inference results of different network models
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Table 4 Performance comparison of small object detec-
tion on the VT-TOD public dataset
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Fig. 8 Visualization results of small object detection on the VT-TOD dataset
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Table 5 Ablation experiment
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M H2  WEHHBEZE NG SRERERE o-CloUfKmit  ZL5WH AP AP50 AP75  APs
_ - - - - 337 69.6 219 36.1
J - - - - 374 703 244 408
_ J - - - 36.8 713 226 402
_ - N - - 351 711 232 389
_ - - v - 345 708 247 378
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J J - - - 37.9 705 246 40.6
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Fig. 9 Heat map of object detection in college campus scene under different module combinations ((a) original image; (b) YOLOv7

heat map; (c) heat map of video pre-differential and routing attention mechanism; (d) heat map of multi-scale feature fusion module ;

(e) heat map of multi-scale feature fusion,a-CloU loss, and decoupled head; (f) heat map of all the modules )
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Table 7 Experimental results on model performance
under a constant training data volume with gradually

reduced real data proportion
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FHECRI Fig. 11 Visualization of network inference results before and
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Fig. 12 Visualization of network inference results before and

after adding UE synthetic data in the construction site scenario
((a) ground truth; (b) inference without synthetic data;

(¢) inference with synthetic data)
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