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YOLOV7-tiny-FCE 49.2 41.9 14.50 35.5 39.7 36.6
YOLOV7-tiny-SFCE 51.2 41.9 14.50 35.5 40.9 35.8

D)2 1 20 R R MR 1) S50, B YOLOV7—tiny 53
PR L8 BLAE Ry e g B R A M e =2, JLAE Vis-
drone202 1 HE4E 1 mAP N 37.2%.

2) 55 2 4 S 50 I A o A Y 1 TR R B
SiLU(YOLOvV7-tiny-S) , Z & A, 5 3L R A
o, mAP T 1 0.6%, fERfREETE T 1.7%, 4 [m 4%

THT 0.5%, K i FPS $& 71 4 Wit/s . BETURT 1) 2
THER 247 - 1 5, SILU B0 R B AT SRk 3k
FIREAIE A BE AL 4 , W LA By TSR A 5 g 2 )
AL AN AR TR 2 > B A RFAL ; HEUC, SILU S0 eR 85
G RO TSR AT BT R 2% B U S5 B L B PR A ik
SUPEREE APz AEPERE . IR, BERUAE 2 > S 2R
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LB fil e S A R, SR A DU PE R o RGN 3 ) 4
FHIR R 2R THRRCRE UGS, BRI W 2% S50
02 R BE A BT VAR B SILU BTG BRBCEL A Y
AR (o A5 AR 7 i B — 26 T A5 4R
o R ARG I S

3) 55 3 A3 NS 4 6 ISk i 255 (YOLOvV 7 -
tiny—F) , 5 5L fEA R AT H , mAP HETF T 0.7%, K i %
T T 2.3%, BEEERET T 1.0%,. SHE L ARG
T3 [ 188 S RGN o JEE B RAIG . FR PR mAP R R
A BRI T RE IS AN 8 5, B /N B
B Sk % 2 7R 2 I 45, T 2 D 265 1) 2 R A1 I
HA BRI PR FE 2 405 (5 5 35R TxINE
PRIGRAERE ST, A B A &s /N B bR 5 2Lk 5 44
65 0 Sk B A (o AR T80 B R R AR i b SCRRIEAS B
AT BE A b T /0N B 1 47 AN 5 A G AR
HES 4RI S 19 /)N H BRI 2 A RS TR T B 1Y)
FRIERL G LS, M ] AZ RGBS T L
B b I H AR RO AR A i v TR Y R
VNTiIE 753 A oalllk -8

4) 55 4 S0 R 7E A Sk £E B ConvMixer J2 (YO-
LOv7-tiny—C) , H mAP 2T+ T 0.6%, K i 2L T+ T
1.6%. mAP FIRS i % 1) $2 T+ & K 4 ConvMixer J& £
JEBH A WAL A I R T R ) A A A —
AL IR A B TR Ay gl AR R N B s
14 Jy FRAEAIE , 58 B H AR KN 55 . BHY FPS Y F%
IR A ConvMixer HH (14 4234 42 14 JRy R TE 7 T 4244
Forp iy A e A i S R B R TR A T
38 A B D N TEAL PR AR e i s K i H
B, 23 FRARASE AR () B

R T il % ConvMixer 2 XU/ B AR A AL HE
AE ST, 16 YOLOVT-tiny—F &l b3z p et f 15016
(B 6 2H 525 YOLOvV7—tiny—FC) , 55 6 £ 52 5 3¢ B
ConvMixer 22 571y H BRI JZ 2546 1A HLAELG XS /NH
o ARG 1 RE R T4 BH S, B R B A A 4G 0 S
HRA IR N H AR 1 fE

5) 55 5 21 S U i T A A A AR Sk (YOLOv7 -
tiny—C) , GHMERTUAE L, i mAP$2 T T 1.1%, K e
RILTHT 1.7%. F 8500 A S BRI T TR A ) i
SAE AR B 1] U9 A3 2645 8, 5 A, TR A 38 1 SR w1k
TIRE 0% (7 9 2 T3 L A [ RUBE T AR A% B 4041 i B
b, NI4T T mAP S48 bR . SR s K fg
J& T YOLOV7 -tiny AOFEG R Sk | o 5 il Sk
W 5328 5 1 43 SHEA T IRRE K 5 28 RN 55 Bl
AT, SRS BRI ; PLAh RS J% B T R
T SO B A (EAREES 4 21 5258 v 1 AR
Z R FLOPs SR I B AN — 7 1 AH G

6) AR 2 20 255 10 4114 Ml S 56 K B, 0 vy A1 i
Sk A9 5 A SXoF 35 o R TR ARG T R ) 4R T A R W
mAP 2 TF T 1.1%, 5 &R YOLOVT7 -tiny —
SFCEAH L , 25 4 4> /IN HFRASI Sk 1 B X AS 4 R 1)
SRR A A, RIS BE AR T 2.4%,

3.5 FPtbitEe

T B R AR ORI AT RO BEHCT MSA-
YOLO"  vC-YOLO™ DSM-YOLOv5!" "4 % Fh ¢
AU EIG B FR R 5 i 330305 5 4% SCe ik 3 7
Visdrone2021 I3 4E b #4746 I M BE 45 A 19 % LE 43
Br, g5 R R 3 Wi, £ 3 W, awn-tri /R awning-

tricycle,

®3 ANEAESREBREN T REFEFRXTILL

Tab.3 Comparison of the detection performance indicators between the proposed algorithm and advanced algorithms

P, /%

*ﬁﬂ R . . . PmA/%
pedestrian people bicycle car van truck tricycle  awn-tri  bus motor

vCc-YoLo™ 315 26.2 5.44 720 313 19.2 15.7 760 414 33.9 28.4
BLUR-YOLO!" 25.2 3.4 6.29 654 319 409 11.7 8.13  47.1 185 25.9
MSA-YOLO! 334 17.3 11.20 768 415 414 14.8 18.40  60.9 31.0 34.7
DMNet!'® 28.5 20.4 15.90 568 379  30.1 226 14.00  47.1 29.2 30.3
DroneEye2020"" 35.7 18.3 14.00 565 429 376 35.4 2590 504 289 34.6
Cascade R-CNN7 222 14.8 7.60 546 315 216 14.8 8.60 349 21.4 232
YOLOVS5s 35.8 30.5 10.10 650 315 295 20.6 11.10  41.0 354 31.1
YOLOv3-LITE™ 345 23.4 7.90 708 313 219 15.2 6.20 409 32.7 28.5
SDS-YOLO™ 46.7 35.4 14.40 82.0  45.1 35.8 26.5 1270 543 474 40.0
CenterNet™” 226 20.6 14.60 59.7 240 213 20.1 1740 379 23.7 26.2
DSM-YOLOvs!" 2.6 32.7 11.90 793 413 356 214 11.00  49.7 42.0 36.8
AR 49.0 41.4 13.90 82.4 42.4 35.6 26.1 13.90 529 51.0 40.9
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Fig.7 Detection effect of improved algorithm in different scenarios
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Fig.8 Comparison of detection effects
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Small Target Detection Algorithm for UAV Aerial Images Based on Improved YOLOvV7-tiny
ZHANG Guanghua', LI Congfa'”, LI Gangying', LU Weidang®

(1.School of Electrical and Information Engineering, Northeast Petroleum University, Daqing 163318, China;
2.College of Information Engineering, Zhejiang University of Technology, Hangzhou 310014, China)
Abstract:

Objective UAVs provide advantages such as easy control, low cost, and good performance, and efficiently perform tasks in diverse sites and com-
plex environments. UAV aerial image target detection is widely applied in practical scenarios, including urban transportation, military reconnais-
sance, and smart agriculture. This study proposes a small target detection algorithm for UAV aerial images using a ConvMixer detection head
based on the improved YOLOvV7~tiny to address the problems of missed detection and false detection caused by significant variations in target
scale, densely distributed small-sized targets and complex backgrounds in UAV aerial images.

Methods First, the activation function LeakyReLU is replaced with SiLU to compensate for the limited nonlinear expression of LeakyReLU and
to enhance convergence speed and model generalization during training. Second, to strengthen the feature extraction capability for multi-scale tar-
gets and improve the detection of small targets, a small-target detection layer is designed, leading to a tiny-target detection head that increases the
model receptive field and better addresses the scale variance problem caused by drastic target size changes. In addition, the ConvMixer layer is in-
tegrated into the prediction head; the depthwise and pointwise convolutions in ConvMixer capture the spatial and channel relationships in the fea-
ture information, improving the processing capability for small targets. Finally, the coupled detection head of YOLOv7-tiny is replaced with a
more efficient decoupled head, which separates feature channels for localization and classification tasks and enhances both classification and lo-
calization accuracy. Regarding experiments, ablation experiments are designed from two directions to comprehensively verify the effectiveness of
each improvement. Comparative experiments are also conducted to assess and analyze the detection performance of the improved algorithm
against other algorithms.

Results and Discussions This study mainly addresses the following aspects: 1) The network structure of the improved algorithm is proposed, and
the principles and components of each improvement are introduced. Based on the YOLOv7-tiny network, the LeakyReLU activation function in
the convolution block CBL is replaced by the SiLU activation function. A small target detection layer is introduced at the neck of the network,
and a prediction head is incorporated. Several ConvMixer layers are also integrated into the end of the backbone network and the detection head.
Finally, the efficient decoupled head structure is adopted for target prediction. All these enhancements to the baseline form the improved YOLOv7-
tiny algorithm network structure. 2) Ablation experiments are designed to verify the effectiveness of each modification. This includes, firstly, add-
ing a single improved module to the original YOLOv7-tiny algorithm to observe its impact and, secondly, removing individual modules from the
final improved YOLOv7-tiny—SFCE model to evaluate their effect. Ten sets of ablation experiments are conducted under identical conditions. Re-
sults indicate that introducing the efficient decoupled head leads to the most significant accuracy improvement, increasing mAP by 1.1%. Remov-
ing the fourth small target detection head results in the most obvious performance degradation, reducing detection accuracy by 2.4%. 3) Compara-
tive experiments are conducted to verify the comprehensive performance of the improved algorithm. More than ten recently proposed advanced
algorithms are selected for comparison in terms of AP and mAP values across ten target categories. Results show that the proposed algorithm
achieves the highest mAP value of 40.9% and performs best in detecting the categories pedestrian, people, car, and motor. Among these, the pe-
destrian, people, and motor categories show especially strong detection performance. 4) The detection performance of the improved algorithm is

verified in real-world scenarios through comparative analysis. Detection results are demonstrated in various conditions, including sparse and
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dense distributions and day and night scenarios. Five images featuring dense targets, minimal targets, dark scenes, occluded targets, and complex
backgrounds are randomly selected from the Visdrone2021 test challenge set to evaluate detection performance in UAV aerial images. Compara-
tive visual detection results with the baseline YOLOv7-tiny show that the proposed algorithm significantly improves the identification of multi-
scale small targets and reduces both missed and false detections.

Conclusions This study mainly addresses and improves the issues of missed and false detections caused by large-scale variations, dense small tar-
get distributions, and complex backgrounds in UAV aerial images. Key contributions include enhancing the model’ s feature extraction capabili-
ties, providing more accurate localization and classification, and improving small target detection. However, limitations remain: 1) Some missed
detections still occur for small targets with minimal pixel information and insufficient features to distinguish them from the background. 2) A bal-
ance between detection accuracy and real-time performance has not yet been achieved. The model’s parameter count and computational complex-
ity require reduction. Future research will focus on further improving the detection of very small targets and optimizing the model for lightweight
applications.

Key words: UAV aerial images; small target detection; SiLU; ConvMixer; efficient decoupled head
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