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Object detection on low-resolution images with hierarchical

progressive enhancement
SUN Xiaoji'*, WANG Wenlong"*, LI Minghong*, WANG Tao*, ZHAO Yugian®, GUI Weihua*
(1. National Key Laboratory of Ni&.Co Associated Minerals Resources Development and Comprehensive Utilization,
Jinchang 737104, China; 2. School of Automation, Central South University, Changsha 410083, China)

Abstract: [Objective] Object detection is one of the core tasks in computer vision and plays an important
role in practical applications such as intelligent surveillance and autonomous driving. However, in real-
world acquisition scenarios, images often suffer from low-resolution (LR) degradation due to limitations of
imaging devices and transmission interference, and are frequently accompanied by noise and blur. Most
existing convolutional neural network (CNN) -based object detection methods are designed for high-
resolution (HR) images. When applied to LR images with complex degradation, the significant feature-
domain discrepancy between HR and LR images leads to notable performance degradation. To address this
issue, this paper proposes an ultra-lightweight pre-enhancement network named HPEN for object detection
tasks. [Method] To reduce the difficulty of image reconstruction caused by complex degradations, HPEN
adopts a progressive enhancement strategy. In the first stage, a wavelet restoration module (WRM) is
designed to recover critical texture information and achieve image restoration. Specifically, WRM employs
discrete wavelet transform to decompose the input image into four frequency components: low-low, low-
high, high-low, and high-high. A residual unit is introduced in each frequency branch to extract features.
To effectively integrate low-frequency structural information and high-frequency detail information, a cross-
layer feature fusion unit (CLFU) is constructed between adjacent branches. CLFU incorporates external
guidance features into the current features through an affine transformation mechanism, thereby enhancing
feature representation capability. In the second stage, a resolution enhancement module (REM) is proposed
to reconstruct image details and improve image resolution. REM first extracts shallow features using a 3 X 3
convolution and further refines them through residual units. The refined features are then resized to a fixed
size of 128 X 128 via bilinear interpolation, followed by upsampling to 512 X 512 using a pixel shuffle layer.
Meanwhile, residual images are introduced through skip connections combined with bilinear interpolation to
facilitate information flow within the module. By cascading HPEN with any detector, an LR image object
detection framework termed HPELOD is constructed. [Result] To evaluate the effectiveness of the
proposed method, experiments were conducted on degraded versions of the PASCAL VOC2007 trainval
(VOC-L) and COCO val 2017 (COCO-L) datasets. Comparisons were made with the baseline detector
CenterNet, preprocessing-based methods, and joint enhancement-detection approaches. Experimental
results show that, while maintaining detection speed, HPELOD introduces only a small number of
additional parameters and computational overhead, yet significantly improves object detection performance
on LR images. For example, on the VOC-L and COCO-L datasets, HPELOD achieves improvements of
1.2 and 1.1 mAP, respectively, compared with the second-best method AERIS. In terms of qualitative
results, the proposed method can detect more objects even when images suffer from severe noise and blur.
[ Conclusion)] The proposed ultra-lightweight pre-enhancement network HPEN and its progressive
enhancement strategy effectively alleviate the reconstruction and enhancement challenges of degraded LR
images. The resulting HPELOD framework provides an efficient and lightweight solution for object
detection in low-resolution images. The proposed method achieves a good balance between detection
accuracy and computational efficiency, demonstrating strong practical value and offering useful insights for
future research on LR image object detection.
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CLFU #I DWT W Re i B4 MY . 7l ] WRM ) 3ERE F, R REM $AT 40 3% 3R 0 58 f B,
fiefe VOC-L 3% 2. 4%/ mAP {H#7F. F£ W REM BEE i $2 T+ 52 J R 4 9 R0 40 35 15 B
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Tab. 2 Ablation experiments on different modules of HPEN

WRM
ik ——— REM  mAPs/%
DWT CLFU
Base X X X 53.8
N X 55.8
HPELOD N N X 56. 3
N N/ NG 58. 7

2.4 ZHMEXE

HEIE HPELOD M2k BE F1, K H14 YOLOVT-t" AR it A 7 ik A B A kG I 4% Cen-
terNet JF17 LS80, I A PR IR B RLVER FB U 2 . 36 3 JB R T AR 7 k4 COCO-L Lk
MZER . 2 3 s, M HA %, THRAANLEE, HPELOD {5 RSBt AP (. £
T HPELOD HA Rz btk b H A #5548 18 H
2.5 MEMBEMITEERESH

F AR T AR TR SECRNERE (FPS) {H, i CenterNet fE 5 5 . FPS {4 2l
LIk GTX 1080Ti GPU 7 VOC-L B3 20 .t 4 nT %, ROl 5 508 9 PP )y ik
SPAN F1 SRConvNet A tt,, HPELOD Jir 75 # Jin i 2 %0 ({ 0. 03 M) W W 5/ . JE A AE T
HPELOD H HPEN SR H 2 i 9 W 25 W3 i RZs & 20 s Sk g . b4k, HPEN ) WRM
K DWT $5 A LR BG4 200 32 00E A7 AR AE B2 O, 001 38 40 12 1) 0 B S5 0500 i A1
—, AT AR KRR . & 40T A, B SuperYOLO i R H 24T 552 21 5K
WA 5 AN S HCE A, 5 HPELOD [RIFE 8 LSR8 I ) 2 50 32 17 B () 52 80 0 4 o
IFRPERE (BEDLFR 1 MISR 3) . Bk UL, AH LT, HPELOD REZEACRIPERE . S 8080
55 ¥ T i) 22 ) S B T4

£3 AEAHEAE COCO-L FHIMERE LR

Tab.3 Performance comparison of different methods on COCO-L

COCO-L
VRS
mAPs: 95/ %  mAPs50/ % mAPz /%

YOLOv7-t (H)Lwo) 17.4 28.2 17.7

Base
YOLOv7-t (L)L 20. 6 33. 8 21.2
RFDNH 13.4 21.6 13.9
DSSR(12] 13.6 21.4 14. 4

PP
RLFNC13] 15.5 24.7 16. 2
MDRNL!4] 12.9 20. 6 13.3
SuperYOLO] 20.9 34. 2 21.5
JED AERIS20] 21.2 34.7 21.9

HPELOD 23.0 36. 6 24.0
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Tab. 4 Comparison of different method parameters, FPS, and mAP values

7:772*3‘ %ﬁf/M FPS mAPs5o /%
CenterNet (H)9! 14. 43 167 39.5
Baseline i
CenterNet (L)L 14. 43 167 53. 8
RFDNEL 15. 07 32 43.8
DSSRE!2] 22.20 2.59 40.9
RLFNC(13] 14. 95 41 46.5
PP
MDRNL!! 14.75 15 46. 4
SPANL!S) 16. 27 41.7 44.3
SRConvNet!16] 15. 43 10. 9 45.7
SuperYOLOL?] 14. 43 167 55.4
JED AERIS20] 14. 59 143 57.5
HPELOD 14. 46 143 58. 7

3 HiE

Btk BUA K2 F A A DA A b B 22 i R 5 2% A R B LR PRSI A K JBE W] T e () R, T
KT —MiEER SR W% HPEN. DUTEAT I 5 A6 SRR R 008 . h TR SR AT HiEH
5 LR PERMERE K. [Ntk HPEN K 45 54 55 73 O IR 0, 20 k5 0 0 7 By BT A iR AT
TESR— B B, WRM sd@ i FI ] DWT Rt [ A5 5 4 it R WO i LA CLEU ., fdl AR LB IR 55 12
PGS A R R R R AR5 B . 628 B B, REM £ 5 %A W] 20 BE R 00 B R % 0 47 58— 3 i
PABGE RS (5 5 . g 20k HPEN AME R — il 8% . o] LIS Bl i 4 ) HPELOD. 245
ZERFRW . ML AL, A MRS T, HPELOD (46 T0KS B e . L A8 76 46 00 1 A
A6 P B =2 8] 2k 3 i 4 1) 1A
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