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Abstract

Robust object detection under photon-limited conditions
is crucial for applications such as night vision, surveillance,
and microscopy, where the number of photons per pixel is
low due to a dark environment and/or a short integration
time. While the mainstream “low-light” image enhance-
ment methods have produced promising results that improve
the image contrast between the foreground and background
through advanced coloring techniques, the more challeng-
ing problem of mitigating the photon shot noise inherited
from the random Poisson process remains open. In this
paper, we present a photon-limited object detection frame-
work by adding two ideas to state-of-the-art object detec-
tors: 1) a space-time non-local module that leverages the
spatial-temporal information across an image sequence in
the feature space, and 2) knowledge distillation in the form
of student-teacher learning to improve the robustness of the
detector’s feature extractor against noise. Experiments are
conducted to demonstrate the improved performance of the
proposed method in comparison with state-of-the-art base-
lines. When integrated with the latest photon counting de-
vices, the algorithm achieves more than 50% mean average
precision at a photon level of 1 photon per pixel.

1. Introduction

State-of-the-art object detection methods such as Faster
R-CNN [64] and YOLO [63] are the backbones of many
computer vision systems today, but their operating regimes
have been limited to well-illuminated scenes with a suffi-
cient amount of photons. As the number of photons de-
creases so that the signal-to-noise ratio becomes lower, the
performance of these detectors will also degrade. For ap-
plications where photon-limited imaging is essential ( e.g.,
night-time navigation, surveillance in an under-resourced
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Figure 1: We present a new object detection method for
photon-limited conditions. While traditional detectors fail
because the signal is too weak, our method addresses the
problem by proposing two improvements: (1) Space-time
non-local module, and (2) Student-teacher learning.

environment, and microscopy with limited fluorescence
dosage and cell exposures,) developing a more robust ob-
ject detection algorithm presents a pressing need. The goal
of this paper is to fill the gap by demonstrating object de-
tection where existing methods fail to work.
Photon-limited imaging refers to image acquisition un-
der a condition where the number of measured photons is
very low. The fundamental limit is attributed to the Poisson
process of the photon arrivals. This randomness is present
even if the sensor is perfect — no read noise, no dark current,
and has a uniform pixel response. Because the randomness
is the nature of the problem, a photon-limited object detec-
tion algorithm must be able to extract the weak signal from
the noise. Existing low-light enhancement algorithms have
demonstrated promising results of improving the contrast of
low-light images. In this paper, we are interested in pushing
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Figure 4: Knowledge distillation via student-teacher learn-
ing. The teacher network is pre-trained on clean images. We
train the student network by minimizing the perceptual loss
which measures the pixel-wise difference of the features.

the parameters of the teacher network are fixed and those of
the student network are trainable. Because the teacher net-
work is trained to handle clean images, it generates noise-
free features when it is fed with clean images. We want fea-
tures produced by the student network to be similar to those
of the teacher. To this end, we introduce regularization to
the student network by defining a perceptual loss:

N
‘Cp = Zl|¢z (-rclean) - ¢z (xnoisy)HQ; 2)
i=1

where qgl (@ctean) and ¢; (Tnoisy ) are the i-th layer’s feature of
the teacher and student network, respectively. The percep-
tual loss is the Euclidean distance measuring the difference
between the student’s and the teacher’s features. Minimiz-
ing the perceptual loss forces them to be close in the fea-
ture space. This further enforces the network to denoise the
image and generate good representations before non-local
feature matching.

The overall training loss of our detector consists of the
perceptual loss £,,, the standard cross-entropy loss, and the
regression loss [64].

3.4. Rationale of Our Design

To illustrate the benefit of the proposed non-local mod-
ule and the student-teacher learning scheme, we conduct an
experiment in this section.

In Figure 5, we synthesize two independent and identi-
cally distributed (i.i.d.) copies of a photon-limited image at

a photon level of 0.25 photons per pixel (ppp). We use this
pair of images to check how the feature matching step per-
forms. Three methods are compared: 1) Non-local search in
the image space (i.e., the original non-local search), 2) non-
local Search in the feature space, and 3) student-teacher +
non-local Search in the feature space. In the image space,
for each h x w patch, we compute its normalized cross-
correlation (NCC) with all & x w patches in the other image
and choose the one with the highest NCC as its matching
patch. In the feature space, we use features trained with
or without student-teacher training and find correspondence
for every feature vector. The correspondence is visualized
by the center of the receptive field of feature vectors.

The benefit of the proposed method can be seen in two
aspects: accuracy and speed. As illustrated in Figure 5, the
non-local search in the feature space has a much higher suc-
cess rate of finding correct correspondence than the same
method applied to the image space. The student-teacher
training further increases the performance by enhancing the
robustness of the feature extractor against noise. We per-
formed the experiment for 100 images and we observed that
the trend was consistent.

For the speed, non-local search in image space is compu-
tationally more expensive than in the feature space. Given
an H x W image with desired patch size h X w, the feature

matching process takes approximately (H W)2hw floating-
point operations (FLOP) in the image space and (%)20

FLOP’s in the feature space, where C' is feature vector di-
mension and S is spatial resolution compression ratio by
the feature extractor. Reducing the patch size reduces the
computation cost, but the matching quality deteriorates sig-
nificantly. In our implementation, we use 64 x 64 for the
image space search and it takes ~ 256 times more compu-
tation than in the feature space.

4. Experiments
4.1. Experimental Settings

Dataset. We use the procedure in Sec 3.1 to synthesize
training data of the photon-limited images from the Pascal
VOC 2007 dataset [19]. To synthesize motion across the
frames, we introduce a random translation of image patches.
The total movement varies from 7 to 35 pixels across 8
frames similar to [9]. For testing, we created a synthetic
testing dataset and also collected a dataset of real images.
The read noise of our model is assumed to be 0.25¢~, based
on the sensor reported in [55]. The average photon level we
tested ranges from 0.1 to 5.0 photons per pixel (ppp). With
an f/1.4 camera, 1.1pm pixel pitch, and 30ms integration,
this range of photons roughly translates to 0.02 lux to 5 lux
(typical night vision scenarios). For real data, we use the
GJ01611 16MP photon counting Quanta Image Sensor de-
veloped by GigaJot Technology [55].

3980



Motion-free
Two realizations of noise
0.25 photons per pixel

Feature space
+ Nonlocal search

+ Feature space
+ Nonlocal search

Figure 5: Comparison of different non-local patch matching methods. We synthesize two i.i.d. copies of a photon-limited
image. For each competing configuration, we visualize 10 matching patch examples. The blue and yellow arrows indicate
correct and incorrect matching, respectively. As the image pair is motion-free, the correct matches should be indicated by
horizontal arrows. The combination of non-local search and student-teacher learning demonstrates the best performance.
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Figure 6: Experiments on synthetic data. (a) Compare different object detection methods: Faster R-CNN [64], RED [59]
+ Faster R-CNN [64], RDN [13], and MSRCR [43] + RetinaNet [49]. (b) Compare methods that use image denoising as a

pre-processing step.

Implementation Details. Our method is implemented in
Pytorch based on [76]. The framework takes a T-frame im-
age sequence as input (I' = 1, 3, 5 and 8 in the following ex-
periments). We adopt ResNet-101 [38] pretrained on Ima-
geNet [ 12] as the backbone. The perceputual loss is applied
to the features from block_1, block_2 and block_3 of
ResNet-101 and the non-local module is processed on the
features from block_3. We utilize RolAlign [36] to extract
the features from object proposals and block_4 is further
applied to the extracted proposal features before the final
classifier. The model is trained for 20 epochs and we use
Adam [45] optimizer with default parameters, learning rate
0.001, and weight decay 0.1 every 5 epochs.

Competing Methods. We compare our method with
four baselines. (a) A generic image object detector: Faster
R-CNN [64]; (b) A video object detector: Relation Distilla-
tion Network (RDN) [13]; (c) A low-light detection frame-

work: color restoration algorithm (MSRCR) [43] plus a
detection RetinaNet [49], which is one of the winning so-
lutions of 2019 UG2™" low-light face detection challenge;
(d) A two-stage pre-denoised detection framework: RED-
Net [59] plus Faster R-CNN [64]. (a) and (b) are fine-tuned
using the synthesized photon-limited data.

4.2. Main Results

Our first experiment is conducted on synthetic data. We
use 8-frame inputs with the number of features for non-local
aggregation set to 2 per frame in the following experiments.

Comparison with the baselines. Figure 6a shows the
detection rate, measured in mean average precision (mAP),
as a function of the photon level, measured in photons per
pixel (ppp). The proposed method consistently outperforms
the competing methods across the tested photon levels from
0.25 ppp to 0.5 ppp. The difference between our method

3981












(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

[36]

(37]

(38]

(39]

[40]

ceedings of the European Conference on Computer Vision
(ECCV), pages 502-519, 2020. 3, 4,7

Abhiram Gnanasambandam, Omar Elgendy, Jiaju Ma, and
Stanley H. Chan. Megapixel photon-counting color imag-
ing using quanta image sensor. Opt. Express, 27(12):17298—
17310, Jun 2019. 3

Shuhang Gu, Yawei Li, Luc Van Gool, and Radu Timofte.
Self-guided network for fast image denoising. In Proceed-
ings of the IEEE/CVF International Conference on Com-
puter Vision (ICCV), pages 2511-2520, October 2019. 3
Chunle Guo, Chongyi Li, Jichang Guo, Chen Change Loy,
Junhui Hou, Sam Kwong, and Runmin Cong. Zero-reference
deep curve estimation for low-light image enhancement. In
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition (CVPR), pages 1780-1789,
June 2020. 3

Anant Gupta, Atul Ingle, and Mohit Gupta. Asynchronous
single-photon 3d imaging. In Proceedings of the IEEE/CVF
International Conference on Computer Vision (ICCV), pages
7909-7918, October 2019. 3

Anant Gupta, Atul Ingle, Andreas Velten, and Mohit Gupta.
Photon-flooded single-photon 3d cameras. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 6770-6779, June 2019. 3

Istvan Gyongy, Neale A.W. Dutton, and Robert K. Hender-
son. Single-photon tracking for high-speed vision. Sensors,
18(2), 2018. 3

Istvan Gyongy, German Mora-Martin, Alex Turpin, Alice
Ruget, Abderrahim Halimi, Robert Henderson, and Jonathan
Leach. High-speed Vision with a 3D-stacked SPAD Image
Sensor. In Mark A. Itzler, Joshua C. Bienfang, and K. Alex
Mclntosh, editors, Advanced Photon Counting Techniques
XV, volume 11721, pages 1-7. International Society for Op-
tics and Photonics, SPIE, 2021. 3

Samuel W. Hasinoff, Dillon Sharlet, Ryan Geiss, Andrew
Adams, Jonathan T. Barron, Florian Kainz, Jiawen Chen, and
Marc Levoy. Burst photography for high dynamic range and
low-light imaging on mobile cameras. ACM Trans. Graph.,
35(6), nov 2016. 3

Kaiming He, Georgia Gkioxari, Piotr Dollar, and Ross Gir-
shick. Mask r-cnn. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 42(2):386-397, 2020. 2, 6
Kaiming He, Xiangyu Zhang, Shaoqging Ren, and Jian Sun.
Spatial pyramid pooling in deep convolutional networks for
visual recognition. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 37(9):1904-1916, 2015. 2
Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition. In Proceed-
ings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), pages 770-778, 2016. 6

Yihui He, Chenchen Zhu, Jianren Wang, Marios Savvides,
and Xiangyu Zhang. Bounding box regression with un-
certainty for accurate object detection. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 2888-2897, 2019. 2

Haidi Ibrahim and Nicholas Sia Pik Kong. Brightness pre-
serving dynamic histogram equalization for image contrast

(41]

(42]

[43]

[44]

(45]

[46]

(47]

(48]

[49]

[50]

(51]

(52]

(53]

[54]

3985

enhancement. /[EEE Transactions on Consumer Electronics,
53(4):1752-1758, 2007. 3

Atul Ingle, Trevor Seets, Mauro Buttafava, Shantanu Gupta,
Alberto Tosi, Mohit Gupta, and Andreas Velten. Passive
inter-photon imaging. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), pages 8585-8595, June 2021. 3

Atul Ingle, Andreas Velten, and Mohit Gupta. High flux pas-
sive imaging with single-photon sensors. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 6760-6769, June 2019. 3

D.J. Jobson, Z. Rahman, and G.A. Woodell. A multiscale
retinex for bridging the gap between color images and the
human observation of scenes. IEEE Transactions on Image
Processing, 6(7):965-976, 1997. 3, 6

Yeong-Taeg Kim. Contrast enhancement using brightness
preserving bi-histogram equalization. /EEE Transactions on
Consumer Electronics, 43(1):1-8, 1997. 3

Diederik P. Kingma and Jimmy Ba. Adam: A Method for
Stochastic Optimization. In International Conference on
Learning Representations (ICLR), 2014. 6

Hei Law and Jia Deng. Cornernet: Detecting objects as
paired keypoints. In Proceedings of the European Confer-
ence on Computer Vision (ECCV), pages 734-750, Septem-
ber 2018. 2

Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner. Gradient-
based learning applied to document recognition. Proceed-
ings of the IEEE, 86(11):2278-2324, 1998. 3

Tsung-Yi Lin, Piotr Dolldr, Ross Girshick, Kaiming He,
Bharath Hariharan, and Serge Belongie. Feature pyramid
networks for object detection. In 2017 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), pages
936-944, 2017. 2

Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and
Piotr Dollar. Focal loss for dense object detection. In 2017
IEEE International Conference on Computer Vision (ICCV),
pages 2999-3007, 2017. 2, 6

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays,
Pietro Perona, Deva Ramanan, Piotr Dolldr, and C. Lawrence
Zitnick. Microsoft coco: Common objects in context. In
David Fleet, Tomas Pajdla, Bernt Schiele, and Tinne Tuyte-
laars, editors, Proceedings of the European Conference on
Computer Vision (ECCV), pages 740-755, Cham, 2014.
Springer International Publishing. 2

Mason Liu and Menglong Zhu. Mobile video object detec-
tion with temporally-aware feature maps. In Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), pages 5686-5695, June 2018. 2

Wei Liu, Dragomir Anguelov, Dumitru Erhan, Christian
Szegedy, Scott Reed, Cheng-Yang Fu, and Alexander Berg.
Ssd: Single shot multibox detector. In Proceedings of the
European Conference on Computer Vision (ECCV), 2016. 2
Yuen Peng Loh and Chee Seng Chan. Getting to know low-
light images with the exclusively dark dataset. Computer
Vision and Image Understanding, 178:30—42, 2019. 2, 3
Feifan Lv, Yu Li, and Feng Lu. Attention guided low-
light image enhancement with a large scale low-light sim-



[55]

[56]

[57]

(58]

[59]

(60]

[61]

[62]

[63]

[64]

[65]

[66]

ulation dataset. [International Journal of Computer Vision,
129:2175-2193, Jul 2021. 3

Jiaju Ma, Saleh Masoodian, Dakota A Starkey, and Eric R
Fossum. Photon-number-resolving Megapixel Image Sen-
sor at Room Temperature without Avalanche Gain. Optica,
2017. 2,5

Jiaju Ma, Dakota Starkey, Arun Rao, Kofi Odame, and
Eric R. Fossum. Characterization of quanta image sensor
pump-gate jots with deep sub-electron read noise. [EEE
Journal of the Electron Devices Society, 3(6):472-480, 2015.
3

Jiaju Ma, Dexue Zhang, Omar A Elgendy, and Saleh Ma-
soodian. A 0.19 e-rms Read Noise 16.7 Mpixel Stacked
Quanta Image Sensor With 1.1 pum-Pitch Backside Illumi-
nated Pixels. IEEE Electron Device Letters, 42(6):891-894,
2021. 3,8

Sizhuo Ma, Shantanu Gupta, Arin C. Ulku, Claudio Brus-
chini, Edoardo Charbon, and Mohit Gupta. Quanta burst
photography. ACM Trans. Graph., 39(4), July 2020. 3
Xiaojiao Mao, Chunhua Shen, and Yu-Bin Yang. Image
restoration using very deep convolutional encoder-decoder
networks with symmetric skip connections. In D. Lee, M.
Sugiyama, U. Luxburg, I. Guyon, and R. Garnett, editors,
Advances in Neural Information Processing Systems, vol-
ume 29. Curran Associates, Inc., 2016. 6, 7

Ben Mildenhall, Jonathan T. Barron, Jiawen Chen, Dillon
Sharlet, Ren Ng, and Robert Carroll. Burst denoising with
kernel prediction networks. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR), pages 2502-2510, June 2018. 3

German Mora-Martin, Alex Turpin, Alice Ruget, Abder-
rahim Halimi, Robert Henderson, Jonathan Leach, and Ist-
van Gyongy. High-speed Object Detection using SPAD
Sensors. In Yakov Soskind and Lynda E. Busse, editors,
Photonic Instrumentation Engineering VIII, volume 11693,
pages 73-82. International Society for Optics and Photonics,
SPIE, 2021. 3

Kazuhiro Morimoto, Andrei Ardelean, Ming-Lo Wau,
Arin Can Ulku, Ivan Michel Antolovic, Claudio Bruschini,
and Edoardo Charbon. Megapixel time-gated SPAD image
sensor for 2D and 3D imaging applications. OSA Optica,
7(4):346-354, 2020. 3

Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali
Farhadi. You only look once: Unified, real-time object de-
tection. In 2016 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), pages 779-788, 2016. 1, 2
Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun.
Faster r-cnn: Towards real-time object detection with region
proposal networks. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 39(6):1137-1149, 2017. 1, 2, 5,
6,7

Wengqi Ren, Sifei Liu, Lin Ma, Qiangian Xu, Xiangyu Xu,
Xiaochun Cao, Junping Du, and Ming-Hsuan Yang. Low-
light image enhancement via a deep hybrid network. /EEE
Transactions on Image Processing, 28(9):4364-4375, 2019.
3

Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, San-
jeev Satheesh, Sean Ma, Zhiheng Huang, Andrej Karpathy,

[67]

[68]

[69]

(70]

(71]

(72]

(73]

[74]

[75]

(76]

(771

(78]

3986

Aditya Khosla, Michael Bernstein, Alexander C. Berg, and
Li Fei-Fei. ImageNet Large Scale Visual Recognition Chal-
lenge. International Journal of Computer Vision (IJCV),
115(3):211-252, 2015. 2

Yukihiro Sasagawa and Hajime Nagahara. Yolo in the dark -
domain adaptation method for merging multiple models. In
Proceedings of the European Conference on Computer Vi-
sion (ECCV), pages 345-359, 2020. 2, 3

Donald L. Snyder, Carl W. Helstrom, Aaron D. Lanterman,
Mohammad Faisal, and Richard L. White. Compensation for
readout noise in ccd images. J. Opt. Soc. Am. A, 12(2):272—
283, Feb 1995. 3

Ruixing Wang, Qing Zhang, Chi-Wing Fu, Xiaoyong Shen,
Wei-Shi Zheng, and Jiaya Jia. Underexposed photo enhance-
ment using deep illumination estimation. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 68496857, June 2019. 3
Shiyao Wang, Yucong Zhou, Junjie Yan, and Zhidong Deng.
Fully motion-aware network for video object detection. In
Proceedings of the European Conference on Computer Vi-
sion (ECCV), pages 542-557, September 2018. 2

Xiaolong Wang, Ross Girshick, Abhinav Gupta, and Kaim-
ing He. Non-local Neural Networks. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR), 2018. 2,4

Kaixuan Wei, Ying Fu, Jiaolong Yang, and Hua Huang. A
physics-based noise formation model for extreme low-light
raw denoising. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), pages
2758-2767, June 2020. 3

Fanyi Xiao and Yong Jae Lee. Video object detection with an
aligned spatial-temporal memory. In Proceedings of the Eu-
ropean Conference on Computer Vision (ECCV), pages 485—
501, September 2018. 2

Ke Xu, Xin Yang, Baocai Yin, and Rynson W.H. Lau.
Learning to restore low-light images via decomposition-and-
enhancement. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), pages
2281-2290, June 2020. 3

Feng Yang, Yue M. Lu, Luciano Sbaiz, and Martin Vetterli.
Bits from photons: Oversampled image acquisition using bi-
nary poisson statistics. IEEE Transactions on Image Pro-
cessing, 21(4):1421-1436, 2012. 3

Jianwei Yang, Jiasen Lu, Dhruv Batra, and Devi
Parikh. A faster pytorch implementation of faster r-cnn.
https://github.com/jwyang/faster-rcnn.pytorch, 2017. 6
Wenhan Yang, Shigi Wang, Yuming Fang, Yue Wang, and
Jiaying Liu. From fidelity to perceptual quality: A semi-
supervised approach for low-light image enhancement. In
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition (CVPR), pages 3063-3072,
June 2020. 3

Wenhan Yang, Ye Yuan, Wenqi Ren, Jiaying Liu, Wal-
ter J. Scheirer, Zhangyang Wang, Taiheng Zhang, Qiaoyong
Zhong, Di Xie, Shiliang Pu, Yuqiang Zheng, Yanyun Qu,
Yuhong Xie, Liang Chen, Zhonghao Li, Chen Hong, Hao
Jiang, Siyuan Yang, Yan Liu, Xiaochao Qu, Pengfei Wan,






