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scores vary widely from 67% to 79%, likely due to inconsistent

performance across scenarios. Early fusion is faster, more efficient,

and achieves a higher mAP score and than late fusion; however,

early fusion is insufficiently robust in poor driving conditions as

will be discussed in Section 5.4. EcoFusion with 𝜆𝐸 = 0.01 achieves

higher mAP than all other methods with less energy than late fusion.

With 𝜆𝐸 = 0.05, EcoFusion still outperforms early fusion with less

energy usage. As stated in [14], an AVmust be able to process inputs

at least once every 100 ms (10 frames per second) to ensure safety.

In addition to meeting this latency requirement, EcoFusion also

executes faster than both early and late fusion, which can improve

safety and responsiveness by enabling the AV to process inputs

more frequently. With 𝜆𝐸 = 0.01, EcoFusion achieves a mAP score

5.1% and 9.5% higher than early and late fusion, respectively, with

60% less energy and 58% lower latency than late fusion.

Fusion

Type

Configuration mAP

(%)

Energy

(J)

Latency

(ms)

None

L. Camera (𝐶𝐿) 74.48% 0.945 21.57

R. Camera (𝐶𝑅 ) 79.00% 0.945 21.57

Radar (𝑅) 67.74% 0.954 21.85

Lidar (𝐿) 70.45% 0.954 21.85

Early 𝐶𝐿 +𝐶𝑅 + 𝐿 80.26% 1.379 31.36

Late 𝐶𝐿 +𝐶𝑅 + 𝐿 + 𝑅 77.98% 3.798 84.32

EcoFusion

(Ours)

𝜆𝐸 = 0 82.92% 3.566 81.49

𝜆𝐸 = 0.01 84.32% 1.533 35.14

𝜆𝐸 = 0.05 82.16% 1.110 25.43

Table 1: Energy Consumption and Performance Evaluation

5.3 Gating Method Evaluation

Table 2 shows mAP, loss, and energy results from evaluating our

gating strategies at different 𝜆𝐸 values. With 𝜆𝐸 = 0, the models

tend to pick better-performing branches regardless of their energy

consumption. As 𝜆𝐸 increases, the joint optimization significantly

reduces energy consumption while keeping loss within 𝛾 of the

lowest-loss configuration. Although Knowledge achieves decent

mAP scores, it lacks tunability and thus achieves the same loss

and energy consumption for all 𝜆𝐸 ; the encoded knowledge would

need to be manually updated to adjust the trade-off. Loss-Based

achieves the lowest loss and energy consumption but a lower mAP

than Deep and Attention. This result is likely because loss is not

perfectly correlated with mAP score; mAP primarily scores object

classification over properly aligned bounding boxes, while loss is

measured across both classification and box regression. Overall,

Attention performs slightly better than Deep and offers the best

trade-off of performance and energy.

5.4 Scenario-Specific Evaluation

Figure 5 shows loss and energy results for different driving scenar-

ios in the dataset. We evaluated no fusion (radar-only), early fusion,

late fusion, and EcoFusion with Attention Gating. As shown in

the figure, EcoFusion performs similarly to late fusion in terms

of loss across all scenarios. It is also clear that early fusion per-

forms poorly in the difficult driving conditions present in the Fog

and Snow scenarios. Late fusion is more robust and achieves rela-

tively good performance across scenes; however, late fusion also

𝜆𝐸 Gating Method mAP (%) Avg. Loss Energy (J)

0 Knowledge 82.43% 1.519 2.021

0 Deep 82.68% 0.915 3.556

0 Attention 82.92% 0.915 3.566

0 Loss-Based 82.50% 0.808 1.719

0.01 Knowledge 82.43% 1.519 2.021

0.01 Deep 83.72% 1.124 1.457

0.01 Attention 84.32% 1.089 1.533

0.01 Loss-Based 81.65% 0.809 1.280

0.1 Knowledge 82.43% 1.519 2.021

0.1 Deep 81.98% 1.432 1.008

0.1 Attention 79.72% 1.280 0.960

0.1 Loss-Based 79.70% 0.818 1.044

Table 2: Gating method evaluation.

consumes significantly more energy than all other methods. In

contrast, EcoFusion’s energy efficiency is on-par with early fusion

and is significantly lower than that of late fusion. No fusion was

the most energy-efficient but also had the highest overall loss.

5.5 Discussion

5.5.1 Practicality. Sincewe evaluated our approachwith the industry-

standard Nvidia Drive PX2 autonomous driving platform, it is clear

that our approach can save energy on real-world AV hardware while

meeting real-time latency constraints. Furthermore, by achieving

better object detection performance with lower latency, our ap-

proach improves safety and robustness over existing methods. Our

evaluation on a diverse driving dataset proves that our approach is

robust across scenarios and is thus more practical for real-world

driving. To implement EcoFusion on a real driving system, the de-

signer would first need to train the model on the appropriate dataset

before selecting the best 𝜆𝐸 and 𝛾 for their design requirements.

Then, the model can be compiled for hardware using TensorRT or

a similar library and integrated into the AV stack.

5.5.2 Sensor Clock Gating. More energy could be saved by dis-

abling unused sensors using clock gating. The Navtech CTS350-X

radar uses 24 W [18], the Velodyne HDL-32E lidar uses 12 W [13]

and the ZED camera uses 1.9 W [24], so reducing sensor energy

usage can significantly improve AV efficiency. Temporal model-

ing can enable the context to be estimated across time instead of

for a single input, allowing clock gating for specific periods. In

Table 3, we analyze the benefits of sensor clock gating with our

Knowledge Gating approach in each driving scenario since it uses

external context to inform sensor selection. We also show baseline

results with late fusion across the four sensors. Using the power

consumption 𝑃 and measurement frequency 𝑓 of each sensor 𝑠 ,

we estimate the energy that could be saved by stopping measure-

ments without slowing the motor’s rotation. We cannot completely

power gate the rotating lidar and radar sensors because they have

inertia and require several seconds to get back up to speed from

a stand-still, which can compromise safety. We model the energy

consumption 𝐸𝑠 of each sensor and the total energy consumption

𝐸𝑡𝑜𝑡𝑎𝑙 as follows:

𝐸𝑠 = (𝑃𝑚𝑒𝑎𝑠.
𝑠 + 𝑃𝑚𝑜𝑡𝑜𝑟

𝑠 ) ∗ 1/𝑓𝑠 , 𝑃𝑚𝑒𝑎𝑠.
𝑠 = 𝑃𝑠 − 𝑃𝑚𝑜𝑡𝑜𝑟

𝑠 (10)

𝐸𝑡𝑜𝑡𝑎𝑙 = 𝐸 (𝜙) +
∑︁

𝑠∈𝜙

𝐸𝑠 (11)
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