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1. Background and Motivation



Object Detection RGB and IR

e RGB and IR can contain complementary information that can be used to
improve object detection.

IR sensors are better
than RGB for people
detection in low-light
conditions.
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2. ModTr



Proposed Model: ModTr




ModTr Loss

Latodts (@, V3 9) = Laet|fo (P(hG(x), ), V]




3. Results



Comparison with Translation Approaches

Test Set IR (Dataset: LLVIP)

Image translation FCOS

RetinaNet Faster R-CNN

Histogram Equal. [!5]

CycleGAN [
CUT [39]
FastCUT [
HalluciDet [

ModTrs (ours)

Image translation

Histogram Equal. [

CycleGAN [
CUT [39]
FastCUT [
HalluciDet [

]

|

|

|

]

|

ModTre (ours)

|

31.69 £ 0.00
23.85 +0.76
14.30 = 2.25
1939 +11.52
28.00 £ 0.92

57.63 £ 0.66

33.16 £ 0.00
23.34 £ 0.53
13823207
18.11 £0.79
19.95+2.01

54.83 £ 0.61

38.33 £0.02
26.54 £ 1.20
14.78 + 1.82
2201 *1.68
57.78 £0.97

57.97 £ 0.85

Test Set IR (Dataset: FLIR)

FCOS

22.76 £ 0.00
23,92+ 097
18.16 £ 0.75
24.02 £2.37
23.74 £2.09

35.49 £ 0.94

RetinaNet

23.06 £ 0.00
23.71+£0.70
17.84 £ 0.75
22.00 £2.73
2229 £0.45

34.27 £ 0.27

Faster R-CNN

24.61 +0.01
2685 +1.23
20.29 +£0.48
26.68 +2.59
2991 £1.18

37.21 + 0.46

Table 1. IR object detection AP performance with different translation methods.



Translation vs. Fine-tuning

Method

Fine-Tuning (FT)
FT Head
LoRA [19]

ModTrg (ours)

Test Set IR (Dataset: LLVIP)

FCOS

31372219
49.11 £0.70
47.72 £ 0.58

57.63 + 0.66

RetinaNet

379x1.79
44.00 £ 0.28

54.83 + 0.61

Faster R-CNN

59.62 +£ 1.23
5933 £ 2.17
54.83 +1.30

371.97 +0.85

Test Set IR (Dataset: FLIR)

Method FCOS

RetinaNet Faster R-CNN

30.93 £ 0.46
33.53 £ 0.36
29.44 £ 0.61

37.21 + 0.46

Fine-Tuning (FT) 27.97 £ 0.59 28.46 £ 0.50
FT Head 2740 £0.12 26.78 £ 0.70
LoRA [17] - -

ModTrq (ours) 35.49 = 0.94 34.27 £ 0.27

Table 2. AP performance benchmark for different OD fine-tuning strategies.



Knowledge Preservation through Input Modality Translation

(a) N-Detectors (b) N-ModTr-1-Detector (¢) 1-Detector
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Knowledge Preservation through Input Modality Translation

Detector Dataset

LLVIP

FCOS FLIR
COCO

AVG.
LLVIP

RetinaNet FLIR
COCO

AVG.

LLNIP

Faster R-CNN FLIR
COCO

AVG.

Table 3. Detection performance (AP) of knowledge-preserving techniques.

N-Detectors

3737 £ 219
2797 =059
38.41 = 0.00

41.25+0.92

3379 £ 119
28.46 = 0.50
35.48 £ 0.00

39.24 £ 0.76

59.62 £ 1.23
30.93 £0.46
39.78 £ 0.00

43.44 + 0.56

1-Detector

58.55 + 0.89
26.70 £ 0.48
00.33 +£0.04

28.52 £ 0.47

53.26 £ 3.02
25.191+0.72
00.29 + 0.01

26.24 +1.28

62.50 +1.29
28 90 035
00.40 = 0.00

30.60 £ 0.54

N-ModTr-1-Det.

57.63 £ 0.66
35.49 £ 0.94
38.41 £ 0.00

43.84 + 0.53

54.83 + 0.61
34.27 £ 0.27
35.48 £ 0.00

41.52 = 0.29

57.97 £ 0.85
37.21 £ 0.46
39.78 £ 0.00

44.98 + 0.43
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Qualitative Results

(a) RGB - GT

(b) IR - FastCUT |

J

(c) lR Fine-tuning

(d) IR - ModTr (Ours)

(K



4. Conclusion
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Conclusion

e In this work, we present a novel ModTr method for adapting ODs without changing their
parameters.

e ModTr benefits from preserving the full knowledge of the detector, which opens the
possibility of using the translation network as a node to change the modality for an
unaltered detector.
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