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Wild small object detection algorithm based on
improved YOLO11n

WANG Cen, WANG Caixia , LIU Peng

(School of Electronic and Information Engineering, Changchun University of Science and Technology,
Changchun 130022, China)

Abstract: To address the problems of small target scale, weak texture information, complex background
interference, and obvious bounding-box localization deviation in wild environments, an improved YOLO11n-
based algorithm for wild small object detection is proposed. First, an adaptive sub-pixel upsampling(ASU)
module is introduced to enhance feature fusion for small objects. Through sub-pixel rearrangement and
attention masks, ASU strengthens the representation of edge and texture details, thereby reducing the loss of
fine-grained information during upsampling. Second, a multi-scale saliency enhancement module (MultiSEM )
is introduced before the detection head. By using multi-scale dilated convolutions, the module extracts spatial
features under different receptive fields, and dual-pooling channel attention is further used to enhance the

response of small target regions while suppressing interference from complex backgrounds. Finally, a saliency-
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exponential Complete Intersection over Union loss function(SE-CIoU) is constructed for bounding-box
regression. By introducing a center-distance exponential penalty and occlusion-aware shape constraints,
SE-CloU strengthens the position and shape constraints between predicted boxes and ground-truth boxes,
thus improving the localization accuracy and stability of small object detection. Experimental results show
that, on the self-built WDD dataset, the improved algorithm achieves a precision of 88. 8% , a recall of
91.4%, and an mAP@0. 5 of 94. 0% , which are 0.6, 6.6, and 3.3 percentage points higher than those of
the YOLO11n baseline network algorithm, respectively. Generalization experiments on the iWildCam2022-
Small dataset show that the mAP@0. 5 reaches 64.5% , which is 3. 7 percentage points higher than that of
YOLO1In. The results indicate that the proposed algorithm can effectively enhance detail representation,
saliency response, and bounding-box localization ability for wild small objects while maintaining a lightweight
detection framework. Therefore, the improved YOLO11ln algorithm improves small object detection
accuracy in complex wild scenes and shows certain generalization ability.

Key words: wild small object; object detection; YOLO11n; subpixel upsampling; bounding box regression
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Tab.4 Detection results of each category on the WDD dataset
T YOLO11n i YOLO11n
P/% R/ AP@0.5/% P/% R/% AP@O0.5/%

Coyote 79.8 85.3 87.7 79.5 98.1 95.2
Deer 94.6 79.6 89.1 93.6 84.6 92.0
Hog 89.5 81.1 89.2 87.0 87.0 91.1
Rabbit 90. 2 90.9 97.6 100.0 94.3 99.5
Raccoon 86.8 87.3 89.8 83.9 92.8 92.0

*x5 FHERER
Tab.5 Comparison experiment results

R P/% R/ % mAP@O. 5/ % Params/M GFLOPs FPS
YOLOvS8n 89.2 84.8 91.4 2.9 8.1 200. 38
YOLO11n 88.2 84.8 90.7 2.5 6.4 149. 25
YOLO26n 84.3 82.6 89.1 2.3 5.2 154. 51
RT-DETR 89.0 82.5 87.7 19.2 58.3 73.6
Faster R-CNN 89.7 83.8 92.9 41.4 86.5 31.84
RetinaNet 88.8 81.4 91.7 32.3 97.1 48.92
Bt YOLO11n 88.8 91.4 94.0 2.8 7.1 103. 21

M2 5 A, Bk YOLO1In 8 3 /9 R Al
mAP@O. 543514 91. 4% 1 94. 0% , ¥ F HAlb
X AR SRR TR B B R R 2. 8M
7.1 GFLOPs, 54k F 4% 5 A5 AU 15 [l

Sy itk — 2 43 B A [l A AL A B Ah S A b e R
4 TP R, AR SC s RO Y AR XT L B R 2 H B
3WAE I Sl AT A Ak, &5 R 2 6 R .
6 11 AP@O. 5 /R B RLE X 1 & 24 1 5% 142
ARSI 25 R AP@O. 508 323 R 45 R
A . 2 6 T A AN B R 3 SR AR A Y

x6

AP@O. SRR T Z B 5, WY Hir 515
SCTE R BE RSP - 22 R 5 i) AR T 45 ) 52 )
FRTP. M T YOLO1In 3 28 8 A1 |, ok pf
YOLOlIn MY AKX L EMZ Hirm st T
AP@O. 5 ¥4 4 7t , LW P4 Iy L RE e e —
PR e 2475 5 T 1/ B bR RRAE 2 3K i E
i faE %, 5 Faster R-CNN f1 RetinaNet 45 JE
YOLO KB R A e, 2 YOLO1In £ 3 28 A4
s T W BUS T 58 v R I 25 5 0 T 4 Bk ko
52 7% B A1 3 S B U (R 3 NV RE T o
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Tab.6 Comparison experiment results of different models in complex scenarios

AP@0.5/%

o P 64T HL Lk THAP@D. 5%
YOLOv8n 85.8 83.9 90.0 86.6
YOLO11ln 85.4 83.5 89.7 86.2
YOLO26n 82.4 80.7 86.5 83.2
RT-DETR 82.0 80. 2 85.6 82.6

Faster R-CNN 88.6 85.9 90.7 88.4
RetinaNet 87.4 84.8 89.1 87.1
Mt YOLO11n 90.5 88.4 93.2 90.7
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Fig. 10 Visualization comparison of detection results for

different models in complex field scenarios
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Fig. 11 Some images in iWildCam2022-Small dataset
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Tab.7 Category distribution of the iWildCam2022-Small

dataset
el 'S PGB /5K
UngulateA NV B2 B ) 1010
UngulateB ORI 258 1009
. HAb R R
HerbivoreOthers o 972
ER e RIEY]
_ NI
CarnivoresSmallFauna . 1009
BRI SRS
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2 S hln, EE NG, 5 A
iWildCam2022-Small %4 #i& £ ) P R Fl mAP@
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Tab.8 1WildCam2022-Small dataset generalization experiment results

- YOLOI11n i YOLO11n
P/% R/Y% AP@0.5/ % P/% R/ Y% AP@0.5/ %
All 67.3 54.6 60.8 68.6 58.3 64.5
UngulateA 69.3 58.4 66.1 69.2 61.0 68.8
UngulateB 69.3 66.4 71.8 71.7 68.6 73.8
HerbivoreOthers 69.9 61.4 66.8 71.7 64.3 69.9
CarnivoresSmallFauna 60. 8 32.3 38.3 61.9 39.2 45.7
Params/M 2.5 2.8
GFLOPs 6.3 7.0
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Fig. 12 Visual comparison of generalization detection results on iWildCam2022-Small dataset
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