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Abstract

Object detection is an important aspect of computer vision, with significant advancements made in
accuracy and robustness. Despite these advancements, practical applications still face significant
challenges, primarily due to inaccurate detection or missed detection of small objects. Additional-
ly, the large parameter counts and computational requirements of detection models hinder their
deployment on resource-limited devices. This paper proposes an advanced object detection model,
YOLO-QCK, based on YOLOvV5. We first introduce an additional small object detection layer within
the neck network pyramid structure to generate a larger-scale feature map for identifying finer
features of small objects. Furthermore, we integrate the C3CrossCovn module into the backbone
network, which employs sliding window feature extraction to effectively reduce computational
complexity and parameter count, resulting in a more compact model. Compared to the baseline
YOLOv5s model, our newly developed YOLO-QCK model demonstrates significant improvements on
the MS COCO validation dataset, with an increase of 4.6% in mAP@0.5 and 4% in mAP@0.5:0.95,
while maintaining a compact model size with 9.49 M parameters. These results validate the effi-
cient performance of the YOLO-QCK model in small object detection, achieving high precision with
fewer parameters and computational requirements.
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Figure 1. YOLO-QCK network architecture
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Table 1. Anchor box sizes in different feature maps

1. TREIFFEARSS FEYSEAER /)

HHE R /N

9x12,20x 19,17 x 42
43 x 26, 36 x 56, 76 x 52

SR A PNAN

160 x 160
80 x 80
40 x 40
20 x 20

111 x 121

231 x 138, 230 x 325, 479 x 372

49 x 121, 108 x 102,

B A
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Figure 2. C3 module (k and s indicate the convolutional kernel size and stride, respectively)
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Figure 4. CrosssCovn module (stride = 1, kernel size = 3)
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Figure 5. C3CrossCovn Module
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BahE R E N 0.937. REFER TG IENLELEE, SOt FH#E7E 0.0005 DL lA
B REMAEARN . T REFERVIFIAGI B, W 3 NME, e ZMINGN B, aikis
i 400 MY B, AR Python SEBLKI, FIF] PyTorch #E4E, JEAERC 4% T VU4 16GB V100 GPU =
k554 BadkAT 1R,

3.2. i)\ B¥REE N B B TENY

3 I AE 2 R 28 RN B FRES I Z , YOLOVSs-sm 78 J LA FEbr AR T4 YOLOVSs, T 3% 2.
X Fh I SR A H 21 Precisiong 3500 1%, Recally 3500 2.2%, mAP@0.50 3%/ 1.8%, mAP@0.5:0.95 #4111 1.4%.
SRIM, IX ST &S TSRS B SR, v HE A& BT 20050 9 2% th 4 M 6 AR R B G 1 B KRR ik 5 o

Table 2. Detection results of tiny object detection layers
= 2. N BARAG I S AN SE

Models Precision,;  Recally;, mAP@0.50 mAP@0.5:0.95 F1 GFLOPs  Parameters (M)
YOLOv5s 67.7% 50.3% 55.7% 36.1% 0.577 16.6 7.23
YOLOv5s-sm 68.7% 52.5% 57.5% 37.5% 0.595 19.9 7.38

T S TR S B AR B 8, AT TR B YOLOV5Ss Al YOLOVSs-sm 158 ) 45
REGALEM . 156 BoR T (@)EERIE, (b) YOLOVSs [FH#ERLEEH, (c) YOLOVSs-sm [k #
g5 R B YOLOV5Ss-sm 7ER /N H AR A DRI RE 77 . 61 7 3k B YOLOVSS 23 I 25 f) = ANRFAE 4
Bl et SR, ey ANEBREIRSINZ, ] 8 Sk H YOLOVSs-sm X Rz, RGN B ARKIZ .
EASVER ML, MIE 8(c)ME 8(d) AT LA i, YOLOVSs-sm 1 kNP 44 k6 0 J2 36 ke INW A B4 533 BB An
EHES
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Figure 6. Detection results of YOLOv5s and YOLOv5s-sm
6. YOLOV5s #1 YOLOV5s- sm B4 i4E 52

@) (b) (©

Figure 7. Heat map of YOLOV5s neck network outputs
7. YOLOV5s FaB L i 4 ]

@) (b) (© (d)

Figure 8. Heat map of YOLOV5s-sm neck network outputs
[ 8. YOLOVS5s-sm B4t B

3.3. MARELREREREN YOLOVSs-QCK
N T BB AL SN S L B RO R, AT U R SEE . X BN RME I S R VRS T 3.

Table 3. Detection results of different improved models.

3 3. TEIMEHRE ML R

Models Precisiony Recallyy, mMAP@0.50 mAP@0.5:0.95 F1 GFLOPs  Parameters (M)
YOLOV5s 67.7% 50.3% 55.7% 36.1% 0.577 16.6 7.23
YOLOV5s-sm 68.7% 52.5% 57.5% 37.5% 0.595 19.9 7.38
YOLOV5s-QC 67.0% 53.7% 58.1% 38.0% 0.596 19.7 7.19
YOLOV5s-QK 70.4% 53.9% 59.6% 39.7% 0.611 255 9.70
YOLOV5s-QCK 71.2% 57.3% 60.3% 40.1% 0.635 25.3 9.49

5 YOLOV5s-sm Al Lt, YOLOV5s-QC 7£ mAP@0.50 12 1 0.6%, 7£ mAP@0.5:0.95 42 1 0.5%,
[ i S5 T 0.19 M. YOLOV5s-QK Lt YOLOV5Ss-sm & 2.1% mAP@0.50 Al 2.2% mAP@0.5:0.95. 5
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Figure 9. Visualized results of different detection models
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