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Adaptive slicing-assisted enhanced method for small object detection
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Abstract: Objective Object detection has attracted considerable attention because of its wide application in various fields.
In recent years, the progress of deep learning technology has facilitated the development of object detection algorithms com-
bined with deep convolutional neural networks. In natural scenes, traditional object detectors have achieved excellent

results. However, current object detection algorithms still encounter difficulties in small object detection. The reason is
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that most aerial images refer to complex high-resolution scenes, and some common problems, such as high density, unfixed
shooting angle, small size, and high variability of targets, have introduced great challenges to existing object detection
methods. Thus, small object detection has emerged as a key area in the field of object detection research. lts broad applica-
tions mainly include identification of early small lesions and masses in medical imaging, remote sensing exploration in mili-
tary operations, and location analysis of small defects in industrial production. Some researchers have obtained high-
resolution image features through multiple up-sampling operations, while another set of approaches effectively deals with
problems such as high intensity by adding a penalty item in the post-processing stage. Among them, one excellent work is
the use of slicing strategy, which slices the image into smaller image blocks to enlarge the receptive field. However, the
existing slicing-based methods involve redundant computation that increases the calculation cost and reduces the detection
speed. Method Therefore, a new adaptive slicing method, which is called adaptive slicing-aided hyper inference
(ASAHI), is proposed in this study. This approach focuses on the number of slices rather than the traditional slice size.
The approach can adaptively adjust the number of slices according to the image resolution to reduce the performance loss
caused by redundant calculation. Specifically, in the inference stage, the work first divides the input image into 6 or 12
overlapping patches using the ASAHI algorithm. Then, it interpolates each image patch to maintain the aspect ratio. Next,
considering the obvious defects of the slicing strategy in detecting large objects, this method separately performs forward
computation on the sliced image patches and the complete input image. Finally, the post-processing stage integrates a
faster and efficient Cluster-NMS method and DIoU penalty term to improve accuracy and detection speed in high-density
scenes. This method, which is called Cluster-DIoU-NMS(CDN) , merges the ASAHI inference and full-image inference
results and resizes them back to the original image size. Correspondingly, the dataset constructed in the training stage also
includes slice image blocks to support the ASAHI inference. The dataset of slicing images and the pre-training dataset of
the entire images together constitute the fine-tuning dataset for the training of this work. Notably, the slicing method used
in the fine-tuning dataset can be either the ASAHI algorithm or the conventional sliding window method. In the ASAHI slic-
ing process, this method sets a distinction threshold to control the number of slices . If the length or width of the image
exceeds this threshold, then the image will be cut into total 12 slices; otherwise, it will be cut into total 6 slices. Thereaf-
ter, the width and height of the slice block are calculated according to the value of , and the coordinate position of the slice
is determined. After the abovementioned calculation, the ASAHI algorithm realizes the adaptive adjustment of slice size
within a limited range by controlling the number of slices. Result Broad experiments demonstrate that ASAHI exhibits com-
petitive performance on the VisDrone and xView datasets. The results show that the proposed method achieves the highest
mAP50 scores (45. 6% and 22. 7%) and fast inference speeds (4. 88 images per second and 3. 58 images per second) on
both datasets. In addition, the mAP and mAP75 increase by 1. 7% and 1. 1%, respectively, on the VisDrone2019-DET-
test dataset. Meanwhile, the mAP and mAP75 improve by 1. 43% and 0. 9%, respectively, on the xView test set. On the
VisDrone2019-dt-val dataset, the mAP50 of the experiment exceeds 56. 8%. Compared with state of the art, the proposed
method achieves the highest mAP (36.0%), mAP75 (28.2%), and mAP50 (56.8%) values, with a highest processing
speed of 5. 26 images per second, which suggests a better balance performance. Conclusion The proposed algorithm can
effectively handle complex factors, such as high density, different shooting angles, and high variability, in high-resolution
scenes. It can also achieve high-quality detection of small objects.

Key words: object detection; small object detection; sliced inference; VisDrone; xView
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Fig. 1 Inference results from different approaches
((a) YOLOv5; (b) TPH-YOLOVS;
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Fig. 3  The architecture of TPH-YOLOvS5 (Zhu et al. , 2021) with slight changes made for this study
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Fig. 4 FI and ASAHI assisted inference processes
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Fig. 5 Diagram of reducing redundant computation in SAHI
(Akyon et al. , 2022)
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Table 1 Proportion of reducing the redundant calculation
that ASHI made at different resolutions compared with
SAHI(AKkyon et al. ,2022)

BRI BB R A TUATT S LU Bl /%
960 x 540 38.72
1360 x 765 2.56
1400 x 1 050 25.61
1920 x 1080 25.92
2000 x 1 500 24.13
2913 %2428 6.99

2.4 BiEMYIR#E
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SEAE A LAY SRR AE T U B B g 2 20 i T 1
Tt AR E BANTT, W > VIR He i o7 B A5 B4,
PRI T AN 52 M AS R 3
2.5 Cluster-DIoU-NMS(CDN)
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TN 5 Yl
HNGAC g @ ? P
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\J
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Fig. 6 Flowchart of SAF which sets up the fine-tuning dataset

H T Cluster-NMS (Zheng &5 2020) 14 25 4 DL 1 4G
M 3 DIoUACE oU E BRI R ES R T
(A1 BE

1) DIoU-NMS (Zheng 45 , 2020) . 7£ & % NMS
(BodlaZ§:,2017) ¥, ToU JEME—H JEIG R R . 4R
W, 7 SEBR I, S A A 2 1] 09 R B AR /N
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2 PR 1 FUAE Y S TR AR R G S A B R TN
BAEG N ToU, H 2% B & X, 208 T O,
J T P AN A, DIoU-NMS(Zheng %5 ,2020) 44 7%
AT HE R 25 2 R A B B AR R ARSI, An SRS
HEZ B8] ) ToU HAsE R, ol 22 () AR B 5 e se /0N, DA
k5 HE & B ) R, AN 29t g 45, 7E DIoU
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Fig. 7 Cluster-DIoU-NMS (CDN) algorithm flow
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(4,612, 15 S H— ) ok T S aF i vERe  (HIE &
U0 Fr ROT 74 BEAN [8) 53 3% 23 04 IR N3 i i TR
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xR2

AR SCHE 9 ASAHT [ 35 W U R 5 35 76 A Ba 4
AR T % 5 9 mAPS0 4388 (45. 6% 122, 7%)
VTR fr F L B (4. 88 WMi/s F113. 58 Wi/s) o X F K
RO B G 53 B3R, ASAHT R 1 i V) 7 B &
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(mAPS0_s 52 15543 33. 8% £ 17. 3%)  H 45 K /Ny A
(mAP50_m 5% &5 73 59. 7% 1 25.6%) . X T K ¥
A, ) R B o 4 B3RS i B PEBE (mAPS0_L
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3.81E/s) . A, 1E mAP FlmAP75 #6545 b, AR SCH
et BUAS A i 445 B - 7E VisDrone2019-DET-test 2% 45
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Table 2 Test results on VisDrone2019-DET-test dataset

1%

7k P 2 (/s ) mAP mAP75 mAP50 mAP50_s mAP50_m  mAP50_1
ASAHI (4 9] F) 5.19 23.9 17.1 38.7 24.9 56.5 68.8
ASAHI (6 M1 5) 4.98 28.5 22.0 41.6 28.8 58.5 65.3
ASAHI (1241 /) 2.98 29.3 22.8 41.9 30.5 56.4 64.3
ASAHI (1581 /) 2.39 27.2 21.3 40.9 29.9 55.1 62.9
SAHI (51214 %) 3.69 28.7 24.1 4.2 29.8 58.5 65.6
ASAHT (HiER; )  4.88(T1.19)  304(T1.7) 252(11.1) 456(134) 338(740) 59.7(71.2) 60.7
TE M AR RIR &AL LG R, T R 5 SAHIS 1218 3) L4 Tt
#3 TExView ik &E MR ER
Table 3 Test results on xView dataset
1%
7k R B/ (/s ) mAP mAP75 mAP50 mAP50_s mAP50_m  mAP50_1
ASAHI (49) 1) 3.80 13.2 7.5 18.4 11.7 22.6 20.0
ASAHI (6 Y] /) 2.78 17.3 12.0 21.3 15.3 23.1 18.2
ASAHI (1281 1) 1.13 16.2 12.4 21.9 16.5 23.5 17.9
ASAHI (1581 /) 1.09 15.3 10.8 20.6 14.8 20.7 16.8
SAHI (51214 %) 2.56 16.07 11.5 20.4 14.9 23.5 17.6
ASAHI (H3&ER7)  3.58(11.02)  17.5(11.43) 124(109) 22.7(123) 17.3(7124) 25.6(12.1) 152

T RIS R A N R4 2R, T 3RS SAHI(S 12485 A1 L4 Tt

P AT S 5 T AR SCBE Y 25 k4 O [6] 358 43 7
VisDrone2019-DET-val Fil xView % IE£E X} mAP {4
ey % e , Horp, TPH 2 7K backbone 4% f4 THP-

YOLOvS5(Zhu%5,2021) , FI /R 2 K HEFE , ASAHT 3£
R SCHY A IS N YIRS B HERE, PO BRI IR oA
BRI, SAF F/m X K 38 U1 45, CDN Ry s Ab
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Table 4 The importance of each proposed component validated on VisDrone2019-DET-val dataset

/%

i mAP mAP75 mAP50 mAP50_s  mAPS0_m  mAP50_l
TPH+FI 15.7 10.6 342 21.4 53.3 74.4
TPH+ASAHI 34.1 249 54.4 46.6 66.1 58.9
TPH+ASAHI+FI 34.1 25.3 55.5 46.7 68.1 76.5
TPH+ASAHI+FI+PO 343 259 55.5 46.8 68.6 77.6
TPH+ASAHI+FI+PO+SAF+CDN 36.0 28.2 56.8 48.5 69.6 72.9

E R TR R % 5 e LA 2R
x5 TExViewliEE FWIFSMEGNEE S
Table 5 The importance of each proposed component validated on xView dataset

1%

A mAP mAP75 mAP50 mAP50_s mAP50_m mAP50_1
TPH+FI 13.2 7.4 14.8 9.4 16.3 12.3
TPH+ASAHI 19.9 12.3 24.4 18.6 27.7 15.2
TPH+ASAHI+FI 20.3 12.6 24.4 18.8 28.3 18.5
TPH+ASAHI+FI+PO 20.3 12.8 24.5 18.8 28.6 19.6
TPH+ASAHI+FI+PO+SAF+CDN 20.5 14.4 25.7 19.3 28.6 17.2

T IO P SRR 5 8 B A2 2R

3.4 XfEEsE

3.4.1 EEHT

S5 5 Y HTSEHE A /N A B AR RN (Yang
45 2019; Yang %5 , 2022 ; Koyun %5 , 2022; Deng 45
2021;Suo 45,2023 ; Li 2, 2020; Wang %, 2020) LA &
JUFh 2 iy H R AS I3 7L (Wang 45,2017 ; Wang 55,
2021) 7 VisDrone2019-DET-val #E4T %) 1 , 45 5 4n 2
6 T 78 o BE T Focus-and-Detect 5 ¥ (Koyun 5% ,
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Kt 28 44 15 SAHI (Akyon %5, 2022) , 52 B /£ Vis-
Drone2019-DET-test [l 3 T A [A] 41 {4 25 4 %) hi
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JEIRE] T SR HE
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AN A G AL 5 B i S5 SR HE TR L, Nk 7 R .
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HRAS mAPSO ¥ = {1, 7310 R 48. 5% F1169. 6%, I
TREET 5. 26 Mf/s S A DU B . Je )i, SEg AT e
T AN S3 7E VisDrone2019-DET-val 36 IE 4 | 45
4 SAHI(Akyon %, 2022) Fll ASAHI (1 RE R B, 4n
TR, WL, ASAHIFEAS A AL E i R T
SAHI(Akyon % ,2022) , 4 5l 2 76 A6 il /NP A ],
mAP50 %554 56. 8%, mAPS0_s Z5 544 48. 5%,
3.4.2 ST
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Table 6 Comparison of our method with other state-of-the-art object detection methods on VisDrone2019-DET-val
WIReS mAP/% mAP75/% mAP50/% T/ (/s )
Fast R-CNN(Wang %% ,2017) 12.3 9.6 24.9 2.57
Cascade R-CNN+NWD(Wang %5 ,2021) 18.7 12.9 40.2 3.20
DMNet(Li%,2020) 28.2 17.3 30.5 1.87
HIT-UAV (Suo%§,2023) 34.6 21.7 55.8 3.45
CRENet(Wang % ,2020) 33.7 20.9 54.3 1.10
GLSAN(Deng %5 ,2021) 30.7 18.4 55.4 2.30
QueryDet (Yang%¥,2022) 33.9 19.5 56.1 2.75
ClusDet( Yang %,2019) 32.4 18.9 56.2 1.29
Focus—and—Detect(Koyun/ﬂf" ,2022) 42.0 30.1 66.1 0.73
TPH + SAHI( Akyon %5 ,2022) 34.9 27.5 55.1 4.67
TPH+ASAHI(A ) 36.0 28.2 56.8 5.26
T IR SRR 25 A B g
5.49
g |20 4.88
iz
4.49

£y

% 428 415

= 3.84 - 369

= :

@ 3.13

> > > > ) O < <
e R~ ¥ & & L L N N
N & & N N S & 2 &
< & $ ° S L X S S
L <& XV > < xe xe
& & §§' g & &
&Q &Q%*X X%Y' c}g»
S
& Q
K8 AR ASAHT S SAHI( Akyon %5, 2022 ) PG Ab L 11 LA

Fig. 8 Comparison of image processing speed between ASAHI and SAHI (Akyon et al. , 2022) under different components

x®17

1€ VisDrone2019-DET-val #{#E 4 F ASAHI & AR E /G A2 /5 A MERE L 3%

Table 7 The mAP and time consumption results obtained with different post-processing methods under

ASAHI on VisDrone2019-DET-val

b mAP/% mAP75/% mAP50/% mAPS0_s/% mAP50_m/% mAPS0_1/%  WEE/(MF/s)
NMS 33.9 25.6 55.8 47.4 68.3 729 3.06
SOFT-NMS 323 23.3 52.6 443 65.8 70.0 2.72
WBF 33.4 23.9 55.1 46.7 67.5 73.3 2.88
Cluster-GloU-NMS 34.5 27.3 56.3 48.0 68.5 72.9 5.17
Cluster-CIoU-NMS 35.9 275 56.8 48.4 68.6 72.9 4.87
Cluster-DIoU-NMS(CDN) 36.0 28.2 56.8 48.5 69.6 72.9 5.26

T VL7 SRR % 8 i A2 2R
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Table 8 The performance impact of each component tested on the VisDrone2019-DET-val validation set

1%

A mAP mAP75 mAP50 mAP50_s mAP50_m mAP50_1
TPH+FI 15.7 10.6 342 21.4 53.3 74.4
TPH+SAHI 33.0 235 54.2 45.7 66.8 69.0
TPH+SAHI+FI 33.5 24.1 54.6 45.7 68.3 75.2
TPH+SAHI+FI+PO 34.9 25.7 55.1 46.1 68.8 74.6
TPH+SAHI+FI+PO+SAF+CDN 34.9 27.5 55.1 48.1 69.0 72.7
TPH+ASAHI 34.1 249 54.4 46.6 66.1 58.9
TPH+ASAHI+FI 34.1 253 55.5 46.7 68.1 76.5
TPH+ASAHI+FI+PO 343 25.9 55.5 46.8 68.6 77.6
TPH+ASAHI+FI+PO+SAF+CDN 36.0 28.2 56.8 48.5 69.6 72.9

T L PSR 7R 5 8 1 B A2 2R

2022) [ ) B XN B AR R AL RE
TR (FEOHE ) | R 45 5% b 21 (U HE 9 A7 B 5 U
K &L, B A5 B LA & . TPH-YOLOVS (Zhu 45,
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different models on the VisDrone (Du et al. , 2019) dataset
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