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Abstract: To address the issues of false positives and false negatives caused by insufficient confidence
calibration and single post-processing decision mechanisms in real-time object detection models, a
confidence-stratified collaborative decision-making framework is proposed. Using the YOLOv5
model as the base detection network, the framework constructs a confidence stratification
mechanism during the inference stage. Based on the predicted confidence distribution, candidate
bounding boxes are divided into a high-confidence passthrough path and a low-confidence refined

discrimination path. Meanwhile, an extreme gradient boosting (XGBoost) model is introduced to
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perform secondary classification and confidence recalibration on low-confidence samples,
achieving differentiated processing of detection results and optimized allocation of computational
resources. In the fusion stage, a unified decision integration module is designed to perform
structured fusion and filtering on the outputs from different paths. This improves overall
detection performance and predictive reliability without altering the backbone network structure
or significantly increasing computational complexity. Experimental results show that, validated
on the COCO dataset in a 2080T1i testing environment, the mean average precision mp.500; of the
improved YOLOv5s and YOLOv5m models increased by 1. 98% and 1. 99%, respectively. When
generalized to YOLOv8m, the model achieved an map.5095 of 55. 07% with an inference speed of
165. 4 frame/s. This method establishes a novel fusion paradigm for collaborative decision-making
between deep neural networks and traditional machine learning models, providing a technical
pathway that balances accuracy, efficiency, and credibility for object recognition systems in high-
reliability domains.

Keywords: object detection; extreme gradient boosting; YOLOv5 model; confidence stratification;

machine learning
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Fig. 1 Confidence-based stratified collaborative object detection framework

zkxb. xjtu. edu. cn




i 10 1Y

B A SR TVELAS B0 SR P R e SR ) H AR AR I 7 i 25

1.1 NERBHFHRES W

LA B BRI BRI 25 5 SR T R HE B A Ok K
B7E S 2 3 55 > o 35 0l A7 7 B 05 RE A M 2 A T
M, ELR RIS AR R BT A R A R TR 2
Al e SsJe A PH M , EARE (S B X Ml NAEAE 2 & B K
TR R L KN ROBE BT B0 B BH A H bR
FEART 100 T 8BRS R AE B B AT HE T, S T S
Xt I B A R AROR AR A A R Al Ak 7 3 28 AR S5 | A W o
Tofs FE B THRHAE Sy R R A
1.2 EEEHhERRKIEZIT

A1 TE 20 T A B BE 4 2 U R DR E bR i
DS B, R R AR EE AR TR R 4% (1. 2.1
AN S AR D A I LA B AR B A A s AR A
G AR B R L HEAT B B 4 2 DL B IE SR e
(1. 2.2 /N9 IG5 B T8I0 °F 2 s 4 Ak 0 031 5 i
B e 3R il A A B (1. 2. 3 /N LB A ARCE (5 I
TNt T B 2R T 235 5L, 78 B AR S Ak BT A% 1 W)
Ik 2 e A TR e R X AR A A 1) S i

WL BRI 82 Hh i A R e SR il T
SRR B Tk X 43 Sy T 4 3B B L) B 2R By
B, TEAERE B 5 iR R 4 ad Wl 2k YOLOvVS
F T AT T R AE A R A R A
O T 15 (A1 B A R A DA e A B A
Xof i BEHE T J B AR X o TAE . A5 FEAS 1) T B A5
R B, DU A o 5 R AR A, A L
P A BE T Sl L I A s A B0 A5 R 5 A AR R 1 B A IR
TR B 2 Bl 0k 75 57 M e I B4 T DL
LB S Ab T P 22 ) AR {5 R A A S ik A TR
SR AR, T XGBoost 43 28 %8 T & U 31 LA K
BRI IE T, B2, m AUE S AN

LIIPN

S JE O MR -
T 5 4 RN 5 it e

Fig. 2 Structure and training process of YOLOv5 model
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